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Executive Summary 

This deliverable, D4.4: Final report on visual information analysis for context aware and 

nutrition support, presents an in depth description of the work performed in WP4 until M36. 

The methods and prototypes that have already been described in D4.1, D4.2 and D4.3 are 

given also here with small descriptions of 1-2 pages. The novel methods that have not been 

described in any other deliverable are included in this deliverable in detail. Thus, the reader 

may refer to D4.1, D4.2 and D4.3 whenever needed for details on the methods. 

 

This deliverable describes the solutions that AUTH has proposed, developed and evaluated in 

order to address the requirements of the context aware and nutrition support system from M1 

to M36. That is, D4.4 is a general overview of the work in WP4 with details on the novel 

methods developed in the last months until M36. 

 

The objective of WP4 is to develop functionalities for: 

1. The nutrition support subsystem realized by two functionalities namely, “Reminder & 

Encouragement to Eat” and “Reminder & Encouragement to Drink”, where the main 

task of WP4 is to develop the eating and drinking activity recognition functionality. 

2. The context aware subsystem realized by the functionality “Games for Social and 

Cognitive Stimulation”, where the main task of WP4 is to develop the facial 

expression recognition functionality. 

 

To this end the work in WP4 has been focused on the following directions: 

1. To propose, develop and evaluate novel algorithms for eating and drinking activity 

recognition and facial expression recognition. 

2. To update and finilize the context-aware and nutrition support prototype that includes 

the best performing and more robust algorithms developed in the framework of 

MOBISERV. 

3. To update the indoor visual data recordings, their annotation and testing for eating and 

drinking activity recognition and facial expression recognition. 
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Introduction 

This section describes the intended audience, objectives and use of this deliverable. 

 

1.1 Intended Audience  

This document will provide the MOBISERV consortium and the project reviewers with the 

details of the work performed in WP4 during the period from M30 until M36 of the project in 

detail and also to give short descriptions of all the methods developed from M1 to M36 

towards the context aware and nutrition support system development. 

 

1.2 Objectives of this Deliverable 

As stated in the DoW the objective of this deliverable is to describe the work on the context 

aware and nutrition support system and, more specifically, to provide details about the 

developed visual information analysis methods that have been proposed to address the 

eating/drinking activity and the facial expression recognition challenges. D4.4 is 

complementary to D4.1 delivered in M12, D4.2 delivered in M20 and D4.3 delivered in M34 

since it describes both a large part of the research performed from M21 to M36 and the short 

descriptions of all previously reported methods. To this end, overlaping with D4.1, D4.2 and 

D4.3 has been kept to a minimum. Readers might have to refer to D4.1, D4.2 and D4.3 for 

details whenever is needed. A 1-2 pages short description of all the previous works has been 

included in order to make the document self-contained and summarize all the work in WP4. 

The emphasis is on the methods and not on the developed prototypes. The readers that are 

interested for the implementation and integration details are referred to D4.3 that describes 

the final prototype and contains deveopers’ and users’ manuals. 

 

1.3 Extended Summary 

In the framework of MOBISERV, Aristotle University of Thessaloniki (AUTH) is 

responsible for developing new approaches for nutrition support and well-being based on 

computer vision techniques. It is an anthropocentric approach that monitors certain activities 

of the older persons and their behaviour in the smart home environment. These activities are 

related to nutrition and well-being of the older persons and have been focused, after the user 

requirements elicitation and analysis procedure followed in the project, to the eating/drinking 

activity and facial expression recognition. 

The target group for the developed techniques will be older persons that are in the last stages 

of their (semi)independent living period (e.g., people who start to get forgetful or with early 

dementia) trying to prolong their independent living period as much as possible by using 

technological support. Thus, the objectives of the optical recognition unit of the MOBISERV 

platform have been focused to this target group. Two serious problems that the patients with 

early dementia face are underfeeding and dehydration. According to D2.3, the personas that 

mostly fit in the target group of visual information analysis tools developed in WP4 are 

personas 4 (Brenda) and 5 (John) for the nutrition support scenarios and almost all the 

personas for the cognitive games scenario. The MOBISERV nutrition support prototype has 

been designed in order to help the older persons who are forgetful or with early dementia in 

the underfeeding and dehydration problem. To this end, AUTH has focused its research on 

the eating and drinking activity detection and recognition. 
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During the period between M21 and M36, AUTH has been working in three directions. The 

first one was improving the performance of the methods described in D4.1, D4.2 and D4.3, to 

investigate novel solutions for the problems that have been highlighted by the first 

experiments and to evaluate thoroughly the performance of the proposed approaches. These 

novel developments are described in part in D4.3 and more thoroughly in the current 

deliverable D4.4. The second work direction was towards the enrichment of the video 

database for eating/drinking activity recognition that has been described in detail in D4.2 with 

video recordings from older persons performed by the partner ANANZ and the results of this 

effort have been described in D4.3. In this deliverable, D4.4, a short description of the 

databases developed is given. The third work direction was developing the final prototype of 

the context aware and nutrition support system and integrating it to the MOBISERV 

prototype as described in detail in D4.3. In D4.3 the reader can also find users’ and 

developers manuals. In D4.4, the focus is on the description of all the methods developed in 

WP4. To this end, methods that heve been previously described in other deliverables are 

mentioned and discussed shortly in this document, whereas methods that have not included in 

other deliverables are thoroughly described in this deliverable. That is, D4.4 can serve as a 

reference for the research and development work performed in WP4 and the interested reader 

may refer to D4.1, D4.2 and D4.3 for details in specific methods and integration issues. 

Concerning the research on eating/drinking activity, the work has been focused on improving 

the performance of the algorithms described in D4.1, D4.2 and D4.3 in several directions. 

That is, the effort has been focused on improving the performance of the eating/drinking 

activity recognition by optimizing the representative privacy-preserving silhouettes 

(dynemes) in order to have optimal discriminality. Additionally, a variant using sparse 

representations has been investigated giving promising results. Moreover, a very fast 

classifier named Extreme Learning Machine has been incorporated in the framework in order 

to offer speed and scalability of the developed methods. 

Concerning the well-being monitoring system, the effort has been focused on improving the 

facial expression recognition method that has been integrated to the PRU. Research has been 

focused on improving the framework that is able to use images of increased resolution that are 

able to capture the visual information of the facial expressions. Improvements in terms of 

nonlinear dimensionality reduction combined with maximum margin classification as well as 

variations for multi-class and class-specific classifiers have been proposed.  

 

1.4 Structure of the Deliverable 

The document comprises of three parts. The first part (Sections 2-6) describes the research 

efforts and results obtained from M21 until M36 under WP4. The second part (Sections 7-8) 

describes shortly the developed prototypes. Finally, the third part (Appendix) contains all 

research articles prepared as a result of the research conducted under WP4 for the reporting 

period and have been submitted or already accepted for publication.  

In more detail, the document is structured as follows. A brief introduction to the updates of 

the functional and technical specifications of the context aware and nutrition support system 

is given in Section 2, highlighting the components related to the WP4 objectives.  

An update of the state-of-the-art methods from M21-M36 as well as a general overview that 

concern nutrition support and more specifically eating/drinking activity recognition as well as 

a description of the new available datasets for performing experiments and evaluating the 

corresponding methods is given in Section 3.1. Similarly, the updated state-of-the-art as well 

as a general overview and description of the new available facial expression recognition 

databases are given in Section 3.2. 
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The databases created in the framework of MOBISERV by AUTH and ANANZ during the 

second and third year of the project are described in Section 4. 

Updates on novel algorithms and experimental results on eating/drinking activity recognition 

are described in Section 5. In this Section a short description for every method developed in 

the framework of MOBISERV is given. The methods that are not included in any other 

deliverable are described in detail.  

The work performed on facial expression recognition is described in Section 6. Once again, 

all the methods developed in the framework of MOBISERV are described either briefly or in 

detail if they have not been included in any other deliverable.  

The corresponding papers that are not included in any other deliverable are given in 

Appendix A. 

The nutrition support prototype is presented briefly in Section 7. For detailed descriptions the 

interested reader is referred to D4.3. In a similar way, the final facial expression recognition 

prototype is presented briefly in Section 8. The interested reader may refer to D4.3 for details. 

For the Programmers’ and Users’ manuals the interested reader is referred to D4.3. 

The list of produced accepted publications of WP4 that are not included in any other 

deliverables is given in Section 9 and the complete articles either published or submitted are 

included in Appendix A. In total 14 articles are included in the Appendix of this deliverable. 
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2 Specifications 

In this Section the Use case scenario and updated flowcharts are given for briefly introducing 

the reader to the specific objectives of WP4. The interested reader may refer to D3.2 and 

D4.3 for detailed specifications. 

2.1 Use case scenario 

The target group for the developed techniques will be older persons that are in the last stages 

of their (semi) independent living period (e.g., people who are forgetful or with early 

dementia) trying to prolong their independent living period. Thus, the objectives of the 

optical recognition unit of the MOBISERV platform focus on this target group. Two serious 

problems that the patients with early dementia face are underfeeding and dehydration. This is 

due to several reasons such as nerve deterioration, loss of sense of smell, apraxia (loss of the 

ability or will to execute or carry out learned purposeful movements), agnosia (loss of ability 

to recognize objects, persons, sounds, shapes, or smells), etc. According to D2.3 the personas 

that mostly fit in the target group of visual information analysis tools developed in WP4 are 

personas 4 (Brenda) and 5 (John) for nutrition support and almost all the personas regarding 

the cognitive games. 

The MOBISERV nutrition support system is being developed in order to help the older 

persons with early dementia in the underfeeding and dehydration problem. To this end, 

research has focused on the eating and drinking activity detection and recognition. 

The nutrition support subsystem will have the following functionalities: 

 Person appearance detection sitting on a chair in front of the eating table, in order to 

start monitoring. 

 Face detection and/or hand detection. 

 Start of eating/drinking activity detection/recognition. 

 End of eating/drinking activity detection/recognition in order to measure the duration 

of the eating/drinking activity. 

 Discrimination between eating/drinking and not eating/drinking (e.g., reading) 

activity. 

 Analysis of the eating/drinking activity during the day. 

If the central monitoring system detects that the older person has not eaten/drank anything in 

specific time intervals (i.e., around lunch time), the robotic unit may be instructed to prompt 

stimuli that will remind or even encourage the older person to eat and/or to drink something. 

The expression recognition system will be combined with other activites such as game 

playing or any other interaction of the robot with the older person. The facial expression 

recognition system will be used in order to monitor the response of the older person and 

modify accordingly its behavior by proposing to the older person activitites that can make 

him happier for example. That is, the same module can be used in all kind of interaction 

between the robot and the older person in order to give much better companionable 

functionalities to the robot. The expression analysis tool should have the ability to: 

 Detect a face in the camera video stream. 

 Recognize if it is frontal or not. 

 Recognize the facial expression. 

 Classify the recognized expression to predefined classes. 
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2.2 Updated Scenario Flowcharts 

The updated simplified flowcharts as well as sample messages to the older person as provided 

by the partners SMH, Ananz and UWE are given below. 

2.2.1 Encouragement to drink – dehydration prevention 

Old New 
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2.2.2 Encouragement to eat – nutrition coach 

Old New 
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2.2.3 Facial Expression Recognition 

Based on passive monitoring of emotions whenever the user is engaged in interaction in front 

of the robot, actions can be taken. If over a certain period of time, the user seems less happy 

than normal, the robot gives a suggestion and it sends out an e-mail to the primary carer, to 

give the user a call or pay a visit. 

 

 
 

A suggestion will be given when for a certain time, the user is less happy: 
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3 State of The Art 

3.1 Nutrition support 

In this section we describe state-of-the-art methods on activity recognition and 

eating/drinking activity recognition that have been proposed in the last years. Moreover, 

publicly available data sets that aim at the evaluation of activity recognition methods are 

briefly described. 

 

3.1.1 Activity recognition 

Human activity recognition is an active research field due to its importance in several 

applications, like intelligent visual surveillance, 3D scene/actor reconstruction for digital 

cinema movies, interactive games, content-based video compression and retrieval and 

security systems. The term ‘activity’, usually, is confused with the terms ‘action’ and 

‘movement’, due to the fact that there is not a formal description of activities. This is why, 

several taxonomies for human motion patterns exist. A widely adopted approach, describe 

actions, as well as movements, as basic human motion patterns, like a walking step for 

example. Activities are consisted by a number of actions/movements. For example, the 

activity ‘playing football’ consists of actions ‘run’, ‘kick’, ‘jump’, etc. Due to the high 

complexity of activities, most methods in the literature deal with the action recognition task, 

i.e., the classification of elementary human motion patterns (actions/movements) in classes 

specified by an action class set. 

Action recognition is not a trivial task. It is well recognized that the human body, when 

observed by an arbitrary view angle during action execution, can be considered to be a high 

level deformable object. Thus, it is probable that action instances belonging to different 

action classes are more similar to each other, than with action instances belonging to the same 

action classes observed by a different view angle. This is the so-called viewing angle effect. 

In addition, different human body proportions among individuals, as well as action execution 

style variations between different action realizations affect the performance of action 

recognition methods.  

In order to recognize actions, two approaches have been proposed. Sensor-based action 

recognition methods exploit information obtained by multiple body-warn sensors, like 

accelerometers and gyroscopes [1]- [3], or location sensors, like GPS sensors, 

phototransistors, and barometric pressure sensors [4]. Signals obtained by such sensors are 

vulnerable to noise and, thus, these methods employ statistical models in order to increase 

their robustness. The main advantage of these methods is the fact that the human body 

location of the person under consideration is easily determined and that motion information 

for the specific action recognition task is directly obtained by the corresponding sensors. For 

example, one can observe the acceleration of the person’s hand during the execution of action 

‘wave one hand’. However, such methods perform invasive action recognition. That is, the 

person under consideration should co-operate and wear specialized to the task equipment. 

Vision-based action recognition methods exploit the visual information obtained by one or 

more video cameras. The location of the person under consideration is obtained by applying 

human body detection and tracking techniques. Visual action recognition is vulnerable to 

environmental conditions, like poor lighting conditions and occlusion. However, their main 

advantage over sensor-based methods is that they are not obtrusive to the person under 

consideration, rendering them ideal for patient monitoring. In the following we describe 
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action recognition methods that have been recently proposed in the literature. More 

information about vision-based action recognition can be found in [5] - [8]. 

In [9] the image locations denoting the human body during action execution are used in order 

to recognize actions. The authors propose two action representations, the so-called Motion 

Energy Image (MEI) and Motion History Image (MHI). MEI is a binary image depicting the 

image locations of the human body in white and the remaining image locations in black. MHI 

is a grayscale image, relative to the MEI, in which pixels’ intensity is a function of recency of 

motion. That is, the intensity of image pixels belonging to the human body in previous time 

instances is smaller than the corresponding intensity values of the pixels belonging to the 

human body locations at the final time instance. These two images are represented as 

matrices, which are vectorized. By concatenating the two obtained vectors, an action 

descriptor is obtained and an unknown action is classified using a Nearest Neighbor (NN) 

procedure based on the Mahalanobis distance. Human body shape is described by a shape 

feature in [10]. Shape features corresponding to different human body postures are clustered 

in Dominant Sets and classification is achieved in a NN framework. A NN framework is also 

used in [11] where Locality Preserving Projections (LPP) are used for dimensionality 

reduction of features describing human body silhouettes. In this space, an incoming image 

sequence depicting an unknown action assigned the label of the nearest training sample 

which provides the minimum median Hausdorff distance or the maximum normalized 

spatiotemporal correlation. A method employing an action representation based on Fuzzy 

Vector Quantization (FVQ) is presented in [12]. Human body postures are clustered in basic 

human body postures, the dynemes, using a Fuzzy C-Means (FCM) algorithm. Actions are 

represented by the mean fuzzy distance vector between the human body postures and all the 

dynemes. A discriminant action representation in an optimal reduced dimensionality feature 

pace is obtained by applying Linear Discriminant Analysis (LDA) and an unknown action is 

classified to the action class of the Nearest Centroid (NC) using either the minimum 

Mahalanobis distance or the maximal cosine similarity. 

In [13], actions are described as sequences of human body postures. 3D shapes obtained by 

concatenating with respect to time the human body postures are created for action 

representation. Space-time features, such as local space-time saliency, action dynamics, shape 

structure and orientation, are calculated and used for shape representation and classification. 

A new-unknown action is classified using the NN classification scheme. Human body 

contour point correspondences between consecutive human body postures are used in [14] in 

order to create the so-called Spatio-Temporal Volumes (STVs). Local volume surfaces are 

described by analyzing the differential geometry and a view-invariant descriptor, the so-

called action sketch, is obtained. An unknown action is classified comparing its action sketch 

with the known action sketches produced by the training data.  

Motion History Volumes (MHVs) are introduced in [15], as an extension of MEIs. The 

proposed action recognition method employs a multi-camera setup in order to obtain the 

needed visual information. By capturing the human body from multiple views, enriched 

visual information is obtained, leading to view-independent human action recognition. 3D 

volumes containing the voxels occupied by the human body during action execution are 

created. In order to properly address the viewing angle effect, the authors exploit the circular 

invariance property of the Discrete Fourier Transform (DFT) coefficients. Principal 

Component Analysis (PCA) is used for dimensionality reduction and LDA is used in order to 

further reduce the dimensionality of the adopted action representation and increase action 

discrimination. In the resulted reduced dimensionality feature space, a new-unknown action 

is classified using a NC classification scheme.  

In [16], [17] motion vectors are extracted, using tracking information, to describe successive 

human body postures. Hidden Markov Models (HMMs) are used to describe the relationship 
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between successive human body poses and provide the likelihood of observing a specific 

action, assuming independence between the observed postures. An action representation 

aiming at overcoming the inconsistency of the above described action representations in the 

case of local human body occlusion is proposed in [18].  This representation describes actions 

as image patches corresponding to different shape, motion and occlusion states of the main 

body parts, the movelets. Movelets consisting different actions are employed in order to train 

HMMs, which in the testing phase denote the most likely action class for a given test action 

instance. A method utilizing a multi-camera setup is proposed in [19]. Motion flow features 

are extracted by applying Combined Local Global (CLG) optical flow, while invariant 

moments with flow deviation are used to describe the global shape flow. Multidimensional 

HMMs (MHHMs) are, subsequently, trained in order to classify an unknown incoming test 

action instance. A variant of HMMs, the Conditional Random Fields (CRFs), are used in [20] 

in order to overcome the independency assumption of the observed states. 

A 3D model of the human body is obtained by using a stereo camera in [21]. The relationship 

between human body poses is described by estimating the joint angles and are used as input 

to a Hidden Markov Model (HMM). Action detection and recognition in outdoor 

environment from various viewpoints is studied in [22]. A video frame segmentation 

technique exploiting motion information is performed in order to detect the video frame 

locations corresponding to actions and the optical flow is computed. Optical flow is used as 

directional motion descriptor to construct the directional MHI. A motion database is created 

to store the motion descriptors of the training videos. In [23] an action recognition employing 

a multi-camera setup is presented. Action recognition is performed on each camera of a 

distributed camera network, and the final decision is taken through a consensus algorithm, 

which is based on the transition probabilities among actions. Fusion information obtained 

from multiple cameras is also exploited in [24]. The scene is modeled through Gaussian 

mixtures. The raw data are represented by holistic features at the pixel level, reducing the 

computational complexity and achieving almost real-time activity recognition. HMMs are 

employed to model the holistic features. Finally, the extracted information from each camera 

is combined to a multistream-fused HMM. In [25] a mined hierarchical compound feature 

based action representation is employed. These features consist of an overcomplete set of 2D 

spatio-temporal corners for various orientations and scales. These corners are grouped in 

neighborhoods in the spatiotemporal space called transactions, and they are stored in a 

database. The most frequent transactions are extracted, becoming the structural elements 

which form new transactions. The final state of this iterative process denotes the class feature 

model. The problem of recognition of group activities is studied in [26]. The framework 

employs an asynchronous HMM to model the relationship between the people which take 

part in the activity. People are clustered through a Speed-Representative-Centered (SRC) 

algorithm. In [27] the shape of actions is represented by a spatiotemporal model based on the 

localization of a set of features which combine optical flow and spatial gradient information. 

A probabilistic voting scheme based on class-specific codebooks of feature sets determines 

the location of the activity. 

An action recognition method that exploits visual optical flow and a collection of local 

“parts”, i.e., video frames of interest for action description is proposed [28]. Hidden 

Conditional Random Fields (HCRF) are proposed for action recognition. HCRFs are inspired 

by previous work in visual object recognition. A cross-domain human action recognition 

method is proposed in [29]. The proposed framework assumes that the training data that are 

available for one action recognition task, the so-called target domain, i.e., the action videos 

used for training, are limited. The main idea is to exploit information appearing in another 

domain, the so-called auxiliary domain, in order to help the trained classifier and increase its 

action classification performance. Actions are described by employing the Bag of Words 
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(BoW) action representation. Action classification is performed by using a Lattent Dirichlet 

Allocation (LDA) based classification scheme. A new transfer learning method, the so-called 

Transfer Topic Model (TTM), is proposed in order to incorporate the available information in 

the auxiliary domain in the LDA-based classification scheme. In the proposed method, 

actions are assumed to be mixtures of elementary movements, i.e., topics. The TTM uses the 

learned topics from the auxiliary domain to regularize the topic learning in the target domain. 

In the cases where the training videos in the target domain are insufficient for training, the 

proposed regularization helps to improve the generalization ability of the learned topics. A 

bio-inspired human action recognition method is proposed in [30]. Following experimental 

studies in neuroscience denoting that the temporal slowness principle is a general learning 

principle in human visual perception, the authors propose Slow Feature Analysis (SFA) for 

human action recognition modeling. Actions are described by extracting SFA features on 

cuboids which are obtained by random sampling in motion boundaries. The squared first 

order temporal derivatives of these features are accumulated into a feature vector, the so-

called Accumulated Squared Derivative (ASD) feature. Action classification is, finally, 

performed by using a linear Support Vector Machine (SVM). A co-training algorithm for 

human action recognition is proposed in [31] in order to overcome the view-dependency of 

human action recognition methods in the view angle that the actions are observed from. The 

authors propose two new confidence measures, namely, inter-view confidence and intra-view 

confidence, which are incorporated into a semi-supervised learning process. Mutual 

information is employed in order to quantify the inter-view uncertainty and measure the 

independence among respective views. Data inconsistency of labeled and unlabeled data 

coming from each view is employed in order to estimate intra-view confidence. The proposed 

classification scheme aims to maximize the inter-view confidence and intra-view confidence 

and incorporate unlabeled videos into the labeled video set. An action recognition method 

that exploits information captured by multiple cameras is proposed in [32]. Actions are 

described by using 4D (3D space plus time) space-time interest points (STIPs) and local 

description of 3D motion features. The STIPs are detected in multi-view images and extended 

to 4D by using 3D reconstructions of the human body and pixel-to-vertex correspondences to 

multi-camera setup. Histograms of 3D optical flow (HOF3D) are calculated and divided by 

using 3D spatial pyramids in order to better describe the motion types and discriminate 

between arm- and leg-based actions. BoW based action representation of such features is 

combined with agglomerative information bottleneck (AIB) and SVM for human action 

classification.   

 

 

3.1.2 Eating/Drinking activity recognition 

Similarly to the general activity recognition task, eating and drinking activity recognition has 

been approached by exploiting either sensor-based or visual information. In [33] a method 

aiming at automatically detecting chewing events in videos is presented. An Active 

Appearance Model (AAM) is used in order to track a person’s face between successive video 

frames AAM is a statistical representation of the tracked object’s shape and texture 

variability. Variations in the AAM parameters across chewing events demonstrate a distinct 

periodicity. This fact is exploited in order to detect chewing events and distinguish them by 

other, similar, behaviors, such as talking. The classification is based on a fairly high-

resolution power spectrum. Since the classification of high-dimensional feature vectors is 

demanding, an efficient regularized locality preserving indexing method is used to reduce the 

dimensionality of the power spectra via spectral regression. The low-dimensional 

representations of the power spectra are, finally, employed to train a binary Support Vector 
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Machine (SVM) classifier to detect chewing events. A similar task is addressed in [34]. A 

two-stage scheme aiming to automatically detect smoking events in a videos is presented. At 

the first stage, a color-based ratio histogram analysis is introduced to extract the visual clues 

from appearance interactions between lighted cigarette and its human holder. The Gaussian 

Mixture Models (GMMs) technique is used to track over the background pixels. Finally, 

Markov Models are used for classification. The above described method has been, also, used 

to analyze other human-centric events like drinking and eating. A human activity indexing 

method based on HMMs is proposed in [35]. Wearable cameras are used in order to acquire 

data by monitoring patients with dementia diseases. New spatio-temporal features, color 

features and localization features are proposed for action representation. The activity classes 

annotated in the videos are: “moving in home office”, “moving in kitchen”, “going up/down 

the stairs”, “moving outdoors”, “moving in the living room”, “making coffee”, “working on 

computer”.   

A method that employs various sensors and Dynamic Bayesian Network (DBN) is presented 

in [36].  The DBN model has been chosen in order to reduce the complexity of determining 

potential states utilizing a hierarchical dependency between variables in both space and time. 

For the detection of the time instance when a person is eating or drinking, an accelerometer 

attached to a person’s wrist and a short-range Radio-Frequency Identification (RFID) reader 

installed under the table surface are employed. Consequently, three distinct states were 

considered: person is Present, person is Eating, person is Drinking.  An extension of the 

conceptual framework in [36] for integration of plan and activity recognition [37], and 

erroneous-plan recognition in a meal-time scenario using both Deterministic Finite-State 

Automata and Naive Bayes classifiers [38] is presented in [39]. A system for automated 

recognition of Activities of Daily Living to assist people with dementia is described. Aiming 

to extend independent living of mild dementia patients living alone at home, ambient 

intelligence is exploited using sensitive and responsive to the people activities sensors (in 

dining and/or pantry areas). An Erroneous-Plan Recognition (EPR) system was developed to 

handle the wide spectrum of micro contexts from multiple sensing modalities. Two new key 

components were proposed to improve the accuracy of the ERP system, i.e., the smart home 

environment is modeled by a Markov Decision Process (MDP) and reinforcement learning 

concept of probability and reward, specifically the Q-learning algorithm. The first step is 

used in order to filter erroneous reading of the sensing modalities, while the second is used to 

infer erroneous readings that are not filtered by the first key component. 

A two-stage recognition system for detecting arm gestures related to human meal intake 

(eating and drinking gestures) is presented in [40]. Data acquired by a sensor in a continuous 

way are segmented and, subsequently, identification of relevant gestures is performed for the 

resulted segments. Inertial sensors attached on the wrist and upper arm were used. Another 

system for sensor-based ADLs recognizing is presented in [41]. The adopted sensors are 

cameras and microphones. The applied sensors are designed to be “tape on and forget” 

devices that can be quickly and ubiquitously installed in home environments with actual 

occupants. In [42] various on-body sensors that can gather vital information about an 

individual’s food intake are described. Such data can both help weight-loss professionals 

personalize dietary programs for clients and inform nutrition research on eating behaviors. 

The on-body sensing solutions for Automatic Dietary Monitoring (ADM) are: intake 

gestures, chewing, swallowing, gastric activity, thermal effect, body weight, cardiac 

responses and body composition. 

A method aiming at automatically classify different ADLs, like hygiene, toilet use, eating, 

resting, sleeping, communication and dressing/undressing, performed by older persons at 

home during the day in order to detect a loss of autonomy as early as possible, is presented in 

[43]. A Health Smart Home that includes infrared presence sensors (for location verification), 
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door contacts (to control the use of some facilities), temperature and hygrometry sensor in the 

bathroom, microphones (for sound classification and speech recognition) and a wearable 

kinematic sensor that informs postural transitions (using pattern recognition techniques) and 

walk periods (using frequency analysis techniques) is used. Data collected from the various 

sensors are used to classify each temporal instance into one of the ADLs using SVMs. 

Another approach to monitor dietary activities from body-worn sensors is presented in [44]. 

Three sensing domains, which are directly linked to the sequence of dietary activities, were 

analyzed: intake (arm) movements, chewing and swallowing. The method uses a sensitive 

activity event search followed by a selective refinement of the detection results using 

different information fusion schemes.  

The context of natural dynamics scenes is exploited for human action recognition in video in 

[45]. Actions are described as bags-of-features and action classification is performed in a 

combined scene-action framework using an SVM classifier. A human activity recognition in 

a realistic setting involving eleven morning activities (including meal preparation ones) is 

presented in [46]. The method acquires data by monitoring interactions of persons wearing a 

RFID glove and a series of Radio Frequency Identification (RFID) tagged objects. Activity 

recognition is performed based on three baseline probabilistic frameworks using one-state 

HMMs and a DBN model. The recognition of repetitive sequential human activities that 

impose strong spatio-temporal similarity is addressed in [47]. The proposed method combines 

primitive detectors with a spatio-temporal model for sequential event changes detection. The 

recognition process is formulated as an optimization problem with temporal and spatial 

constraints and is solved by a modified version of the Viterbi algorithm determining the 

optimal primitive events sequence. An activity recognition method based on detections and 

analysis of the sequence of objects that are manipulated by a user is presented in [48]. A 

DBN model combining RFID and video data to jointly infer the most likely activity and 

object labels is presented. A Bayesian approach integrating various perceptual tasks involved 

in understanding human-object interactions is, also, presented in [49]. This approach applies 

spatial and functional constraints on each of the perceptual elements for coherent semantic 

interpretation to recognize objects and actions from videos and static images. 

An action recognition method based on space-time locally adaptive regression kernels and the 

matrix cosine similarity measure is presented in [50]. Space-time descriptors calculated on a 

query video are employed in order to find similar matches. The adopted descriptors measure 

the similarity of a voxel to its surroundings.  

A method aiming at discriminating drinking and from non-drinking activities in fast food 

restaurants is presented in [51] A Bayesian model is employed to compute the saliency map 

of the video containing both spatial and temporal information. The variance of the saliency 

map is used in order to determine the Eating and Drinking Object of Interest (EDoI). The 

extracted EDoI is, then, used to train a Conditional Random Field (CRF), a Hidden-state 

Conditional Random Field (HCRF), and a Latent-Dynamic Conditional Random Field 

(LDCRF) generative model. The method presented in [52] employs a probabilistic system 

dealing with the recognition of general actions related to eating and drinking activities, like 

open/close fridge door, turn on/off microwave oven, cook frozen food/pasta, open/close cold 

tap, etc. Action recognition is performed by detecting the changes in the environment’s state. 

Once the sequence of actions is extracted, the system determines the activity that took place 

based on probabilistic theory and description logic. Following a similar pattern, general 

ADLs recognition scheme, including eating detections, is presented in [53].  

A method aiming at automatic drinking detection is proposed in [54]. Drinking sequences, 

i.e. lifting a container to the mouth and taking a sip, are spotted in a continuous video. A 

method exploiting information captured by inertial sensors is proposed in [55]. The human 

arm movement is described by a kinematic model in a 3D space based on Euler angles. 
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Extended Kalman filter (EKF) is applied to extract features from the eating and drinking 

actions in three dimensional space in real time. Classification is performed by adopting a 

Hierarchical Temporal Memory (HTM) network. A method aiming at automatic detection of 

eating activities is proposed in [56]. The method uses multiple sensors in order to obtain the 

needed data, detects activity primitives and stores them for future use. It employs a dynamic 

Bayesian network based approach to reduce the complexity of the determining instances. 

 

 

 

3.1.3 Databases 

In this section we briefly describe publicly available databases that are employed in order to 

evaluate methods related to eating and drinking activity recognition.  

 

3.1.3.1 PFID 

The Pittsburgh fast-food image dataset (PFID database) [57] has been created for evaluation 

of methods aiming at automated food recognition. It includes 4,545 still images, 606 stereo 

pairs, 303 360
o
 videos for structure from motion and 27 privacy-preserving videos of eating 

events of volunteers. The data was collected by obtaining three instances of 101 foods from 

11 popular fast food chains and capturing images and videos in both restaurant conditions and 

a controlled lab setting. Example images are illustrated in Figure 1. 

 

 
Figure 1: Samples of PFID fast-food database 

 

3.1.3.2 Multi Context Chewing Data Set 

The Multi Context Chewing Data Set [58] consists of seven videos (captured at 24 fps) of 

persons performing chewing and non-chewing actions (Data Set 2). Each video is contains 

five action segments, i.e., closed-mouth chewing, open-mouth chewing, an assortment of 

facial expressions, talking and still face. Most persons in the database maintain a frontal face. 

 

3.1.3.3 HOLLYWOOD2 



D4.4: Final visual information analysis and ontologies for indoor context aware and nutrition support  26/105 

The Hollywood2 data set is a Human Actions and Scenes Dataset with 12 classes of human 

actions and 10 classes of scenes. It contains over 3669 videos (20.1 hours of video in total). 

This dataset aims to provide comprehensive benchmark for human action recognition in 

realistic and challenging settings. The dataset has been created from video clips appearing in 

69 movies, including actions like answer phone, drive car, eat, fight person, handshake, sit 

down, sit up, stand up, and scenes took place in the house, on the road, in a car, in the kitchen 

etc. Example video frames are illustrated in Figure 2. 

 

 
 

Figure 2: Sample frames for action video clips from HOLLYWOOD2 dataset: (a) eating – 

dining room, (b) eating – outside, (c) running – outside.  

 

3.1.3.4 ViHASi 

The Virtual Human Action Silhouette Dataset (ViHASi) [59] has been created for the 

evaluation of action recognition methods using silhouette-based action representations. It 

contains synthetic videos of 20 action classes performed by 9 virtual actors and captured from 

40 synchronized views. The 9 virtual actors are depicted in Figure 3a. Example instances of 

the 20 actions appearing in the database are shown in Figure 3b. The data were created with 

the MotionBuilder software. The video resolution is 640X480 pixels. The motion and 

duration in each action class is identical for all virtual actors. The cameras are located around 

two circles, each circle containing 20 cameras with an angle step of 18 degrees. The cameras 

in the first and second circle have a slant angle of 27 degrees and 45 degrees respectively, 

while the rotation angle of all cameras around their optical center is zero. The database is 

available for downloading from the Digital Imaging Research Centre of Kingston University 

London.  
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         a                          b 

Figure 3: a) The virtual actors of ViHASi dataset. b) Sample instances of the action classes in 

ViHASi dataset. 

 

3.1.3.5 MuHAVi 

The Multicamera Human Action Video Data (MuHAVi) dataset [60] contains videos 

depicting 14 actors performing actions belonging to 17 action classes. In each video, an actor 

performs multiple instances of an action. Eight unsynchronized CCTV Schwan cameras, 

located at 4 sides and 4 corners of a rectangular platform, were used. Binary sequences 

containing the human body silhouettes are, also, provided for the evaluation of silhouette-

based action recognition algorithms. Example video frames and silhouette images are 

illustrated in Figure 4 and Figure 5, respectively. The database is available for downloading 

from the Digital Imaging Research Centre of Kingston University London.  

 

 

 
Figure 4: Sample video frames from the MuHAVi dataset. 

 

 
Figure 5: Sample images of annotated silhouettes from the MuHAVi dataset. 

 

 

3.1.3.6 The UT-Tower dataset 
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The UT-Tower dataset [61] was used in the Aerial View Activity Classification Challenge for 

action recognition in low quality videos. It consists of 108 low-resolution videos of 6 persons 

performing 9 different actions. Example video frames are shown in Figure 6. Each person 

performs twelve instances of each action. The videos resolution is equal to 360X240 pixels 

and the frame rate equal to 10fps. The average height of each human in the videos is 20 

pixels. Also, the videos have jitter, blurry visual cues, and shadows, which disheartens the 

action recognition algorithms. ‘Pointing’, ‘standing’, ‘digging’ and ‘walking’ actions were 

captured in a scene with concrete square background, while ‘carrying’, ‘running’, ‘wave with 

one hand’, ‘wave with two hands’, and ‘jumping’ actions were captured in a lawn 

background. The dataset is publicly available at 

http://cvrc.ece.utexas.edu/SDHA2010/Aerial_View_Activity.html. 

 

 
Figure 6: Action classes in the UT-Tower database. 

 

 

3.1.3.7 Kitchen Scene Context based Gesture Recognition Contest 

The Kitchen Scene Context based Gesture Recognition Contest has been organized in the 

context of International Conference of Pattern Recognition (ICPR 2012). It aims to recognize 

cooking motions. Several cooking videos with ground truth are provided to the contestants 

for the training and testing of their systems. The task is to assign a cooking motion label into 

each video frame. The dataset contains the color image sequences and the depth image 

sequences captured by the Kinect sensor.  

 

 
Figure 7: Sample color and depth images of the Kitchen Scene Context based Gesture 

Recognition contest 

   

 

3.1.3.8 Human activities recognition and localization competition 

The human activities recognition and localization competition has been organized in the 

context of International Conference of Pattern Recognition (ICPR 2012). Its goal is the 

recognition of complex human activities. The proposed tasks focus on complex human 

http://cvrc.ece.utexas.edu/SDHA2010/Aerial_View_Activity.html
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behavior involving several people in the video at the same time, on actions involving several 

interacting people and on human-object interactions. The goal is not only to classify 

activities, but also to detect and to localize them. The dataset is short with two different 

cameras: a moving camera mounted on a mobile robot capturing grayscale videos in VGA 

resolution and depth images from a depth camera (MS Kinect), and a camcorder capturing 

color videos in DVD resolution. The database consists of 10 classes. Each class can be a 

normal activity, a human-human interaction or a human-object interaction, or a combination 

of the latter two types: 

 

 
Table 1: Action classes appearing in the human activities recognition and localization 

competition 

 

 

 
Figure 8: Sample depth and grayscale images of the human activities recognition and 

localization competition 

 

 

3.1.3.9 The Activities of Daily Living Dataset 

The Activities of Daily Living (ADL) dataset has been collected using a GoPro camera 

designed for wearable capture of athletes during sporting events. The camera captures high 

definition quality video (1280x960 pixels) in the rate of 30 frames per second and with 170 

degrees of viewing angle. 20 people were asked to perform 18 actions of daily activities by 

wearing the camera in front of their chest in their own apartment. The actions included in the 

dataset are shown in Table 2. The dataset contains more than 10 hours of first person video 

footage, with more than a million frames. Coarse action and object annotations (per second, 

i.e., every 30 frames) are provided in the database.   
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Table 2: Action classes appearing in the Activities of Daily Living dataset 

 

 

 
Figure 9: Sample video frames of the ADL data set 
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3.1.3.10 The GTEA Gaze Dataset 

The Georgia Tech’s AwareHome (GTEA) dataset has been collected by using Tobii eye-

tracking glasses. The Tobii system has an outward-facing camera that records at 30 fps rate 

and 480x640 pixel resolution. The glasses use and infrared inward-facing gaze sensing 

camera to output the 2D location of the eye gaze in each frame of the video. The dataset 

consists of 17 sequences, performed by 14 different persons. A table has been stuffed with 

various kinds of food, dishes and snacks. Each person has been asked to wear the Tobii 

glasses and make whatever food they feel like having. The beginning and the ending of the 

actions have been annotated.  

 
Figure 10: Sample video frame of the GTEA Gaze dataset 

 

3.1.3.11 The GTEA+ Gaze Dataset 

The GTEA+ dataset is an extension of the GTEA dataset. The video quality in this dataset is 

HD (1280x960 pixels), tasks are more organized, activities are preformed in a natural setting 

and the number of tasks and the number of objects used in each task are significantly bigger. 

The SMI eye-tracking glasses have been used to record this dataset. 10 persons have been 

asked to perform a set of 7 mean preparation activities. Activities are performed based on the 

food recipes: American Breakfast, Turkey Sandwich, Cheese Burger, Greek Salad, Pizza, 

Pasta Salad and Afternoon Snack. Activity (sequence) duration is between 10-15 minutes. 

The beginning and ending of each action have been annotated.  

 

 
Figure 11: Sample video frame of the GTEA+ Gaze dataset 
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3.2 Well-being monitoring  

 

3.2.1 Facial Expression Recognition 

Facial expression is an important source of information able to convey human emotional state 

and intension. The ability to recognize facial expressions in an automatic manner could bring 

facial expressions into man-machine interaction as a new modality and make the interaction 

tighter and more efficient. Automating facial expression recognition in video sequences and 

still images is an active research topic with applications spanning but not limited in human-

centered interfaces, ambient intelligence, behavior analysis etc. In his pioneering work 

Ekman, based on an anthropological investigation first established a set of universally 

recognized facial expressions [89] that significantly boosted research in the field and until 

today, is used in the developed facial expression protocols including recognition algorithms 

and acquisition of appropriate evaluation data. The Ekman’s standardized set involves, six 

main facial expressions namely anger, surprise, happiness, disgust, fear and sadness, which 

usually along with the neutral emotional state are considered by the current facial expression 

recognition algorithms. 

Unfortunately, Ekman’s description of the six basic facial expressions is ambiguous and, 

thus, a precise description of these emotions manifestation doesn’t exist. Thus, facial 

expression classifiers should be able to recognize emotions based on diverse facial 

expressions and also to discriminate mixed emotions (like that of concurrent happiness and 

surprise) and categorize them in multiple classes. It should be noted that, even human 

mechanisms for facial expression recognition are not robust, as it is often difficult for humans 

to understand another person’s expression. As it is stated in [90], a trained observer can 

identify the six basic emotions with 87% accuracy. It is presumed that this percentage is 

lower for untrained observers. 

Most of the proposed facial expressions recognition algorithms try to map an expression to 

one of the seven abovementioned expression classes. Very few works have been reported so 

far dealing with other more complex emotional states such as fatigue, thinking, unsure and 

others. This is mainly due to the fact that the seven basic emotions are more frequent (i.e. 

more present) in everyday life and also due to the lack of appropriate datasets for other 

emotional states recognition. Basically, most of the published facial expression databases 

[91]-[95] are focused in providing evaluation data for this established set of facial expression 

classes.   

Based on the input data type used, facial expression recognition algorithms can be roughly 

classified in two main categories: image-based and model-based ones. Each approach has its 

own merits. For instance, image-based algorithms are faster, as no complex image 

preprocessing steps are usually involved. On the other hand, model-based approaches employ 

a 2D or 3D face model, whose fitting on the facial image implies significant computational 

cost. However, despite being computationally demanding, model-based approaches are 

popular, since they capture essential geometrical information during facial expression 

formation [96]. In the next paragraphs we shall review some of the most important 

contributions of these two main categories of facial expression recognition algorithms.  

 

3.2.1.1 Image-Based Facial Expression Recognition 

In image based facial expression recognition facial image texture information is exploited in 

order to decide on the displayed facial expression. An abundant work on this domain is 

available ranging from simple color histograms to more complicated image-based features 

such as Gabor wavelets [97]-[99] and use of sequence of facial images. The key facial areas 
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that are investigated by these systems are the eyebrows, the lips, the nose and the chin [100] 

since these are all involved in expression formation.  In this kind of approaches face 

detection/tracking is usually applied in order to locate the faces in a video and therefore 

feature extraction tasks is used to create a feature vector able to capture the essential 

information needed for facial expression recognition. Although, state-of-the-art algorithms 

are proposed for the intermediate phase of face detection/tracking it is still impossible to 

obtain decent results for the final phase of facial expression recognition in a real environment 

due to illumination changes as well as due to facial pose variations. Thus, most of the facial 

expression recognition algorithms are limited in frontal or near frontal facial expression 

recognition. An attempt to exploit non frontal facial images for expression recognition has 

been recently investigated in [101].  

Although, a great amount of work has been developed so far in image-based facial expression 

algorithms, there are still issues applying to all efforts, which degrade the results of such 

systems. The main problem that most of these image-based facial expression recognition 

algorithms need to confront is the high dimensionality of the input image space which can 

range from several hundreds to thousands of extracted image features. Directly dealing with 

such high dimensional data is not only computational inefficient, but also yields several 

problems in subsequently performed statistical learning algorithms, due to the so-called 

“curse of dimensionality”. Thus, various techniques have been proposed for efficient data 

embedding (or dimensionality reduction) that obtain a more manageable problem and 

alleviate computational complexity. Such a popular category of methods is the subspace 

image representation algorithms which aim to discover the latent image features by projecting 

linearly or non-linearly the high-dimensional input samples to a low dimensional subspace, 

where an appropriately formed criterion is optimized. Both Nonnegative Matrix Factorization 

[102] and Random Projections [102] that have been exploited for our facial expression 

recognition algorithms development during MOBISERV project, are among the most popular 

subspace learning methods for facial image analysis applications. Another important 

limitation that many facial expression recognition algorithms need to tackle is the diversity in 

facial pose and/or expression, as well as, the variations in illumination conditions. All these 

factors seriously degrade the performance of most expression recognition systems on real life 

settings. Practically most developed algorithms are based on assumptions such as frontal or 

near frontal facial images, perfect or near perfect image registration, smooth illumination 

conditions and others. Most of these issues are not yet answered although efforts towards that 

end have been attempted by several researchers in the field [104][104].   

Another issue, which demands a special attention, is the appropriateness of the facial feature 

extraction methods that are used for facial expression recognition. In [106], a questionnaire 

has been established to provide a way of sub sectioning image based facial expression 

recognition algorithms. Therein Pantic et al. propose 4 main categories: 

 Automatic feature extraction 

 pre information acquisition (image sequence) 

 Local vs Global features onto facial images 

 2D or 3D information 

It is of great interest to provide a fully automatic, hopefully real time, feature extraction 

mechanism in order to be able to create a real life application for facial expression 

recognition [107]. As mentioned before, facial expression recognition is a task with many 

real life applications and thus a system performing ideally will be one, which fulfills such 

recommendations. Interesting works towards that end have been proposed so far in 

[108][109].  

One consideration that has to be taken into account when designing facial expression 

recognition algorithms is the fact that facial expression formation is a dynamic process that 
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evolves over time and includes three stages [100]: an onset (attack), an apex (sustain) and an 

offset (relaxation). Even for the spontaneous facial expression recognition systems these three 

milestones are present [109]. The image sequences exploration is a new trend that attempts to 

capture and exploit these dynamics in facial expression formation. These methods make use 

of the evolution of the facial expression and either they model it via a hidden Markov model 

[111] or they use a time pattern for the expression in a dynamic Bayesian network [112]. 

Another popular set of features that has been recently applied for facial expression 

recognition are the Local binary Patterns (LBP) [113][114][115] and their 3D extension that 

capture the facial feature deformation dynamics. Although, various studies exploiting the 3D 

LBP features [116] report excellent expression recognition performance, however this is 

mainly limited on the examined databases which have been captured in a constrained 

environment with respect to the illumination conditions and the displayed facial pose 

variations. This can be attributed to the fact that these methods require the extracted facial 

images from a video sequence to be perfectly aligned, in a frontal position and also assume 

that the neutral facial expression is known a priory in order to model properly the facial 

expression deformations which is unrealistic. Consequently, these results do not reflect these 

methods true ability in facial expression recognition and more importantly do not apply on 

unconstrained real life settings.    

Different approaches have been proposed that exploit either local or global facial features for 

facial expression recognition. Local features are more popular than global ones which suffer 

from facial images variance (i.e., typically, in such approaches facial image registration is not 

needed). Some popular approaches based on local facial features are the [117] where a local 

descriptor based on the histogram of oriented gradients (HoG) is presented, the [110] 

exploiting Gabor wavelets of different scales and orientations in order to highlight facial 

wrinkles and control diverse illumination conditions. Global features on the other hand, use 

holistic facial image representations such as the contours of the facial area used in [118]. 

Finally, most of these approaches use information from 2D images due to the abundant of 

databases in 2D images as well as the fact that most of the real time applications provide such 

images easily (i.e., by means of a simple camera). Moreover, algorithms exist that make use 

of 3D information. Most of these systems are trying to cope mainly with pose independent 

facial expression recognition but it is still very inadequate for real time applications due to 

the fact that reconstruction of 3D images (typically from multiple cameras input) demands 

significant computational effort and a very stable and predefined set of cameras localization 

in order to achieve decent results in reconstruction.  

 

3.2.1.2 Model-Based Facial Expression Recognition 

In model-based facial expression recognition geometric information of certain facial 

landmarks is extracted using a facial model. As mentioned before, the main drawback of 

these methods is the costly accurate adaptation of the facial model to the provided facial 

image. That is, facial images provided as input are first processed in order to localize the 

facial area, where a model adaptation and extraction algorithm is applied. Finally, 

geometrical information of the identified by each model facial landmarks are used as features 

in order to recognize the facial expression. Model-based techniques are popular among facial 

expression recognition research community due to the high accuracy of results under the 

assumption that the model can be accurately placed on the facial area and landmarks position 

can be accurately identified. Another reason for the popularity of the model-based approach 

is its natural extension to 3D models which can provide a solution to pose independent facial 

expression recognition as stated in [107]. 
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Many works have been reported in model-based facial expression recognition. In [119], the 

Candide grid is applied on facial images and the relative angles formed by the connected grid 

nodes are exploited to provide a global representation of the formed facial expression. In [96] 

facial expressions are classified according to geometric deformation of the most significant 

nodes of the Candide grid. In [120], a shape model is established based on 58 facial 

landmarks. In [121], a model of characteristic facial features (eyebrows, mouth, eyes, chin 

and nose) is exploited where first the Active Shape Model [122] is applied to automatically 

extract the facial fiducial points location and then the differences between the points and the 

centre of gravity of the face shape are used as input to a multiclass SVM classifier. In the 3D 

case, Guo et al. [123], proposed a framework that exploits geometric invariant features that 

stem from the conjunction of spatial geometric features and local variation features. In [124], 

the use of 3D primitive surface features estimated on the 3D triangle mesh model, created by 

the imaging system in [125], is proposed. These features are constructed from statistic 

histograms of surface labels applied on segments of the face surface, called expressive 

regions.  

 

3.2.1.3 Fusion of Image-based and Model-based features 

Fusion of different type of information has been proposed in various fields, like biometrics 

[126], wireless communications [127][128] and video signal processing [128], leading to 

more a meaningful data representation and thus to enhanced recognition results. In general, 

fusion can be performed in one of three levels [129]: the feature level, the matching score 

level, and the decision level. As it is stated in [129], fusion at the earlier level, i.e., feature 

level, is believed to be more efficient than fusion at a later level. In facial expression 

recognition, hybrid methods have been proposed, that combine information extracted from 

both geometric and appearance-based feature extraction methods at the feature level. In one 

of the earlier works, Zhang et al. [130] examined a hybrid system that combines position 

information of a set of fiducial points with multi-scale and multi-orientation Gabor wavelet 

coefficients extracted at the fiducial points. However, this data fusion approach proved to be 

inefficient to improve recognition rate with respect to the single feature case. In contrast, a 

more recent research attempt to exploit features acquired by various sources, led to hybrid 

automatic facial expression recognizers that outperform single case methods.  

A state of the art fusion method that exploits the facial appearance characteristics and the 

shape of facial expressions is Active Appearance Model (AAM), first proposed in [131]. This 

method can match rapidly any face with any expression. Extensions of AAMs have been 

proposed in [132] and [133]. In [129], a vector of features extracted using the DNMF 

algorithm, first proposed in [134], is concatenated with a vector of automatically extracted 

salient facial features. In [135], texture features extracted using DNMF are combined with 

features extracted from the Candide grid using Radial Basis Function Neural Networks. 

Dehkordi and Haddadnia [136] proposed a novel hybrid feature extraction that uses Gabor 

wavelets and Pseudo Zernike Moment Invariants (PZMI), while in [137], Kernel PCA 

analysis (KPCA) is applied on the output of a Gabor filter. In [138] facial features are 

extracted by employing weighted PCA (WPCA) in the set of fiducial features. The weights 

are determined according to the facial action coding system (FACS) [143]. 

 

3.2.1.4 Facial expression classification 

As mentioned earlier, the facial expressions may correspond to one of the six basic emotions 

defined by Ekman [89] (anger, disgust, fear, happiness, sadness and surprise), or other non 

basic emotions. Moreover, facial actions designate emotions as a movement of facial 
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muscles. The Facial Action Coding System (FACS) [143] describes all possible deformations 

of the human face in terms of 44 Action Units (AUs).  

According to [139], facial expression classifiers can be divided into four categories: template-

based, neural network-based, rule-based and support vector machines (SVMs). Template-

based classifiers compare the facial expression features from the encountered image with a 

template that corresponds to each facial expression category. The shown expression is 

classified in the class with the greatest similarity. Obviously, template-based classifiers 

cannot be used for the categorization of nonprototypic facial expressions, as there is a 

plethora of combinations of distinct facial actions with different intensities that can’t be 

modeled with a restricted set of templates. In neural network-based classifiers, the facial 

expression classification is performed according to a process learned through training. In 

contrast to template-based classifiers, neural network-based classifiers can categorize facial 

expressions into multiple classes and, also, if appropriately trained they can recognize 

nonprototypic facial expressions. Rule-based classifiers use descriptions of expressions in 

terms of facial actions. The test facial expression description is compared with the description 

of each of the basic expressions and it is classified in the category with the highest similarity. 

Finally, SVM classifiers take a training set of facial expression images and build a model that 

classifies new facial expression images, by constructing hyperplanes that determine the 

bounds between distinct classes. 

Several modifications of the abovementioned state of the art classification methods have been 

introduced in recent works. Kazmi et al. [140] designed a novel neural network multi-

classification method that uses six binary classifiers, one for each facial expression except of 

the neutral emotional state. The output of each classifier is one probability that indicates to 

which extend the input image belongs to the corresponding expression, and a second 

probability that indicates to which extend the input image does not belong to the same 

expression. Finally, the input image is classified in the class with the maximum probability. 

Modified two-class and multiclass SVMs are employed that outperform known existing 

methods in [96]. These modified SVMs minimize the within class scatter matrix in order to 

provide a more condense representation of the data in the projective plane defined by the 

support vectors. Feng et al. propose a coarse-to-fine classification scheme for the seven basic 

expressions (i.e. Ekman six basic emotions plus the neutral expression) in [141]. In the coarse 

step, two expression candidates are selected by using a combination of the chi square statistic 

and the nearest neighbor classifier, while in the fine step one of the two candidates is selected 

for the shown expression, through the weighted chi square statistic and the nearest neighbor 

classifier. An extensive study of various classifier combination approaches in facial 

expression recognition is presented in [142]. More specifically, the fusion schemes examined 

are the simple classifier combination approach, the decision template classifier combination, 

the Dempster-Shafer combination approach, and a generalization of the Dempster-Shafer 

combination approach that makes use of any classifier as the combination approach. 

 

3.2.2 Databases 

 

In this section we briefly describe some of the most popular and wide spread databases 

available for benchmarking state of the art facial expression recognition algorithms. Most of 

these databases have been used as a test bed in order to experimentally verify the efficiency 

of the developed methods. Except the already publicly available datasets presented here, we 

have also created a data collection of facial expressions, in order to investigate certain 

requirements of the developed methods. More details regarding this dataset are given in 

subsection  4.1. 
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3.2.2.1 Cohn-Kanade  

The Cohn-Kanade AU-Coded Facial Expression Database [91] is among the most well 

known and most popular databases for benchmarking methods that perform automatic facial 

expressions recognition. The dataset consists of approximately 500 image sequences from 

100 subjects, posing in 7 different emotional states (Anger, Disgust, Fear, Happiness, 

Sadness, Surprise and the Neutral emotional state). Subjects range in age from 18 to 30 years 

old. Sixty-five percent of the participants were female; 15 percent were African-American 

and three percent were Asian or Latino. The observation room was equipped with a chair for 

the subject and two Panasonic WV3230 cameras, each connected to a Panasonic S-VHS AG-

7500 video recorder with a Horita synchronized time-code generator.  One of the cameras 

was located directly in front of the subject, and the other was positioned 30 degrees to the 

subject's right. Figure 12 presents some image instances of the database. 

 

 
    (a)      (b)          (c)  (d)     (e)         (f)            (g) 

 
Figure 12: The COHN - KANADE Facial Expression Database (a) surprise, (b) anger,  

(c) disgust, (d) fear, (e) happiness, (f) neutral, (g) sadness. 

 

3.2.2.2  BU-3DFE (Binghamton University 3D Facial Expression) Database 

BU-3DFE Database [92] depicts 100 subjects (56% female, 44% male) where each one 

performed seven expressions in front of a 3D face scanner (Anger, Disgust, Fear, Happiness, 

Sadness, Surprise and Neutral state). With the exception of the neutral expression, each of the 

six prototypic expressions involves four intensity levels. Therefore, there are 25 available 3D 

expression models depicting each subject performing all facial expressions. Thus the 

resulting 3D facial expression models in the database are 2,500. Associated with each 

expression shape model, there is a corresponding facial texture image captured at two views 

(about +45° and -45°). As a result, the database consists of 2,500 two-view’s texture images 

and 2,500 geometric shape models. No sample is presented in this report, due to copyright 

restrictions. 

 

3.2.2.3 Japanese Female Facial Expression (JAFFE) Database 

The JAFFE database [93] contains 213 images, depicting 10 Japanese female models, 

performing 7 facial expressions (Anger, Disgust, Fear, Happiness, Sadness, Surprise and 

Neutral state). Each image has been rated on these emotion adjectives by 60 Japanese 

subjects. Figure 13 shows some typical examples of the database. 

 

 
    (a)         (b)   (c)         (d)   (e)         (f)     (g) 

 
Figure 13: The JAFFE Facial Expression Database (a) Disgust, (b) Neutral, (c) Anger, (d) Fear, 

(e) Happiness, (f) Sadness, (g) Surprise (from left to right). 

 

http://www.pitt.edu/AFShome/j/e/jeffcohn/public/html/biblio/fulltext/2000/Kanade_Comprehensive.pdf%22
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3.2.2.4 The Extended Cohn-Kanade (CK+) database 

Facial behavior of 210 individuals is recorded with ages ranging from 18 to 50 years old. 

69% female and 31% male subject participated in this database of various ethnicities. CK+ 

proposes the facial action coding system (FACS) for facial expression encoding. In order to 

decode FACS into semantically meaningful emotion-specific labels, EMFACS [145] is used 

most of the time. EMFACS is a system associating sets of several facial action units (FAUs) 

from FACS into high level emotion-specified facial expressions. Details for the CK+ 

database can be found in [144]. 

 

 
Figure 14: Video frames from CK+ for the facial expression of surprise. 

 

 

3.2.2.5 MMI Facial expression Database 

 

The MMI facial expression database [94] displays 75 subjects performing various facial 

expressions. In total MMI database includes 2,894 video sequences from which 1,395 are AU 

coded and 197 are labeled as one of the six basic emotions. The advantage of MMI database 

is that it addresses a number of key omissions in other databases of facial expressions. In 

particular, it contains recordings of the full temporal pattern of a facial expression, from the 

neutral state, through a series of onset, apex, and offset phases and back again to a neutral 

face. Moreover the database contains not only samples of the six prototypical expressions but 

also expressions with a single FACS Action Unit (AU) activated, for all existing AUs and 

many other Action Descriptors. In addition, the database contains samples of naturalistic 

expressions. 

 

3.2.2.6 GEMEP-FERA Database 

 

The GEMEP-FERA dataset [95] has been introduced for the Facial Expression Recognition 

and Analysis (FERA) challenge during the 2011 IEEE International Conference on 

Automatic Face and Gesture Recognition (FG). This includes a detailed standardized 

evaluation protocol involving specific training and testing datasets for both person 

independent and person specific expression recognition. The database corpus consists of 

more than 7,000 video sequences representing 18 emotions (including rarely studied subtle 

emotions), portrayed by 10 professional actors who were coached by a professional director. 

In addition, the corpus includes stimuli with systematically varied intensity levels, as well as 

instances of masked expressions.  
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4 MOBISERV Databases 

4.1 AUTH databases 

4.1.1 MOBISERV-AIIA Eating and Drinking Activity Recognition 

Database 

In this section we, briefly, describe the MOBISERV Eating and Drinking Activity 

Recognition database that has been created in the context of the project MOBISERV in order 

to evaluate the performance of eating and drinking activity recognition methods. For a 

detailed description of the database, please refer to D4.1 and D4.2. 

The database has been recorded in a controlled laboratory environment using 4 Sony XCD-

V60CR digital video cameras. The adopted camera setup is illustrated in Figure 15.  

 

 
Figure 15 Cameras set up in the recordings environment.  

 

Twelve persons (six males and six females between 22 and 39 years old) have been asked to 

have four meals wearing a T-shirt and a blouse with long sleeves. During each meal, the 

person performs several eating/drinking activity instances which are described in a protocol 

used in order to fasten the annotation process. Each meal has been recorded in a different day 

(Session) in order to let differences in person physical appearance and eating/drinking 

execution styles variations appear. The database has been (video frame based) annotated 

regarding the observed eating and drinking activity instances. Information regarding the 

calibration of the four cameras used in the database is provided. Each meal contained several 

eating/drinking actions. Actions that are not part of eating and drinking activities have been 

included in a third activity class named apraxia. A list of these actions is provided in Table 3. 

Example video frames of the database are illustrated in Figure 16.  

 

Eat Spoon Cutlery Fork Hand bite 

Drink Cup Glass Straw   

Apraxia Chewing Slicing Thinking Paying 

attention 

Talking 
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 Reading Writing Doing 

something 

with hands 

Video 

segments 

between 

settings 

 

Table 3: Actions appearing in the MOBISERV-AIIA Database 

 

 
Figure 16: Example video frames of the MOBISERV-AIIA database 

 

 

4.1.2 MOBISERV-Facial Expression Recognition Database 

Preliminary facial expression recordings performed by AIIA laboratory involved 2 elder 

subjects. For these initial captures a single video sequence was recorded for each participant, 

while he performed sequentially the six basic facial expressions. Figure 17 presents some 

samples of these video sequences. As it became apparent by visually inspecting the sample 

images between the various publicly available facial expression datasets and the recorded 

samples, elder persons express emotions fairly different than younger ones. More importantly 

there is a significant difference in the intensity of the expressed emotion which for the case of 

elder persons is undoubtedly lower. This fact revealed that the task of facial expressions 

recognition is more challenging when applied to data acquired from elder persons and also 
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highlighted the need to collect a significant amount of data in order to appropriately train and 

test the efficiency of our implemented algorithms.  

 

 

 

   (a)   (b)   (c) 

 

 

  (d)   (e)   (f)   (g) 

Figure 17: Elder persons database (a) Anger, (b) Disgust, (c) Fear, (d) Happiness, (e) Sadness, 

(f) Surprise, (g) Neutral. 

 

According to our knowledge, until today there is no available in the literature a systematic 

study relating elder persons emotional state monitoring based on recognizing their facial 

expressions. Furthermore, all current databases used for evaluating and benchmarking facial 

expression recognition algorithms are captured using participants of the young adult age 

range. In order to simplify and standardize the data collection process a facial expression 

database recording tool has been developed. The implemented software is a graphical user 

interface program developed in C++ environment that displays a sequence of appropriate 

images able to invoke emotion variations to the viewer, while records his facial expressions.  

Selecting an appropriate image collection to display is crucial in order to invoke the 

maximum emotional arousal to the viewer. To this end, various psychological studies have 

been conducted and significant effort has been spent towards identifying a collection of 

images that is able to invoke emotion variations to the viewer. The International Affective 

Picture System (IAPS) [146] being developed and distributed by the NIMH Center for 

Emotion and Attention (CSEA) at the University of Florida, is such a well studied collection. 

More precisely, it is a large set of standardized, emotionally-evocative, internationally-

accessible, color photographs that includes contents across a wide range of semantic 

categories, developed in order to serve as a set of normative emotional stimuli for 

experimental investigations related to emotion and attention.  

In the developed facial expression recording tool two different image collections have been 

incorporated. The first image collection is a subset of the IAPS picture system, comprised of 

sixty colored pictures from which 20 are identified based on previous pleasure and arousal 

ratings as able to stimulate pleasant emotions, 20 neutral, and 20 unpleasant. Pleasant pictures 

include sports related instances, couples and happy families, neutral pictures include neutral 

faces and household objects, while unpleasant pictures include scenes of attack and threat. 

The second image collection that we have included is derived from the Cohn-Kanade [91] 

facial expression database depicting instances of persons while posing in one of the six 

universally recognized basic facial expressions, namely: Anger, Disgust, Fear, Happiness, 

Sadness and Surprise. This image collection contains in total 30 images depicting 5 different 

humans posing in each one of the six basic facial expressions. Figure 18 shows sample 

images of this collection derived from the Cohn-Kanade dataset, for the Anger, Happiness 
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and Surprise facial expressions. The time that each image is displayed to the viewer has been 

initially set to six seconds, since this selection has been found to achieve the maximum 

emotional arousal, as it has been experimentally verified in [146]. Nevertheless, this 

parameter may be easily adjusted by the operator through the user interface. 

According to the applied data gathering scenario, the participant sits in front of a screen that 

sequentially displays each image from the selected collection, while his/her facial actions are 

recorded by the camera and stored in the generated output video file. The time that each 

image is displayed to the viewer has been initially set to six seconds, since this selection has 

been found to achieve the maximum emotional arousal, as it has been experimentally verified 

in [146]. Nevertheless, this parameter may be easily adjusted by the operator through the user 

interface. Accompanying to the created video file the developed software creates a log file 

stored in the form of an ASCII text file, that keeps a record of which particular image was 

displayed to the participant when each specific video frame was captured displaying a facial 

expression. Considering that each displayed image has been previously rated for its emotional 

arousal, this log file is subsequently exploited when we manually annotate, practically 

assigning labels to each video frame, in order to compose our training and test sets.  

 
(a) 

 
(b) 

 
(c) 

Figure 18: Sample images from the Cohn-Kanade database depicting different humans 

performing the: a) anger b) happiness and c) surprise facial expression.   

 

 

Using this facial expression recording tool and the image collection derived from the Cohn-

Kanade dataset in order to capture posed facial expressions, which are easily interpretable, 

both ANANZ and AIIA have performed recordings gathering a significant amount of data 

used in order to train and test the developed algorithms. More precisely ANANZ recorded 12 

video sequences depicting 12 different elder persons performing facial expressions; while 

AIIA recorded another 13 video sequences depicting 8 individuals. Recently, AIIA captured 

8 additional video sequences depicting 2 male older persons which volunteered to contribute 

to the MOBISERV project. These two subjects ageing 62 and 64 years old respectively were 

recorded at the AIIA Lab using the developed recording tool and following the described 

recording scenario sequentially performed the six basic facial expressions. For each of these 

two participants 4 recording sessions were performed thus gathering a significant amount of 

data to train and test our algorithms on.  In total 33 video sequences have been gathered by 



D4.4: Final visual information analysis and ontologies for indoor context aware and nutrition support  43/105 

both ANANZ and AIIA which except of three that appear heavily blurred the rest have been 

used in order to train and test our facial expression recognition methods. Figure 19 shows 

some instances of the recorded by both ANANZ and AIIA elder facial expression data. 

Figure 20 and Figure 21 show instances of the recording sessions performed by AIIA 

depicting 2 male older persons performing the recognized facial expressions. 

To train our facial expression recognition algorithms we have processed the available video 

sequences in order to perform face and eyes detection and normalize the derived facial 

regions of interest to a fixed size. Subsequently, some of the extracted facial images have 

been manually annotated, using the available text log files as reference, regarding the 

depicted formed facial expression and assigned a respective class label. Since we consider 

recognition of the basic 6 facial expressions namely: Anger, Disgust, Fear, Happiness, 

Sadness and Surprise, as well as, the Neutral emotional state we assigned at each sample a 

class label ranging from 1 to 7. More precisely, by ordering alphabetically the recognized 

facial expressions the correspondence between facial expressions and assigned class labels is 

shown in Table 4. 

 

   
 

   
 

   
 

Figure 19: Recordings for the elder facial expression database. 
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Figure 20: Instances of the facial expression recordings performed by AIIA Lab (Person 1) 

 

 

 
 

 
 

Figure 21: Instances of the facial expression recordings performed by AIIA Lab (Person 2) 
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Performed 

Facial 

Expression 

Assigned 

Class 

Label 

Anger 1 

Disgust 2 

Fear 3 

Happiness 4 

Sadness 5 

Surprise 6 

Neutral 7 

 

Table 4: Correspondance between performed facial expressions and assigned class labels 

 

In addition to the conventional 7-class expression recognition problem we have also 

considered a two class emotional state recognition task aiming to identify whether the 

recorded subject is in a pleasant (positive) or unpleasant (negative) emotional state by 

recognizing his/her facial expressions. In order to do so, the Anger, Disgust, Fear and 

Sadness facial expressions are considered as evidence of an unpleasant emotional state, while 

the rest are considered as an indication of a pleasant emotional state.  Figure 22 shows 

instances of the facial expression recognition process on the recorded video samples. In 

addition, the pleasant/unpleasant emotional state recognition is also demonstrated.   

 

 

   
 

  
 
Figure 22 : Facial expression and pleasant/unpleasant emotional state recognition performed on 

the elder facial expression database. 
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4.2 ANANZ database  

4.2.1 ANANZ facial expressions database 

Using the developed facial expression recording tool and exploiting the expressive sample 

images derived from Cohn-Kanade database in order to captured posed expressions, ANANZ 

recorded 12 video sequences depicting 12 different older persons performing facial 

expressions. Except of three of these sequences that appear heavily blurred thus practically 

being inappropriate for further processing the remaining 9 video sequences have been 

manually annotated regarding the depicted facial expression on each frame and subsequently 

used in order to train and evaluate the performance of our developed facial expression 

recognition algorithms. Experiments have been performed considering both the seven class 

expression recognition problem as well as, considering pleasant-unpleasant-neutral emotional 

state recognition. Figure 22 shows instances of the facial expression recognition process on 

the recorded video samples. In addition, the pleasant/unpleasant emotional state recognition 

is also demonstrated. 

 

4.2.2 ANANZ eating and drinking database 

A video database depicting older persons in the early stages of dementia has been recorded in 

the day centre and the SmartHomes in Eindhoven. Forty videos have been recorded following 

a scenario similar to the one used for the creation of the MOBISERV-AIIA database. 

Example video frames are illustrated in Figure 23. 

 

 
Figure 23: Example video frames of the ANANZ database 
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5 Eating/Drinking Activity Recognition 

In this Section we describe in detail the methods/algorithms that have been devised in the last 

months aiming at human activity recognition and/or eating and drinking activity recognition 

from videos in the following. In addition, we provide a brief description of all the 

methods/algorithms aiming at activity recognition and person identification from videos that 

have been devised by AUTH in the the framework of MOBISERV. 

 

 

5.1 Activity recognition by learning sparsity-based video 

representations 

Activities are described as a sequence of successive human body poses obtained by 

performing image segmentation techniques on video frames depicting the person under 

consideration performing an activity. This procedure results to the creation of binary activity 

videos depicting the image locations of interest in white and the background in black. In 

eating and drinking activity recognition, the image locations of interest correspond to the 

person’s head and hands, while in recognition of daily activities the image locations of 

interest correspond to the person’s entire body. The video frames of these binary activity 

videos are centered to the person’s ROIs, cropped and rescaled in order to produce binary 

images of pre-defined size (H x W pixels). These images are represented as matrices, which 

are vectorized in order to produce the so-called posture vectors , where i = 1,…,NV 

denotes the action video index and j=1,…,Ni runs along the video frames of video i. An 

example of posture vector creation is illustrated in Figure 24. 

 

 
Figure 24: Posture vectors creation 

 

The training posture vectors are clustered in order to produce representative vectors 

, d = 1,…,D, the so-called dynemes. Each activity video is represented by a 

vector  denoting the fuzzy similarity of the posture vectors of video i with the 

dynemes, i.e.:   

 

 
 

Finally, the activity vectors representing all the NV training activity videos are normalized to 

have zero mean and unit standard deviation. 

In order to perform activity video classification we map activity vectors si to a higher 

dimensional feature space denoted by the similarity of si with the activity vectors of the 

training activity videos. Let us denote as ,  an overcomplete dictionary that can 



D4.4: Final visual information analysis and ontologies for indoor context aware and nutrition support  48/105 

be used to reconstruct a training activity vector si using weights appearing in a vector 

. gi can be obtained by solving an l1-minimization problem of the form: 

 
where λ is a parameter that penalizes the non-zero elements of gi. We investigated two 

alternatives for dictionary construction: 

 Video independent: In this case we assume that each training activity video can be 

reconstructed by using all the remaining training activity videos. That is, activity 

video i can be reconstructed by using the following dictionary: 

 
  is a vector of zeros. gi is calculated by: 

 
where gi

i
 is the reconstruction vector resulted by applying the l1-minimization 

problem above and using dictionary A
i
 and  is a vector having all its elements 

equal to zero, except of element i, which is equal to one. 

 Person independent: In this case we assume that each activity video depicting a 

training person can be reconstructed by using the activity videos depicting the 

remaining training persons. Activity vector si is reconstructed by using an 

overcomplete dictionary of the form:   

 
where A

k
 is a matrix containing the activity vectors corresponding to activity videos 

of training person k,  is a matrix of zeros, Nqi is the number of activity 

videos depicting person qi and NP is the number of training persons. 

 

By following the above described procedures, activity video i is represented by a vector gi 

denoting its similarity with some of the training activity videos. An example of activity video 

representation is illustrated in Figure 25.  

 

 
Figure 25: Activity video representation 

 

After obtaining the training vectors gi, a learning process is performed in order to classify any 

test activity video by exploiting the training activity video activity labels ti. The optimal 

hyperplanes separating the activity classes in the high-dimensional feature space are obtained 

by solving an optimization problem having the form: 
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where ξi represent the slack variables of the classification problem and c is a parameter 

denoting the importance of the training error in the optimization problem. W is calculated by:  

 
where G = [g1 g2 … gNV] and T = [t1 t2 … tNV]. 

 

In order to classify a test activity video, it is preprocessed and represented by a vector gt,I. 

The recognized activity class for this test activity video is given by: 

 
where wk is the k-th column of W.  

 

 

5.1.1 Experiments in the MOBISERVs Eating and Drinking activity 

recognition database 

In order to compare the two classification schemes we conducted experiments using the 

MOBISERV’s Eating and Drinking activity recognition database. We used activity videos 

depicting all the twelve persons in the database. Activity videos depicting activity classes 

‘eat’, ‘drink’ and ‘apraxia’ were manually segmented. The leave-one-person out cross 

validation procedure was applied multiple times, for different parameters, for both 

classification schemes. Activity classification accuracies equal to 91.64% and 92.16% have 

been obtained for the person independent and the video independent classification schemes, 

respectively. The corresponding to the optimal parameters confusion matrices for both 

classification schemes are presented in Figure 26 and Figure 27, respectively. 

 

 
Figure 26: Confusion matrix for three activities using the person independent activity 

classification scheme 

 

 
Figure 27: Confusion matrix for three activities using the video independent activity 

classification scheme 
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5.2 Dynamic activity recognition based on dynemes and 

Extreme Learning Machine 

A dynamic classification scheme has been investigated for the eating and drinking activity 

recognition task. Activity videos are represented by employing the dyneme based video 

representation that has been previously described. That is, each activity video is represented 

by the corresponding activity vector si. The adopted dynamic classification strategy selects a 

subset of the training activity vectors in order to train a test activity vector specific classifier. 

The selection process is performed by clustering the training activity vectors using the K-

Means algorithm. Euclidean distances between the clusters mean vectors and the test activity 

vector are calculated and the training activity vectors belonging to the clusters that reside the 

test activity vector are employed in order to train a single-hidden layer feedforward neural 

network. We employ the Extreme Learning Machine algorithm to this end, due to its fast 

training procedure. After training the ELM network, both the test activity vector and the 

activity vectors involved in the training process are mapped in a new feature space 

determined by the outputs of the ELM network.  

 

 
Figure 28: Dynamic classification procedure 

 

The above described procedure is performed multiple times (levels), in an iterative way, until 

the vectors involved in the ELM training process belong to one activity class only. By 

following such a dynamic classification scheme, the classification process depends on the test 

activity vector under consideration. An example is illustrated in Figure 29. In the case where 

the test activity vector under consideration belongs to a well distinguished activity class, like 

stest,1, only one level of the dynamic classification process will be sufficient for classification. 

In the case of overlapping activity classes, multiple levels of the dynamic classification 

scheme will be performed in order to obtain the final classification result. stest,2 belongs to this 

case. 
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Figure 29: Example of different dynamic classification cases. stest,1 belongs to a well 

distinguished activity class while stest,2 belongs to one of two overlapping activity classes 

 

In the case of stest,2, the dynamic classification scheme will focus the classification process on 

the labeled vectors belonging to stest,2 neighborhood, as illustrated in Figure 30. By employing 

a single-hidden layer feedforward neural network in the classification process, non-linear 

classification rules can be exploited as is illustrated in Figure 31.  

 

 
Figure 30: The dynamic classification scheme focuses the classification process on the labeled 

vectors belonging to the test activity vector neighborhood 
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Figure 31: Non-linear classification schemes (right) can better describe activity classes 

compared to the linear ones (left) 

 

 

5.2.1 Experiments in the MOBISERVs Eating and Drinking activity 

recognition database 

In order to assess the performance of the adopted dynamic activity classification scheme we 

have conducted experiments on the MOBISERV Eating and Drinking activity recognition 

database. We used activity videos depicting all the twelve persons in the database. Activity 

videos depicting activity classes ‘eat’, ‘drink’ and ‘apraxia’ were manually segmented. The 

leave-one-person out cross validation procedure was applied. An activity classification rate 

equal to 93.4% has been obtained. The corresponding confusion matrix is illustrated in Figure 

32. Comparison results with other static and dynamic classification schemes are illustrated in 

Figure 33. 

 
Figure 32: Confusion matrix for three activities using the adopted dynamic classification 

scheme 

 

 
Figure 33: Comparison results on the MOBISERV Eating and Drinking activity recognition 

database 
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5.3 Activity recognition based on fuzzy distances from statemes 

and modified Clustering Discriminant Analysis 

Activities are described as sequences consisting of multidimensional human body poses, 

which are called instances. We denote a sequence of multidimensional instances by sn = 

[sn1,…,sNn]
T
, where  is the m-th instance of sequence n and Nn is the number of 

instances forming sequence n. Each sequence belongs to a sequence class. For example, in 

eating and drinking activity recognition an activity video can be considered as a sequence of 

multidimensional human body poses belonging to one of the classes ‘eat’ or ‘drink’. 

In order to obtain a compact sequence representation, in terms of a constant length vector, we 

cluster the multidimensional instances of the training sequences in K clusters by applying K-

Means algorithm minimizing the intra-cluster variance: 

 
 

The statemes vk, k=1,…,K are determined to be the cluster mean vectors: 

 
 

In these equations αnmk is an index denoting if the multidimensional instance snm belongs to 

cluster k, or not.  

 

After obtaining the cluster mean vectors vk, each sequence sn is mapped to the so-called 

sequence vector , based on the fuzzy distances between the instances snm and all the 

cluster mean vectors vk:  

 

 
r > 1 is the so-called fuzzification parameter. The sequence vector is determined to be the 

mean normalized membership vector: 

 

 
 

In order to increase the discriminative power of the sequence vectors qn, we employ a 

technique for cluster mean vectors vk tuning based on the optimization of a criterion denoting 

sequence classes discrimination. The obtained, optimized, vectors vk are denoted as statemes. 

We have used the following optimization criterion:   

 
where Sw and Sb are the within subclass and between subclass scatter matrices defined in 

Clustering based Discriminant Analysis as follows: 
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ci is the number of subclasses forming sequence class i, μ
ιj
 denotes the j-th subclass mean 

vector of class i consisting of Nij sequence vectors. 

 

The minimization of J1 can be done by applying a gradient descent procedure: 

 
where t denotes the iteration of the update procedure. The second term of the above equation 

is given by: 

 
where g = 2 / (r-1). The iterative update procedure is performed until the criterion 

, where ε1 is a small positive value. 

 

After finding a discriminant sequence representation by following the above described 

iterative procedure, we exploit the labeling information available for the training sequences in 

order to reduce the sequence vectors dimensionality and further increase the their 

discriminant power. We employ Clustering Discriminant Analysis to this end minimizing: 

 
where Sw and Sb are the above described within sequence class and between sequence class 

scatter matrices. Ψ is a linear transform, which maps the sequence vectors xn
ij
 to discriminant 

sequence vectors zn
ij
 by applying zn

ij
 = Ψ

T
 xn

ij
.  

 

The optimization problem J2 is equivalent to the optimization problem Sw v = λ Sb v, λ ≠ 0, 

which can be solved by performing eigenanalysis to the matrix Sb-Sw. 

In order to increase the discriminant power of the obtained discriminant sequence vectors we 

perform an iterative procedure based aiming to determine both the optimal projection matrix 

Ψ and the optimal scatter matrices Sw and Sb, i.e., the optimal sequence subclass vectors μ
ij
. 
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This is done by minimizing criterion J2 with respect to both the projection matrix Ψ and the 

sequence subclass mean vectors μ
ij
: 

 

 
 

 

Finally, after obtaining the reduced dimensionality discriminant space, sequence 

classification is performed by applying a modified nearest subclass centroid classification 

scheme. A test discriminant sequence vector is classified to the sequence class in which the 

closest discriminant subclass representative vector  belongs to. The representative 

subclass vectors  are obtained by minimizing the optimization criterion J3: 

 

 

 
 

The optimization of J3 is performed by using a gradient descend procedure of the form: 

 

 
 

A test discriminant sequence vector  is classified by: 

 

 
Figure 34: Sequence classification based on modified nearest subclass centroid classification 
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5.4 Optimal class representation for Linear Discriminant 

Analysis  

As has been described in D4.1 a baseline activity recognition method that has been applied in 

the eating and drinking activity recognition task employs Fuzzy Vector Quantization (FVQ) 

for activity video representation, Linear Discriminant Analysis (LDA) for activity 

representation dimensionality reduction and nearest class centroid classification. LDA is a 

well-known algorithm for feature extraction and dimensionality reduction aiming at finding 

an optimal reduced dimensionality space for data projection. The adopted criterion is the 

ration of the between-class scatter to the within-class scatter in the reduced dimensionality 

features space, i.e.: 

 

where  and  are the between-class and the within-class scatter matrices defined by: 

 

 
 

In these equations, xij is the j-th sample of action class i and μi is the mean vector of class i in 

the initial (high-dimensional) feature space. By using this notation, LDA determines an 

optimal data projection matrix W* based on the following optimization criterion: 

 
 

LDA is based on the assumptions that the class data follow normal distributions having the 

same covariance structure and that each class is represented by the corresponding mean class 

vector. However, by assuming that the class representative vectors are not a-priori fixed to 

the class mean, and optimizing the LDA criterion, one can determine both the optimal data 

projection matrix W* and the optimal class representative vectors μi*. This can be done by 

following an Expectation Maximization based optimization approach as we briefly describe 

in the following.  

 

By assuming that the representative class vectors μi are not a-priori known, the following 

scatter matrices can be determined: 
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In these equations we describe the between-class and the within-class scatter by using 

arbitrary representative class vectors . By using the abovementioned scatter-matrices and 

optimizing the following criterion:      

 
both the optimal data projection matrix W* and the optimal class representative class vectors 

 can be obtained. Since the adopted optimization criterion has not a closed form solution, it 

is transformed to the following equivalent criterion 

 
which has a closed form solution with respect to both the data projection matrix W and the 

class representative vectors .  

 

In order to optimize the above mentioned criterion and determine both the optimal data 

projection matrix W* and the optimal class representative vectors , an iterative 

optimization scheme is adopted. At each iteration, by keeping the class representative vectors 

fixed, the optimal class representative matrix is determined by: 

 
 

After determining the data projection matrix W*, the class representative vectors are updated 

by: 

 

 
 

The above described iterative procedure is initialized by using the mean class vectors and is 

performed until  

 
where ε is a small positive value (typically set equal to 10

-3
).  

 

 

5.4.1 Experiments in the MOBISERV Eating and Drinking activity 

recognition database 

We have employed the above described LDA algorithm in order to increase the activity 

classification performance of the dyneme based activity recognition method described in 

D4.1. Activity classification rates for different numbers of dynemes D=4k are illustrated in 

Figure 35. As can be seen in this figure, the above described LDA algorithm (noted as RV-

LDA) clearly outperforms two standard LDA algorithms representing each activity class 

using the corresponding mean class vectors (noted as RT-LDA and TD-LDA, respectively).  
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Figure 35: Comparison results with standard LDA algorithms on the MOBISERV-AIIA 

database 

 

 

5.5 Multi-view human action recognition under occlusion based 

on Dynemes, Extreme Learning Machine and classification 

results fusion  

In some application scenarios, single-view activity recognition, i.e., activity recognition 

exploiting visual information captured from one camera may fail. This is due to the fact that 

the human body during movement is highly deformable and we do want to perform non-

restrictive activity recognition. That is, the person under consideration should be able to 

move without restrictions inside a scene. Multi-view methods, i.e., methods that employ 

camera setups formed by multiple cameras have been proposed in order to solve this issue. 

By capturing the human body from multiple cameras, enriched visual information is 

exploited and a better human body description is obtained. However, the use of multiple 

cameras generates several issues that should be properly addressed for successful operation. 

We describe some of them and in the following. Finally, we describe a method that can 

address them properly. 

 

Let a scene being monitored by an NC-view camera setup, like the one illustrated in Figure 

36a for NC = 8. The place that can be simultaneously seen from all the cameras is noted as the 

camera setup capture volume. This means that a person performing an activity instance 

(noted as A in Figure 36b) can be seen from all the eight cameras generating eight videos 

depicting the same activity instance from eight different observation angles. However, there 

are cases where the person under consideration is not visible from all the cameras, either 

because he/she is outside the camera setup capture volume (Figure 36c), or because he/she is 

occluded (Figure 36d). Furthermore, person A may change his/her motion direction. For 

example he/she may have a frontal view of camera #1 at a time instance, while a change in 

his/her motion direction may result that he/she has a frontal view of camera #3. 
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Figure 36: a) An 8-view camera setup and b) a person inside the camera setup capture volume 

  

In order to address these issues, we choose to perform view-independent activity recognition 

on each of the 1 ≤ N ≤ NC activity videos involved in the recognition process. We adopt the 

dyneme based representation for activity video description and perform activity classification 

by using a Single-hidden Feedforward Neural network (SLFN) trained by the Extreme 

Learning Machine learning algorithm. 

 

By following this approach, multiple (N) activity classification results (activity class labels) 

are obtained for an activity instance. In order to provide the final activity classification result, 

we fuse the obtained activity class labels by following the majority voting fusion scheme. In 

the case where the adopted camera setup consists of only one camera, i.e., in the case of 

single-view activity recognition, the final activity classification result is obtained by using the 

SLFN network prediction.  

 

5.5.1 Experiments on multi-view and single-view activity recognition 

databases 

In order to evaluate the performance of the above described activity recognition method for 

different number of cameras in the recognition (test) phase, we have conducted experiments 

on the i3DPost multi-view database. The adopted camera setup consists of NC = 8 cameras. 

We have performed the Leave-One-Person-Out (LOPO) cross-validation procedure for 

different numbers of test cameras N. The obtained classification rates are illustrated in Figure 

37. 
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Figure 37: Classification rates for different numbers of test cameras N 

 

We have also evaluated the performance of the above described method by conducting 

experiments on the MOBISERV-AIIA database and performing the LOPO procedure. An 

activity classification rate equal to 90% has been obtained. The corresponding confusion 

matrix is illustrated in Figure 38. 

 
Figure 38: Confusion matrix on the MOBISERV-AIIA database 

 

 

5.6 Object tracking for nutrition support 

 

In order to recognize eating and drinking activities analyzing the trajectory of the main 

utensils being used and/or the motion of human hands and face, a visual object tracking 

algorithm has been devised.  We have extended our previous work (described in D4.3) by 

proposing a more robust method for LSK features computation via a bank of Gabor filters. 

Gabor filters are band-pass filters, widely used in image processing for edge detection. 

Therefore they can be used for estimating the gradient vector of an image along some 

direction φ. In the 2D space, a Gabor filter is defined as a complex sinusoid s(x,y) (i.e. the 

carrier) modulated by a Gaussian kernel function g(x,y) (i.e. the envelope):  

  
where the Gaussian kernel function is defined as:  

 
and the complex sinusoid is given by:  

  
K/2 denotes the magnitude and φ denotes the direction of the spatial frequency, while σ2 is a 

scaling parameter. 
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A bank of 12 Gabor filters with 4 orientations (0, 45, 90 and 135 degrees) and 3 scales may 

be used in order to compute the LSK descriptors given by  

 
 as follows. At first, we average the responses of the Gabor filters with the same orientation 

and different scales. Let us consider the averaged filter responses at 0 and 90 degrees as the  

image gradient vectors 

 

 

 

 

 

 

 

along x and y-axes, respectively. In the same notion, the averaged filter responses at φ and 

φ+90 degrees (in our case 45 and 135 degrees) can be considered as the image gradient 

vectors z in the rotated by φ degrees coordinate system. Therefore, the LSK descriptors (4) in 

the rotated coordinate system will be given by:  

 
where Rφ is the rotation matrix 

 
 

It is straightforward to show that equation (4) is derived by equation (6) for φ = 0. For an 

image pixel p, equation (6) is computed for each neighboring pixel pl, l=1,…,P
2
, meaning 

that for each image pixel we export two LSK feature vectors K0(p), K45(p) ϵ R
2P2×1

. The final 

feature vector is extracted by concatenating the two feature vectors:  

 
 

The resulting LSK feature vector becomes invariant to brightness and contrast changes by 

using L-1 normalization: 

 
 

 

5.7 Previous research works in human activity recognition and 

person identification 
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In this Section we, briefly, describe the methods/algorithms that have been devised by AUTH 

in previous years aiming at activity recognition and person identification from videos. 

Detailed descriptions can be found in D4.1, D4.2 and D4.3. 

 

5.7.1 Activity recognition based on Artificial Neural Networks 

This method performs human activity recognition by using neural network based activity 

representation and classification. Activities are described as series of successive human body 

poses, in terms of binary images denoting the human body Regions of Interest (ROIs). Such 

binary images are produced by applying image segmentation techniques on color video 

frames depicting a person performing an activity instance. In order to avoid differences 

between human ROIs sizes resulted by different human body sizes and/or different distances 

between the camera and the person under consideration, the obtained human body ROIs are 

rescaled to fixed size posture images H x W (for example 32x32) pixels.  

 

In the training phase, binary images denoting the human body poses are employed in order to 

train a self-organizing neural network (Self-Organizing Map – SOM). In the SOM training 

process all the training human body pose are introduced to network multiple times (epochs) 

in a sequential manner. For each training pose, three calculation steps are performed: 

Competition, Cooperation and Adaptation. In the competition step, all the SOM neurons 

compete in order to determine the neuron that is more similar to the training human body 

pose under consideration. The most similar to the training human body pose SOM neuron is 

referred to as the winning neuron and defines a topological neighborhood. The cooperation 

step, involves the determination of the SOM neurons that reside to the winning neuron’s 

topological neighborhood. Finally, the SOM neurons that belong in this neighborhood, are 

tuned in the Adaptation step. The above described procedure results to the creation of a 

topographic map that contains spatially related human body pose prototypes. An example 6 x 

6 SOM is illustrated in Figure 39. 

 

 
Figure 39: A 6x6 lattice depicting posture prototypes of actions “eat”, “drink” and “apraxia” 

 

After SOM calculation, an activity video is described by exploiting the fuzzy similarities of 

the human body poses appearing in it and all the SOM neurons.  

 

Activity video classification is performed by using a feedforward neural network. A 

multilayer Perceptron is trained by using the SOM based representations of the training 

activity videos. In order to properly capture the nonlinear structure of activity classes, the 
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adopted Perceptron employs a sigmoid activation function. For continuous activity 

recognition, i.e., for recognition in activity videos depicting multiple activity instances, the 

sliding window technique has been adopted. That is, the activity video is automatically 

temporally segmented in smaller video containing an appropriately chosen number of video 

frames and activity recognition is performed to each of these smaller videos. 

 

In the cases where the application scenario involves activity recognition using a multi-camera 

setup, the above described procedure is performed for all the cameras independently. In order 

to obtain the final activity recognition result, a classification results fusion strategy based on 

Bayesian learning has been adopted.   

 

 

5.7.2 Activity recognition based on Activity Volumes, Spectral Clustering 

and Cluster Discriminant Analysis 

This method performs human activity recognition by using a volumetric activity 

representation and discriminant learning. Activities are considered to be series of successive 

human body poses, in terms of binary images denoting the human body ROIs. The human 

body ROIs appearing in an activity video are temporally concatenated in order to form a 

volume, which is, finally, rescaled to a fixed size Activity Volume (AV), as illustrated in 

Figure 40. The rescaling step is important, since activities usually vary in duration due to 

motion speed and/or activity execution style variations.  

 

 
Figure 40: Activity Volume creation procedure. 

 

In order to determine a time-invariant AV representation, in the sense that AVs describing 

activity instances belonging to the same activity class and have different initial human body 

poses provide similar AV representations, the circular shift invariance property of the 

magnitudes of the Discrete Fourier Transform (DFT) coefficients is exploited.  

 

Since the above described activity video representation results to the creation of a high-

dimensional AV video representation, we perform a nonlinear mapping of the AVs to vectors 

denoting the similarity of each AV with AV prototypes determined by the training AVs. This 

is a low-dimensional activity video representation which is better suited for Discriminant 

Learning based classification schemes, like Clustering based Discriminant Analysis (CDA). 
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CDA determines a transformation to a reduced dimensionality feature space in which the 

ratio of the between-class scatter to the within-class scatter is maximized. By using this 

process, maximal activity class discrimination is achieved. Furthermore, by allowing multiple 

subclasses per activity class, activity class multimodality is taken into account. Finally, 

activity classification is performed by using a nearest subclass classifier in the reduced 

dimensionality discriminant feature space. 

 

In order to perform multi-view activity recognition the above described procedure is 

performed for all the cameras forming the adopted camera setup independently. In order to 

obtain the final activity recognition result, a classification results fusion strategy based on 

majority voting has been adopted 

 

 

5.7.3 Person-specific activity recognition 

One of the major difficulties that activity recognition methods should be able to face is the 

fact that different persons perform activities in different styles. Thus, a reasonable and 

intuitive approach is to learn how each person executes activities and perform activity 

recognition based on person-specific classifiers. We have devised such a person-specific 

activity recognition method based on Fuzzy Vector Quantization (FVQ) and Discriminant 

Learning.  

 

Clearly, such activity recognition schemes consist of two steps: the person under 

consideration should be identified first and, based on a classifier that has been trained on this 

person, activity recognition is performed. We have adopted the dyneme-based video 

representation for both the person identification and the activity recognition tasks. Multiple 

classifiers, one for the identification of the Np persons appearing in a video database and Np 

person-specific activity classifiers have been used. Each classifier consists of an LDA based 

dimensionality reduction step and a nearest class centroid classification process. The block 

diagram of the above described person-specific activity classification scheme is illustrated in 

Figure 41. Experimental results denote that the person-specific activity classification scheme 

outperforms the person-independent one. However, a major disadvantage of the person-

specific activity recognition scheme is the fact that, in general, it cannot generalize well on 

new-unknown persons.    
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Figure 41: Person-specific activity classification scheme. 

 

 

5.7.4 Activity-based Person Identification 

Person-specific activity recognition schemes are able to properly address several issues that 

relate to different person sizes and/or execution style variations among individuals. As it was 

previously mentioned, such activity recognition schemes consist of two processes: person 

identification and person-specific activity recognition. Person identification methods usually 

employ face recognition algorithms since it is expected that the human face does not change 

in small time periods. However, this approach leads to invasive person identification, since 

the person under consideration should cooperate in the identification process, i.e., he/she 

should be placed in front of a camera, having a (near) frontal facial pose and neutral 

expression, etc. In the case of person-specific activity recognition we are interested in non-

invasive person identification and, thus, face recognition based identification schemes are not 

preferred. In our case, the person should be able to freely perform activities having an 

arbitrary distance from the camera(s) used for identification. 

 

In order to overcome these issues we have devised an activity-based person identification 

method which is able to operate in applications employing multi-camera setups. The dyneme-

based video representation is employed for activity video representation, while person 

identification is performed by adopting an LDA based classification scheme. In the cases of 

multi-view person identification, i.e., in the cases where the adopted camera setup consists of 

multiple cameras, a person identification results fusion scheme has been devised, which takes 

into account all the available information, in terms of recognized person ID, activity class and 
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viewing angle labels for the activity videos under consideration. The adopted fusion strategy 

is based on Bayesian learning.   
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6 Facial Expression Recognition 

6.1 Class Specific Nonnegative Matrix Factorization 

Most of the existing NMF algorithm variants focus on the data matrix factorization and 

ignore the data class label information. Current attempts to acquire a discriminant data 

representation in the low dimensional projection subspace resulted in supervised NMF 

training algorithms, which fall in two main categories. They either incorporate discriminant 

factors inspired by the Fisher discriminant ratio [64], [65] in the NMF cost function, like the 

previously presented SDNMF algorithm, or attempt to retain the training data manifold 

structure in the projection subspace [66]-[69], thus achieving discrimination. In this work 

performed during the MOBISERV project, we followed a different approach and proposed a 

novel supervised NMF decomposition method that incorporates class label information as 

constraints in the cost function. 

 

The proposed method attempts to identify discriminant information from the decomposed 

data and to derive basis images that are exclusively appropriate for the reconstruction of the 

data samples of a single class. The conventional NMF decomposition algorithm yields basis 

images that reconstruct every image in the database. That is, each basis image participates 

with a certain weight to the reconstruction of all images contained in the training set. 

However, images that are assigned to different classes may exhibit significant variations, 

which cannot be captured by conventional NMF decomposition. To remedy this deficiency, 

we constrain each basis image to participate in the reconstruction of the images of a certain 

class, thus resulting in a class specific training algorithm. Moreover, in other to extract 

discriminant information during training, we constrain our algorithm, so as the obtained class 

specific bases are inappropriate for the reconstruction of any other class samples. As a result, 

the basis images yielded during training represent the samples of a certain class efficiently, 

while at the same time are less efficient for the representation of the samples belonging to any 

other class, yielding high reconstruction error. 
 

6.1.1 Class Specific NMF 

Most NMF-based data decomposition methods obtain a common low dimensional projection 

subspace for all samples independently of the class they belong to. The developed during 

MOBISERV novel nonnegative matrix decomposition method, called Class Specific 

Nonnegative Matrix Factorization (CSNMF), follows a different approach pursuing to 

identify unique projection subspaces for each class implicitly learned from its training 

samples. To do so, CSNMF forms the basis images matrix Z such as to have a class specific 

structure considering that it is composed by Nc submatrices Z = [Z1 Z2  … ZNc ] where each 

submatrix Zi is associated with the i-th class and its basis images are exclusively involved in 

the reconstruction of the i-th class data samples.  

 

To formulate the CSNMF optimization problem let us define the following diagonal basis 

image selection matrix Si and the data sample selection matrix Ri i = 1,…,Nc both associated 

with the i-th class. Using these selection matrices, CSNMF on one hand minimizes the 

decomposition error inside each class by employing the class specific basis images and the 

respective data samples as follows: 
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and on the other, in order to acquire class-discriminant basis images, identifies class specific 

bases that are inappropriate for the reconstruction of the data samples of any other class by 

maximizing the following reconstruction error: 

  

Thus, CSNMF cost function OCSNMF (X||ZH) is defined by combining both equations into a 

single cost function:  

  
where parameter λ )1,0(  is used to balance the contribution of the two norms in the 

optimization problem. Thus, the optimization problem for the CSNMF algorithm can be 

summarized by:  

  
 

The following multiplicative update rules can be shown that solve the CSNMF problem, 

while guarantee a non-increasing behavior of the cost function: 

 

  
 

while parameter λ is adjusted after each iteration round as: 

 

  
 

For the detailed derivation of the presented update rules, as well as, for a proof regarding the 

guaranteed non increasing behavior of the cost function under the presented updates, the 

interested reader can refer to the corresponding paper available at the end of the current 

document.   
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6.1.2 Classification Exploiting the Class Specific Projection Subspaces 

Given a new test sample xtest we first compute its projection to the low dimensional subspace 

and extract its discriminant features using the pseudo-inverse Z
† 

= (Z
T
Z)

-1
Z

T
: 

 

 
 

However, instead of using this discriminant representation for classification as it is performed 

by most of the current NMF-based algorithms we follow a different approach. Since the 

discriminant feature vector can be also considered as the coefficients of the linear 

combination of the learned basis images that reconstructs the original test facial image, we 

follow a classification approach similar to the Sparse Representation-based Classification 

(SRC) algorithm proposed in [70]. That is, for each class i, we use the linear combination 

coefficients and only the basis images associated with the reconstruction of the i-th class data 

samples, and approximate the given test sample as:
 

 

 

 

Consequently, based on these approximations, we then assign xtest to the class that minimizes 

the residual error between xtest  and x΄
(i)

test: 

 

 

 

6.1.3 Experimental Results
 

We compare the performance of the proposed CSNMF method with those of the NMF [71], 

DNMF [64], and NPAF [67] algorithms for face and facial expression recognition on two 

popular datasets, namely the Extended Yale B [72] and the Cohn-Kanade [73].  

 

Extended Yale B database consists of 2,414 frontal face images of 38 individuals, captured 

under various laboratory controlled lighting conditions. For our experimental setup we have 

randomly selected for each subject half of the images for training, while the rest were used 

for testing. All facial images were anisotropically scaled to a fixed size of 40 * 30 pixels and 

vectorized in order to form the data matrix to be decomposed. Searching for the optimal 

projection subspace, we have trained all algorithms considering subspace dimensionality 

varying from 50 to 200. Table 5 summarizes the highest performance achieved by each 

examined method. CSNMF is superior to NMF and its discriminant variants, outperforming 

NMF, DNMF and NPAF by 10.6%, 7.0% and 6.0%, respectively. 
 

 

NMF DNMF NPAF CSNMF 

85.9% (170) 89.5% (120) 90.5% (110) 96.5% (200) 

Table 5: Best Face Recognition Accuracy Rates in Extended Yale B Database
 

 

To measure the facial expression recognition accuracy, we randomly partitioned the available 

samples derived from Cohn-Kanade database into 5-folds and performed a cross validation. 

This resulted into such a test set formation where some expressive samples of an individual 
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were left for testing, while his rest expressive images (depicting other facial expressions) 

were included in the training set. In our experiments we used 407 images depicting 100 

subjects, posing in 7 different emotional states (anger, disgust, fear, happiness, sadness, 

surprise and the neutral emotional state). Figure 42 shows example images from the Cohn-

Kanade dataset, depicting the six basic facial expressions arranged in the following order: 

anger, fear, disgust, happiness, sadness, surprise and the neutral emotional state.  

 

 
Figure 42: Sample images depicting the different facial expressions from the Cohn-Kanade 

Database. 

 

Table 6 summarizes the highest performance achieved by each examined method and the 

respective projection subspace dimensionality. CSNMF was found to outperform all 

compared algorithms.
 

 

NMF DNMF NPAF CSNMF 

64.9% (180) 65.6% (190) 69.3% (170) 69.7% (200) 

Table 6: Best Average Expression Recognition Accuracy Rates in Cohn-Kanade
 

 

 

6.2 Maximum Margin Random Projection Subspace Pursuit 

Recent studies on facial expression recognition [74] capitalize on the importance of high 

resolution facial images for efficient expression recognition. However, one of the most 

crucial problems that every facial image analysis algorithm encounters, when it is applied on 

such high resolution image data, is the samples high dimensionality, which can range from 

several thousands to hundreds of thousands of extracted image features. Directly dealing with 

such high dimensional data is not only computational inefficient, but also yields several 

problems in subsequently performed statistical learning algorithms, due to the so-called 

“curse of dimensionality”. Thus, in order to overcome this issue and enable facial image 

processing algorithms to exploit high resolution images various techniques have been 

proposed for efficient data embedding (or dimensionality reduction) that obtain a more 

manageable problem and alleviate computational complexity. Such a popular category of 

methods is the subspace image representation algorithms which aim to discover the latent 

image features by projecting linearly or non-linearly the high-dimensional input samples to a 

low dimensional subspace, where an appropriately formed criterion is optimized. 

 

Recently significant attention has been attracted on Compressed Sensing (CS) [75] that 

combines data acquisition with data dimensionality reduction performed by Random 

Projections (RP). RP are a desirable alternative of traditional embedding techniques, since 

they offer certain advantages. Firstly, they are data independent and, consequently, do not 

require a training phase. Secondly, as it has been shown in the literature [76],[77] an 

orthogonal Gaussian random projection matrix preserves the pairwise distances between data 

points in the projection subspace and, thus, can be effectively combined with distance-based 

classifiers, such as Support Vector Machines (SVMs). Another important aspect for real life 
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applications using sensitive biometric data is the provision of security and user privacy 

protection mechanisms, since the use of random features, instead of the actual biometric data 

for e.g. person identification, protects the original data [78] from malicious attacks. 

 

Aiming to address during MOBISERV the elderly people well being verification problem by 

monitoring their emotional state through facial expression recognition, we developed a 

method that integrates optimal data embedding and SVM classification in a single framework 

called Maximum Margin Random Projections (MMRP) algorithm. MMRP directly operates 

on the random features extracted using an orthogonal Gaussian RP matrix and derives an 

optimal projection matrix such that the separating margin between the projected samples of 

different classes is maximized, by exploiting the decision hyperplanes obtained from training 

a SVM classifier. The MMRP approach brings certain advantages, both to data embedding 

and classification. Since it is combined with a classification method, MMRP is appropriately 

tuned towards improving classification performance. Furthermore, in contrast to the 

conventional classification approaches, which consider that the training data points are fixed 

in the input space, the SVM classifier is trained over the projected data samples in the 

projection subspace determined by MMRP. Thus, working on low dimensional data reduces 

the required computational effort. Moreover, since the decision hyperplane identified by 

SVM training is explicitly determined by the support vectors, data outliers and the overall 

data samples distribution inside classes do not affect MMRP performance, in contrast to other 

discriminant subspace learning algorithms, such as LDA which assumes a Gaussian data 

distribution for optimal class discrimination. There are only a few works in the literature that 

classify data acquired by CS techniques [70], [76], [78], [79] and, to our knowledge, the 

proposed MMRP method is the first one that attempts to learn a projection subspace directly 

working on the random features, instead of the original high dimensional data.  

 

 

6.2.1 Maximum Margin Random Projections Algorithm
 

Next we briefly present the MMRP algorithm considering a binary classification problem. 

The develop method has been also extended to multiclass separation problems as well as to 

non-linear cases considering polynomial and Gaussian kernel functions to project data into 

Hilbert spaces, using the so-called kernel trick. For more details regarding these algorithm 

extensions the interested reader is referred to the corresponding journal paper available at the 

end of the current documentation. 

 

The MMRP algorithm aims to identify a low-dimensional projection subspace, where 

samples from classes that are better discriminated, i.e., are separated with maximum margin. 

To do so, MMRP involves three main steps. The first step, performed during the initialization 

of the MMRP algorithm, extracts the random features from the initial data and forms the 

basis of the low-dimensional projection subspace using RP, while the second and the third 

steps involve two optimization problems that are combined in a single iterative optimization 

framework. More precisely, the second step identifies the optimal decision hyperplane that 

separates different classes with maximum margin, in the respective subspace determined by 

the projection matrix, while the third step updates the projection matrix, so that the identified 

separating margin between the projected samples of different classes is maximized. Next, we 

first formulate the optimization problems considered by MMRP, discuss algorithm 

initialization performed using an orthogonal Gaussian random projection matrix and 

demonstrate the iterative optimization framework considering a two class separation problem.  
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6.2.1.1 MMRP Algorithm for the Binary Classification Problem 

Given a set X = {(x1, y1), ..., (xN, yN)} of N training data pairs, where xi 
mR  i = 1, ...,N are 

the m-dimensional input feature vectors and yi   {−1, 1} is the class label associated with 

each sample xi, a binary SVM classifier attempts to find the separating hyperplane that 

separates training data points of the two classes with maximum margin, while minimizes the 

classification error defined according to which side of the decision hyperplane training 

samples of each class fall in. Considering that each training sample of X is firstly projected 

from the initial m-dimensional input space to a low dimensional subspace using a projection 

matrix R mrR * , where r << m and performing the linear transformation x΄i = Rxi, the binary 

SVM optimization problem is formulated as follows: 

 

 

subject to the constraints: 

 

 

where w rR  is the normal vector of the separating hyperplane, which is r-dimensional, 

since training is performed in the projection subspace, b   R is its bias term, ξ = [ξ1, . . . , ξN]
Τ

 

are the slack variables, each one associated with a training sample and C is the term that 

penalizes the training error. 

 

The MMRP algorithm attempts to learn a projection matrix R, such that the low-dimensional 

data sample projection is performed efficiently, thus enhancing the discrimination between 

the two classes. To quantify the discrimination power of the projection matrix R, we 

formulate our MMRP algorithm based on geometrical arguments. To do so, we employ a 

combined iterative optimization framework, involving the simultaneous optimization of the 

separating hyperplane normal vector w and the projection matrix R, performed by 

successively updating the one variable, while keeping the other fixed. Next we first discuss 

the derivation of the optimal separating hyperplane normal vector wo, in the projection 

subspace determined by R and subsequently, we demonstrate the projection matrix update 

with respect to the fixed wo. 

 

6.2.1.1.1 Finding the optimal wo in the projection subspace determined by R: 

The optimization with respect to w, is essentially the conventional binary SVM training 

problem performed in the projection subspace determined by R, rather than in the input 

space. To solve the constrained optimization problem with respect to w, we introduce 

positive Lagrange multipliers αi and βi each associated with one of the constraints and 

formulate the Lagrangian function:  
 

 

The solution can be found from the saddle point of the Lagrangian function, which has to be 

maximized with respect to the dual variables α and β and minimized with respect to the 
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primal ones w, ξ and b. According to the Karush- Kuhn-Tucker (KKT) conditions the partial 

derivatives of the Lagrangian function with respect to the primal variables vanish deriving the 

following equalities: 

 

     

 

 
 

By substituting the terms from the above equalities into the Lagrangian function, we switch 

to the dual formulation, where the optimization problem is reformulated to the maximization 

of the following Wolfe dual problem: 

 
subject to the constraints: 

 
 

Consequently, solving the Wolfe dual problem for α the optimal separating hyperplane 

normal vector wo in the reduced dimensional space determined by R, is derived. 

 

6.2.1.1.2 Maximum Margin Random Projection Matrix Update for Fixed wo: 

 

At each optimization round t we seek to update the projection matrix R
(t−1)

, so that its new 

estimate R
(t)

 improves the objective function by maximizing the margin between the two 

classes. To do so, we first project the high dimensional training samples xi from the input 

space to a low dimensional subspace, using the projection matrix R
(t−1)

 derived during the 

previous step, and subsequently, train the binary SVM classifier in order to obtain the optimal 

Lagrange multipliers αo specifying the normal vector of the separating hyperplane w
(t)

 o.  

 

To formulate the optimization problem for the projection matrix R, we exploit the dual form 

of the binary SVM cost function. However, since term 


N

i

i

1

 is constant with respect to R, we 

can remove it from the cost function. Moreover, in order to retain the geometrical correlation 

between samples in the projection subspace, we constrain the derived updated projection 

matrix R
(t)

 to be orthogonal. Consequently, the constrained optimization problem for the 

projection matrix R update can be summarized as follows: 

 
subject to the constraints: 
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where I is a r×r  identity matrix. 

 

The simplest approach to take the constraint into account, is to update R using any 

appropriate unconstrained optimization algorithm, and then to project R back to the 

constraint set, which is the approach we have followed in this work. More precisely, we first 

solve the aforementioned optimization problem, without the orthogonality constraints on the 

columns of the projection matrix and obtain R΄. Consequently, the projection matrix update is 

accomplished orthonormalizing the columns of R΄ by performing a Gram-Schmidt procedure. 

Thus, we solve for R keeping w
(t)

o fixed, by applying a steepest ascent optimization 

algorithm, which, at a given iteration t, invokes the following update rule: 

 

 
where λt is the learning step parameter for the t-th iteration, while the partial derivative of the 

objective function with respect to R
(t−1)

, is evaluated as: 

 

 
Thus, R΄ 

(t)
 is derived as: 

 
 

Obtaining the projection matrix R΄ 
(t)

 that improves the objective function i.e., it increases the 

separating margin between the two classes in the projection subspace, we subsequently 

orthonormalize its columns to derive R
(t)

. 

 

Deriving the new projection matrix R
(t)

, the previously identified separating hyperplane is no 

longer optimal, since it has been evaluated in the projection subspace determined by R
(t-1)

. 

Consequently, it is required to re-project the training samples using R
(t)

 and retrain the SVM 

classifier to obtain the current optimal separating hyperplane and its normal vector. Thus, 

MMRP algorithm iteratively updates the projection matrix and evaluates the normal vector of 

the optimal separating hyperplane wo in the projection subspace determined by R, until the 

algorithm converges. 

 

6.2.1.1.3 MMRP algorithm initialization 

 

In order to initialize the iterative optimization framework, it is first required to train the 

binary SVM classifier and obtain the optimal wo in a low dimensional subspace determined 

by an initial projection matrix R
(0)

, used in order to perform dimensionality reduction and 

form the basis of the projection subspace. To do so, we construct R
(0)

 as an orthogonal 

Gaussian random projection matrix. To derive R
(0)

, the following procedure is applied. We 

create a m×m matrix G of i.i.d., zero-mean, unit variance Gaussian random variables and 
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partition it into the m×r matrix Q and the m×(m−r) matrix P, thus G = [Q P]. Consequently, 

we orthogonalize the rows of G and create an orthonormal matrix G┴ = [Q┴ P┴]. To do so, we 

normalize the first row of G and orthogonalize the remaining rows with respect to the first, 

via a Gram-Schmidt procedure. This procedure results in the Gaussian random projection 

matrix R
(0)

 = Q┴
T

 having orthonormal columns that can be used for the initialization of the 

iterative optimization framework. 

 

6.2.1.2 Experimental Results 

We compare the performance of the proposed method for facial expression and face 

recognition, with several state-of-the-art dimensionality reduction techniques extracting 

holistic face features, such as Eigenfaces (PCA) [80], Fisherfaces (LDA) [81], Laplacianfaces 

(LPP) [82], Orthogonal Laplacianfaces (OLPP) [83] and the linear approximation of the LLE 

algorithm called Neighborhood Preserving Embedding (NPE) [84]. Moreover, in this 

comparison, we have also considered Randomfaces, resulting by projecting facial images 

using RP and also directly feeding the initial high dimensional samples to a multiclass SVM 

classifier, to serve as our baseline testing methods. Experiments have been performed on the 

Cohn-Kanade database [73] for facial expression recognition and on the Extended Yale B 

[72] and AR Datasets [74] for face recognition.  Here we briefly report experimental results 

for facial expression recognition derived from the Cohn-Kanade database. For more details 

regarding the conducted experiments on all considered databases the interested reader is 

referred to the corresponding published work available at the end of the current 

documentation.  

 

As our classification features, we either consider only the facial image intensity information 

or its Gabor wavelet representation, which provides robustness to illumination and facial pose 

variations. The exploited Gabor features were extracted by convolving each facial image with 

a Gabor kernel considering 5 different scales and 8 directions. Thus, for each facial image, 

we extract 40 Gabor wavelet representations which are first downsampled and normalized, so 

as to have zero mean and unit variance and, subsequently, are concatenated into a single 

Gabor feature vector.  

 

In order to train the proposed MMRP algorithm and derive the maximum margin projection 

matrix, we have combined our optimization algorithm with LIBLINEAR. Moreover, for the 

fairness of the experimental comparison, the discriminant low-dimensional facial 

representations derived from each examined algorithm were also fed to the same multiclass 

SVM classifier implemented in LIBLINEAR for classification. We should note that, by 

adopting LIBLINEAR we explicitly exploit a linear kernel. However, as it has been shown in 

the literature, linear SVMs are already appropriate for separating different classes and also 

makes it possible to directly compare between different algorithms and draw trustworthy 

conclusions regarding their efficacy. Nevertheless, better performance could be achieved by 

MMRP algorithm by projecting the input high dimensional samples non-linearly and using 

non-linear kernel SVMs for their classification. 
 

6.2.1.2.1 Facial Expression Recognition in the Cohn-Kanade Database 

 

To form our data collection derived from Cohn-Kanade dataset we performed face detection 

on its images depicting each facial expression formed at its highest intensity level and 

subsequently manually aligned with respect to the eyes position the resulting facial Regions 

Of Interest (ROIs). The aligned images, were anisotropically scaled to a fixed size of 
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150×200 pixels and converted to grayscale. Thus, in our experiments, we used in total 407 

images depicting 100 subjects, posing 7 different expressions (anger, disgust, fear, happiness, 

sadness, surprise and the neutral emotional state). 

 

To measure the facial expression recognition accuracy, we randomly partitioned the available 

samples into 5-folds and a cross-validation has been performed by feeding the projected 

discriminant facial expression representations to the linear SVM classifier. Table 7 

summarizes the best average facial expression recognition rates achieved by each examined 

embedding method, across different subspace dimensionalities varying from 3 to 500, both 

for the considered facial image intensity and the Gabor features. The mean facial expression 

recognition rates attained by directly feeding the initial data to the linear SVM classifier are 

also provided in that table. Considering the facial image intensity as the chosen classification 

features, MMRP outperforms, in terms of recognition accuracy, all other competing 

embedding algorithms by more than 3% compared against the second best performing 

method, which is PCA. The best average expression recognition rate attained by MMRP is 

80.4% using 150-dimensional discriminant representations of the initial 30,000-dimensional 

input samples. Gabor features also significantly improved the recognition performance of the 

MMRP algorithm by more than 9% reaching an average recognition rate of 89.7%. Again 

MMRP had the best performance, outperforming the second best method (LDA) by 

approximately 3%. 

 

 

 SVM PCA LDA LPP OLPP NPE RP MMRP 

Intensity 
73.5 

(30,00) 
77.3(325) 74.2(6) 76.6(6) 75.2(6) 76.4(6) 75.2(500) 80.4(150) 

Gabor 
77.8 

(48,000) 
85.2(325) 86.5(6) 85.5(6) 83.3(6) 84.8(6) 79.8(500) 89.7(325) 

Table 7: Best average expression recognition accuracy rates (%) in Cohn-Kanade database. In 

parenthesis it is shown the dimension that results in the best performance for each method. 
 

It is significant to highlight the difference in expression recognition performance between 

PCA, RP and the proposed algorithm in low dimensional projection spaces. Figure 43 shows 

the average facial expression recognition accuracy attained by each method when the 

projection subspace dimensionality varies from 3 to 325. As it can be observed, MMRP not 

only performs robustly independently of the size of the projection space, but also the gain in 

recognition accuracy goes up to 50% in very low dimensional projection spaces (i.e. 

considering a 3D projection space), where the other methods appear to attain a significantly 

degraded performance.  
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Figure 43 : Average expression recognition rates in the Cohn-Kanade Database for low 

dimensional projection spaces. 

 

 

Figure 44 demonstrates the attained by MMRP average facial expression recognition rate 

when the initial 48,000 dimensional Gabor wavelet representations are projected on a 3D 

space, versus the number of MMRP algorithms iterations. As it can be observed, since 

MMRP at the first iteration exploits the initialized orthogonal Gaussian random projection 

matrix, its initial recognition performance is 40.2%, identical to that achieved using RP. 

However, as MMRP algorithm enhances classes discrimination in the projection space after 

each iteration, the mean expression recognition rate radically increases reaching a highest 

recognition rate of 88.3%. 

 

 
Figure 44 : Average expression recognition rates attained by MMRP versus the number of 

algorithms iterations. The initial 48,000 dimensional Gabor wavelet representations derived 

from Cohn-Kanade database are projected on a 3D space. 
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6.3 Facial Expression Recognition based on Space-time Interest 

Points and Minimum Class Variance Extreme Learning 

Machine  

Facial expressions can be represented as a collection of features calculated on video locations 

of interest. This representation exploits local information appearing in video locations that 

contain Space-time Interest Points (STIPs). STIPs are image pixels that either correspond to 

video frame interest points which are tracked during action execution or that are subject to 

abrupt intensity value variations. Example STIPs are illustrated in Figure 45.  As can be seen 

in this figure, such video frame interest points can be used even for human action description, 

since in that case, they correspond to human body regions involved in the movement.   

 

 
Figure 45: Example STIP locations 

 

After obtaining the STIP locations, shape (Histogram of Oriented Gradients – HOG) and 

motion (Histogram of Optical Flow – HOF) descriptors are calculated at the STIPs and 

concatenated in order to create a set of HOG/HOF vectors , i = 1,…,NV, j = 

1,…,Ni, where i refers to the video index and j runs along the video frames of video i.  

 

The training HOG/HOF vectors are clustered by applying K-Means algorithm in order to 

produce a codebook containing D representative HOG/HOF vectors zd, d=1,…,D. zd are 

determined to be the cluster mean vectors. 

 

After codebook calculation, each HOG/HOF vector is mapped to the so-called distance 

vector, which encodes the fuzzy similarity between the HOG/HOF vector and all the 

codebook vectors, according to a fuzzification parameter m: 

 

 
 

Distance vectors are normalized to produce the so-called membership vectors: 
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Then mean of all the membership vectors corresponding to a video, which is called 

expression vector, is used to represent it: 

 
 

Expression vectors are normalized in order to have zero mean and unit variance. 

 

Training expression vectors si, i=1,…,NV, are employed in order to grain a single-hidden 

layer feedforward neural network. We propose a new fast algorithm for single-hidden layer 

feedforward neural networks training that integrates the effectiveness of both the Extreme 

Learning Machine (ELM) algorithm and the Discriminant Analysis techniques, like Linear 

Discriminant Analysis (LDA) and Clustering based Discriminant Analysis (CDA), the so-

called Minimum Class Variance Extreme Learning Machine (MCVELM). 

 

The MCVELM network consists of D input, L hidden and NA output neurons, where NA is 

the number of facial expression classes involved in the training process. The network’s 

topology is illustrated in Figure 46. 

 
Figure 46: The MCVELM network topology 

 

The networks input weights  and the hidden layer bias values  are 

randomly assigned. For a given training expression vector si, the networks hidden layer 

output is a vector of the form φi = [Φi1 Φi2 ... ΦiL]
T
, where Φij is given by employing the 

sigmoid function: 

 
 

The hidden layer neurons outputs corresponding to all the training expression vectors are 

stored in a matrix Φ: 
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The network’s output weights can be analytically calculated by solving the following 

optimization problem: 

 

where ,  are network’s target and training error vectors 

corresponding to expression vector si. Sw is the within-class scatter matrix of the training 

expression vectors in the feature space determined by the network’s hidden layer outputs. Sw 

has been defined in LDA as:  

 
βij is an index denoting if training expression vector si belongs to facial expression class j and 

Nj is the number of training expression vectors belonging to facial expression class j. μj is the 

mean vector of class j, i.e.: 

 
 

Alternatively, Sw can be calculated by using the CDA notation by: 

 
where it is assumed that each facial expression class j consists of bj clusters containing Njk, 

j=1,…,NA, k=1,…,bj expression vectors each. The mean cluster vector of cluster k of facial 

expression class j is given by: 

 
 

Using this notation, the network’s output weights can be analytically calculated by: 

 
 

In the test phase, a test expression vector is introduced to the MCVELM network and is 

classified to the facial expression class that corresponds to the network’s maximum output: 

 
 

 

6.3.1 Experimental results 

In order to assess the performance of the above described method, we have conducted 

experiments on a facial expression database containing low resolution (152 x 194 pixel) 

videos depicting two persons performing six different emotions under two lighting setups. 

Example video frames depicting the expressions appearing in the database are illustrated in 

Figure 47.  
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Figure 47: Video frames of the facial expression database. From left to right: anger, disgust, 

fear, joy, sadness, surprise. 

 

We have conducted two sets of experiments. In the first one we have performed the Leave-

one-person-out cross validation procedure by using all the videos of the persons. That is, a 

lighting condition independent experimental setup has been used. Facial expressions 

recognition rates equal to 77.34% and 78.56% have been obtained for the CDA and the LDA 

based MCVELM algorithms, respectively. The confusion matrices corresponding to these 

experiments are illustrated in Figure 48 and Figure 49, respectively. 

 

In our second set of experiments we have used the videos depicting one person in one 

lighting condition to train the algorithms and the videos depicting the remaining person in the 

remaining lighting condition have been used for testing. This procedure has been performed 

four times, one for each person-lighting condition combination, in order to complete an 

experiment. Facial expressions recognition rates equal to 76.04% and 76.56% have been 

obtained for the CDA and the LDA based MCVELM algorithms, respectively. The confusion 

matrices corresponding to these experiments are illustrated in Figure 50 and Figure 51, 

respectively. 

 

 
Figure 48: Confusion matrix on the facial expression database for the LDA based MCVELM 

algorithm for the lighting independent experimental setting 
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Figure 49: Confusion matrix on the facial expression database for the CDA based MCVELM 

algorithm for the lighting independent experimental setting 

 

 
Figure 50: Confusion matrix on the facial expression database for the LDA based MCVELM 

algorithm for the cross-lighting conditions experimental setting 

 

 
Figure 51: Confusion matrix on the facial expression database for the CDA based MCVELM 

algorithm for the cross-lighting conditions experimental setting 

 

As can be seen these Figures, four facial expressions, i.e., anger, joy, sadness and surprise, 

are almost perfectly recognized in both the experimental settings. Facial expressions disgust 

and fear are more difficult to be recognized. This is due to the fact that these two emotions 

involve small facial motion and, thus, the number of detected STIPs is small in both cases. 

Furthermore, these two emotions contain a large number of similar facial poses and, thus, are 

more difficult to be distinguished. 
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6.4 Facial Expression Recognition based on Robust Statistics 

Support Vector Machine  

Support Vector Machine (SVM) has been extensively used in many classification problems, 

including Facial Expression Recognition. In an attempt to increase the generalization 

performance of the standard SVM algorithm we have investigated the use of statistically 

robust location and dispersion estimators. We have devised a method for one-class 

classification, in the context of multi-class SVMs, which uses the covariance matrix of only 

one class, i.e., the class of interest, while ignoring the dispersion of other classes. The MCD 

robust covariance estimator has been employed to this end. We have shown that the use of 

such an estimator for covariance matrix calculation is able to overcome the Gaussian data 

assumption. Furthermore, we have shown that the use class-specific covariance estimation 

outperforms the class-independent one. The proposed SVM variant has been applied in facial 

expression recognition providing enhanced classification performance.  
 

6.4.1 Experimental Results
 

We have evaluated the performance of the proposed SVM algorithm on two facial expression 

databases named JAFFE [87] and FU3DFE [86]. The performance of the proposed algorithm 

has been compared with that of other SVM variants, i.e., the standard SVM algorithm 

(SVM), the Minimum Covariance SVM algorithm (MCVSVM) and the class-specific 

Minimum Covariance SVM (CSMVSCM). The proposed algorithms are noted as Robust 

MCVSVM (RobMCVSVM) and Robust CSMSVM (RobCSMSVM).  

 

The experimental setting used in all the experiments is the 5-fold cross-validation procedure. 

In more details, we excluded 20% of the persons appearing in the database and trained the 

algorithms using the remaining persons. Evaluation has been applied by using the persons 

that have been excluded from the training phase. In order to examine the generalization of the 

competing algorithms in the case of not-aligned facial images, we have used the enriched 

datasets employed in [88]. They consist of manually translated images into the training set. 

During testing, only the aligned facial images are employed. 

 

In order to train and test the algorithms, each facial image has been rescaled and vectorized in 

order to produce a 1200-dimensional facial vector. To reduce the facial vector 

dimensionality, we have applied Principal Components Analysis (PCA) in order to retain 

94% of the energy of the enriched dataset.  

 

The obtained classification rates, for the above described experiments, are illustrated in Table 

8. As can be seen, the RobCSMVSVM algorithm outperforms all the other competing ones. 

Compared with the other classifiers, we conclude that both our initial assumptions for robust 

covariance matrix calculation and the class specific minimum variance boost the SVMs to 

perform better in facial expression recognition rates. 

 

 RobCSMSVM RobMCVSVM CSMSVM MCVSVM SVM 

BU3DFE 67.28 % 65.43% 62.57% 61.40% 61.70% 

JAFFE 60.18% 58.80% 59.25% 58.80% 57.50% 

Table 8: Facial Expression Recognition Accuracies 
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6.5 Previous works summary 

6.5.1 Nonlinear Subclass Discriminant Non-negative Matrix Factorization 

for Facial Expression Recognition 

According to various psychological studies, human communication is mainly performed by 

nonverbal means, such as gestures, and essentially, by facial action [147]. These studies 

highlight the informative content of facial actions, as the most important source of 

information for understanding human emotional state and behavior. Moreover, the ability to 

recognize certain facial expressions is of key importance in various fields, as for instance, in 

human behavior analysis, human computer interaction, computer-based learning, 

entertainment, psychiatry etc. many of which are in the core or of the broader interest of the 

MOBISERV project. 

It is common knowledge that the spatial facial image dimensionality is much higher than that 

exploited by many facial image analysis applications. This fact necessitates to seek for 

efficient dimensionality reduction methods for appropriate facial feature extraction, which 

will alleviate computational complexity and boost the performance of succeeding facial 

features processing algorithms. Such a popular category of methods, is the subspace image 

representation algorithms which aim to discover the latent facial features by projecting 

linearly or non-linearly a facial image to a low dimensional subspace, where a certain 

criterion is optimized. 

Non-negative Matrix Factorization (NMF) [148], is a popular subspace learning algorithm 

widely used in image processing. It is an unsupervised data matrix decomposition method 

that requires both the data matrix being decomposed and the yielding factors to contain non-

negative elements. The non-negativity constraint imposed in the NMF decomposition implies 

that the original data are reconstructed using only additive and no subtractive combinations of 

the yielding basic elements. This limitation distinguishes NMF from many other traditional 

dimensionality reduction methods, such as Principal Component Analysis (PCA), 

Independent Component Analysis (ICA) or Singular Value Decomposition (SVD). 

A supervised NMF learning method that aims to extract discriminant facial parts is the 

Discriminant NMF (DNMF) algorithm [134]. DNMF incorporates a discriminant factor 

inspired by Linear Discriminant Analysis (LDA) [149] in the NMF factorization and achieves 

a more efficient decomposition of the provided data in their discriminant parts, thus 

enhancing separability between classes. However, the considered discriminant factor 

possesses two certain deficiencies inherited from the LDA optimality assumption. Firstly, it 

assumes that the sample vectors of each class are generated from underlying multivariate 

normal distributions of common covariance matrix but with different means. Secondly, since 

this approach assumes that each class is represented by a single compact data cluster, the 

problem of non-linearly separable classes cannot be solved. However, in some cases this can 

be tackled if we consider that each class is partitioned into a set of disjoint clusters 

(subclasses) and perform a discriminant analysis aiming at subclasses separation. 

Unfortunately, in real world applications, data distribution usually does not correspond to 

compact sets. This is common e.g. in facial expression recognition, since there is no unique 

way that people form certain expressions and moreover, there are other factors, such as pose, 

texture and illumination variations that lead to expression subclasses.  

Recent studies have revealed the subclass structure of facial expression samples distribution 

in the initial facial space [150]. To overcome the aforementioned limitations and perform 

facial expression recognition efficiently we investigated during MOBISERV project to relax 
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the assumption that each expression class consists of a single compact data cluster and to 

regard that they form various expression subclasses, where each one is approximated by a 

Gaussian distribution. Consequently, we approximated the underlying distribution of each 

class as a mixture of Gaussians and applied criteria inspired by the Clustering based 

Discriminant Analysis (CDA) introduced in [150]. Moreover, we extended NMF 

reformulating its cost function that drives the optimization process by embedding appropriate 

discriminant constraints and proposed a novel algorithm, called Subclass Discriminant NMF 

(SDNMF). SDNMF aims to find discriminant projections that enhance class separability in 

the reduced dimensional space, by imposing discriminant criteria that assume multimodality 

of the available training data. To solve the SDNMF problem, we developed update rules that 

consider not only samples class origin but also subclasses formation inside each class. In 

addition, in order to exploit the well established optimization properties of [151], that ensure 

stationarity of the reached limit point, we solved SDNMF problem using an iterative 

projected gradients optimization framework. Finally, we also derived the non-linear 

counterpart of SDNMF that projects training data to high dimensionality Hilbert spaces and 

proposed a set of update rules that consider polynomial projection spaces of arbitrary degree. 

Experiments for facial expression recognition have been conducted on two popular databases 

namely the Cohn-Kanade database [91] and the BU-3DFE dataset [92] considering in our 

evaluations popular competing NMF-based algorithms [151]. Our developed non-linear 

SDNMF algorithm outperformed achieving the highest facial expression recognition rates. 

 

 

6.5.2 Facial Expression Recognition based on Kernel Learning 

We have proposed a kernel optimization method for dimensionality reduction techniques, like 

Kernel Principal Components Analysis (KPCA) and Kernel Discriminant Analysis (KDA). 

Our work is based on the graph embedding framework. We have formulated a new 

minimization problem to simultaneously optimize the kernel parameters and the data 

projection matrix of the chosen dimensionality reduction method. Contrary to all the methods 

proposed in the literature which determine the kernel parameter values in a try-and-error way, 

our method provides a systematic way to deal with the kernel parameters. 

 

The proposed dimensionality reduction scheme incorporates the kernel matrix in the 

optimization problem and solves it with respect to both the data projection matrix and the 

kernel hyper-parameters. The original graph embedding optimization problem is transformed 

to a matrix condition number problem in order to find a solution of the hyper-parameters of 

the kernel matrix. A numerical method to solve the resulting optimization problem based on 

semidefinite programming (SDP) is also given. Comparison results between the standard 

kernel approach and the proposed one, are illustrated in Table 9 for the Cohn-Kanade and in 

Table 10 for the Extended Yale B and the ORL databases, respectively.  
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Table 9 : Experimental results for facial expression recognition on the Cohn-Kanade dataset 

 

 

 
Table 10 : Experimental results for face recognition on the Extended Yale B and ORL datasets 
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7 Nutrition support prototype Summary 

7.1 Eating/Drinking activity recognition module application 

 

A module that implements the eating/drinking activity recognition functionalities, based on 

Artificial Neural Networks (ANNs) has been implemented in C++ environment. The module 

initiates the operation of a USB camera and operates by using the video frames captured by 

this camera. For illustration purposes, during its operation, two windows appear in the screen, 

as illustrated in Figure 52. The first one displays the original video frames captured by the 

camera, while the second displays the binary images extracted by applying a color-based 

video frame segmentation technique. As can be seen in Figure 52, the algorithm/s output, i.e., 

the recognized activity class, is also displayed at the top-left corner of the binary image 

displayed in the second window in real time. These activity recognition results are stored in a 

TXT file for further postprocessing. Finally, at the top of the second window, six trackbars 

are provided, where the user can modify the thresholds relating with the adopted color-based 

image segmentation technique. These thresholds are initialized at the beginning of the 

execution with generalized values obtained by our preliminary work on image segmentation. 

The user is free to tune them in the cases where low quality binary images are generated due 

to lighting conditions.  

 

 
Figure 52 Instance of the eating/drinking activity recognition module applied on a video 

sequence from MOBISERV-AIIA database. The recognized activity is ‘eating’.  

 

 

 



D4.4: Final visual information analysis and ontologies for indoor context aware and nutrition support  88/105 

7.2 Integration in ROBULAB 

 

The eating/drinking activity recognition functionalities have been integrated to the 

MOBISERV platform. Since the platform operates using C# services, a C# wrapper service 

has been implemented. This service is able to initiate and terminate the eating/drinking 

activity recognition module and is used by the Interaction Manager in order to integrate the 

eating/drinking functionalities in the MOBISERV environment. Furthermore, the service 

stores the frame-based activity recognition results in XML files for further postprocessing. In 

order to test the service, a Graphical User Interface (GUI) has been implemented. This GUI 

gives the user the ability to initiate and terminate the eating/drinking module, by using two 

buttons, in the same manner that the Interaction Manager will do. Furthermore, the GUI 

interface provides the user the ability to call the DecisionMaker module and ask whether the 

person has eaten or drank. An example snapshot of this operation, during our evaluations, is 

illustrated in Figure 53.  

 

 
Figure 53 : Interaction Manager GUI operation example 

 

 

7.3 XML description structures 

The eating/drinking activity recognition results are stored to XML files in order to be 

accessible for further postprocessing and decision making. We have developed an XML 

scheme based on the emotionML, as has been described in D4.3. Two C++ libraries, named 

as EatingML and DrinkingML, have been developed for writing and parsing the activity 
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recognition results. Along with the recognition result and the time it was recognized, 

confidence levels for the recognized activity class can be included in the XML file. An 

example of eating activity recognition instance in the XML file is illustrated in Figure 54. 

Drinking activity recognition results are stored in the same manner. The implementation is 

based on the Xerces API.  

 

 
Figure 54:Eating ATOM Example 

 

  <eatingATOM date="2011-05-23T17:22:01F250000">     

 <category name="ea" set="EatingATOMs" confidence="0.99"/>     

  <link end="1.00s" start="0.00s" uri="aaa.avi"/>  

  </eatingATOM> 
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8 Facial Expression Recognition prototype 

Summary 

8.1 Facial expression recognition module  

The Maximum Margin Random Projections (MMRP) algorithm developed during the 

MOBISERV project and has been successfully applied for facial expression recognition 

aiming to address the elderly people well being verification problem by monitoring their 

emotional state through facial expression recognition. MMRP algorithm aims to identify a 

low-dimensional projection subspace, where samples form classes that are better 

discriminated, i.e., are separated with maximum margin. To do so, MMRP involves during 

training three main steps. The first step, performed during the initialization of the MMRP 

algorithm, extracts the random features from the initial data and forms the basis of the low-

dimensional projection subspace using random projections, while the second and the third 

steps involve two optimization problems that are combined in a single iterative optimization 

framework. More precisely, the second step identifies the optimal decision hyperplane that 

separates different classes with maximum margin, in the respective subspace determined by 

the projection matrix, while the third step updates the projection matrix, so that the identified 

separating margin between the projected samples of different classes is maximized. For more 

details regarding the formation of the appropriate cost functions and their optimization in 

order to derive the optimal projection matrix the interested user is referred to [90]. During 

testing, face recognition is performed on every video frame and the identified facial Regions 

Of Interest (ROIs) are aligned according the eyes position, anisotropically scaled to a fixed 

size of 160 * 120 pixels, transformed to grayscale images and vectorized in order to form a 

test vector. The resulting test vector is subsequently projected into a low dimensional 

subspace, using the projection matrix identified during MMRP algorithms training, in order 

to extract its low dimensional discriminant representation. This low dimensional discriminant 

feature vector is subsequently fed to a trained SVM classifier in order to be assigned to an 

expression class. During modules execution, the recognized facial expressions are stored in 

an EmotionML compliant XML file that contains entries on a video frame basis providing 

appropriate date and facial expression descriptors. Figure 55 shows an example of the 

application of our developed facial expression recognition module on one of the recorded 

videos which is part of the ANANZ facial expression database.  
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Figure 55: Facial expression recognition performed on a video from the ANANZ facial 

expression database. 

 

 

8.2 Integration in ROBULAB 

In order to integrate the facial expression recognition module to the MOBISERV platform, a 

C# wrapper has been implemented. The developed C# service has been used in order to test 

our implemented module and practically operates as the Application Manager. That is the 

implemented rapper is able to initiate and terminate the expression recognition process, 

similarly as the MOBISERV application Interaction Manager does at the final project 

deliverable. In order to call the implemented initialization and termination routines a simple 

Graphical User Interface (GUI) has been implemented displaying two buttons. The “Start” 

button invokes the routines that loads the involved parameters, initializes the MMRP 

algorithm and starts the recognition process, while pressing the “Stop” button terminates 

recognition session and saves the facial expression recognition results in an EmotionML 

compliant XML file containing the expression recognition results during the time of 

execution. Moreover, through the same GUI interface we are also able to call the 

DecisionMaker module and retrieve results regarding the appearance of each recognized 

expression.   

 

8.3 Decision maker - XML description structures 

A full implementation in C++ of the EmotionML description scheme is made in order to 

encode output data of the facial expression recognition module. The EmotionML library is an 

object-oriented library, which has all the adequate objects in a one-to-one correspondence 

with the EmotionML description scheme. For the implementation, the Xerces API is used. 

Programmer manual is provided in Error! Reference source not found..  

 

The structured XML schema is defined using descriptors. The considered date and name 

descriptors provide information of the time as well as of the category of the recognized 

expression. More precisely, the name descriptor is used in order to store the recognized facial 

expression in one of the considered expression classes namely Anger, Disgust, Fear, 

Happiness, Sadness, Surprise and Neutral. Moreover, date descriptor is used in order to store 

the time when the recognized event occurred derived by converting system time to ISO-897 

time. Several such Emotion descriptors are listed in an EmotionML Document scheme during 

the facial expression recognition module execution. In Figure 56 an example of the Emotion 

descriptor is shown where the recognized expression is Disgust. 

 

  

 
 

Figure 56: Example of the Emotion XML Descriptor 

 

 

Emotion Decision Maker receives a query by the interaction manager containing the start 

time at which we want to initiate monitoring of the results. Therefore, it parses the stored 
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EmotionML file that contains the recognized facial expressions and returns 9 values. These 

values declare the percentage of each emotion within the time specified, normalized as zero-

to-one values. More precisely the first 7 values declare each expressions appearance arranged 

in the following order: Anger, Disgust, Fear, Happiness, Sadness, Surprise and Neutral which 

values sum up to one. Finally the last 2 values declare the percentages for the negative and 

positive arousal. 
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9 Publications 

The work on WP4 until M36 has been described in detail in the following articles that have 

already accepted/published.  

 

Journal papers 

[1]  A. Iosifidis, A. Tefas and I. Pitas: “Multidimensional Sequence Classification based 

on Fuzzy Distances and Discriminant Analysis, IEEE Transactions on Knowledge and 

Data Engineering, accepted for publication. 

[2]  A. Iosifidis, A. Tefas and I. Pitas, “Dynamic action recognition based on Dynemes 

and Extreme Learning Machine”, Pattern Recognition Letters, accepted for 

publication. 

 

Conference papers 

[3]  A. Iosifidis, A. Tefas and I. Pitas, "Multi-view Human Action Recognition Under 

Occlusion Based on Fuzzy Distances and Neural Networks" in Proc. 2012 European 

Signal Processing Conference, Bucharest, Romania, August 27-31, 2012. 

[4]  A. Iosifidis, A. Tefas and I. Pitas, "Discriminant Action Representation for View-

Invariant Person Identification" in Proc. IEEE 2012 International Conference on 

Image Processing, Orlando, Florida, USA, September 30 - October 3, 2012. 

[5]  O.Zoidi, A.Tefas and I.Pitas, "Visual Object Tracking via Gabor-based Salient 

Features Extraction", in Proc. 2012 European Signal Processing Conference, 

Bucharest, Romania, August 27-31, 2012. 

[6]  N.Vretos, A.Tefas and I.Pitas, “Facial Expression Recognition with Robust 

Covariance Estimation and Support Vector Machines”, 2012 IEEE International 

Workshop on Machine Learning for Signal Processing, Santander, Spain, September 

24-27, 2012. 
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On the optimal class representation in Linear
Discriminant Analysis

Alexandros Iosifidis, Anastasios Tefas, and Ioannis Pitas

Abstract—Linear Discriminant Analysis (LDA) is a widely used
technique for supervised feature extraction and dimensionality
reduction. LDA determines an optimal discriminant space for
linear data projection based on certain assumptions, e.g. on using
normal distributions for each class and employing class represen-
tation by the mean class vectors. However, there might be other
vectors that can represent each class, in order to increase class
discrimination. In this paper, we propose an optimization scheme
aiming at the optimal class representation, in terms of Fisher
ratio maximization, for LDA-based data projection. Compared
to the standard LDA approach, the proposed optimization scheme
achieves higher classification rates in publicly available data sets.

Index Terms—Linear Discriminant Analysis, Class represen-
tation, Subspace learning, Data projection.

I. INTRODUCTION

Linear Discriminant Analysis (LDA) [1] is a well-known
algorithm for feature extraction and dimensionality reduction,
aiming at finding an optimal reduced dimensionality space for
data projection, in which the classes are better discriminated.
The adopted criterion is the ratio of the between-class scatter to
the within-class scatter in the projection space, which is, usu-
ally, referred to as Fisher ratio. By maximizing this criterion,
maximal class discrimination is achieved. The main idea of
standard LDA is that the classes in the reduced dimensionality
space should be as far from another and as close to their the
mean as possible. LDA optimality is based on the assumptions
that: a) all classes follow normal distributions having the
same covariance structure and b) each class is represented
by the mean class vector. Although relying on rather strong
assumptions which do not hold in many applications, it has
proven very powerful and it has been widely used in many
applications, such as facial expression recognition [2] and
human action recognition [3] and person identification [4].

This work is motivated by the observation that other class
representation in the input space than the class mean, result in
different scatter matrices and, finally, in a different projection
space that could provide superior class discrimination. Con-
sider the example illustrated in Figure 1. In Figure 1a, 2D
data are illustrated that resulted from Principal Component
Analysis (PCA) on 10-dimensional (10D) data forming three
classes following normal distributions. Let pi, i = 1, 2, 3 and
qi, i = 1, 2, 3 represent random vectors that can be used
as class representatives instead of the sample mean vectors
µi, i = 1, 2, 3 in the LDA optimization procedure. Figure
1b illustrates the projection space obtained by applying LDA

A. Iosifidis, A. Tefas and I. Pitas are with the Department of Informatics,
Aristotle University of Thessaloniki, Thessaloniki 54124, Greece. e-mail:
{tefas,pitas}@aiia.csd.auth.gr.

on the 10D data using the mean class vectors µi for class
representation, while Figures 1c and 1d illustrate the projection
spaces obtained by applying LDA using vectors pi and qi for
class representation, respectively.

As can be seen, the three class data projections obtained by
using three different class representations in the input space
are quite different. That is, various discriminant LDA spaces
can be formed, depending on the class representation choice
in the input space, which offer different discrimination ability
and recognition performance. Since LDA optimality is based
on Fisher ratio maximization, one may think that the optimal
class representation can be obtained by an optimization proce-
dure maximizing Fisher ratio. Therefore, we are interested in
finding the class vectors in the reduced dimensionality space
that are as far from one another and as close to the class
samples as possible. As we shall show in next sections, this
can be done by performing an iterative optimization procedure
with respect to both the projection matrix and the chosen class
representation.

The paper is structured as follows. Section II presents
an overview of the standard LDA algorithm. In Section III,
we present the proposed optimization scheme. Experimental
results assessing its performance are illustrated in Section VI
and conclusions are drawn in Section VIII.

II. STANDARD LDA

Given a set of D-dimensional data belonging to C classes,
xij ∈ RD, i = 1, ..., C, j = 1, ..., Ni,

∑C
i=1 = N , and their

class labels lij = i, standard LDA aims to find a projection
matrix W ∈ RD×d, such that yij = WTxij ∈ Rd is the image
of xij in a d-dimensional feature space, where classes achieve
maximal compactness and discrimination.

Let us assume that the data are centered to 0, i.e.,
1
N

∑C
i=1

∑Ni

j=1 xij = 0, where 0 ∈ RD is a vector of zeros1.
The optimal projection matrix W∗ is obtained by maximizing
the ratio of the between-class scatter matrix Sb to that of the
within-class scatter matrix Sw in the projection space. Sb, Sw
are defined as follows:

Sb =

C∑
i=1

Ni mim
T
i , (1)

Sw =

C∑
i=1

Ni∑
j=1

(yij −mi)(yij −mi)
T , (2)

where mi ∈ Rd is the mean vector of class i in the projection
space, i.e., mi = 1

Ni

∑Ni

j=1 yij . Since yij are not a priori

1This can always be done by using x̃ij = xij − µ, i = 1, . . . , C, j =

1, . . . , Ni, where µ = 1
N

∑C
i=1

∑Ni
j=1 xij .
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(a) (b) (c) (d)

Fig. 1. a) PCA space for data forming three classes following normal distributions and LDA spaces obtained by representing classes with b) the mean class
vectors µi, c) vectors pi and d) vectors qi.

known, it is convenient to express Sb, Sw by using xij . It can
be shown that Sb = WT S̈bW and Sw = WT S̈bW, where:

S̈b =

C∑
i=1

Ni µiµ
T
i , (3)

S̈w =

C∑
i=1

Ni∑
j=1

(xij − µi)(xij − µi)
T . (4)

µi =
1
Ni

∑Ni

j=1 xij is the mean vector of class i n the input
space.

By using the traces of Sb, Sw to measure the between-class
and within-class scatter, the optimal projection matrix W∗ can
be obtained by maximizing Fisher ratio:

W∗ = argmax
WTW=I

J (W), (5)

J (W) =
Tr(WT S̈bW)

Tr(WT S̈wW)
. (6)

Tr (A) denotes the trace of matrix A. The constraint
WTW = I is conventionally added in order to obtain a
set of orthogonal and normalized projection vectors. Another
version of LDA [5] exploits the equality S̈T = S̈b + S̈w
in order to maximize an equivalent to (6) criterion, i.e.,
J (W) = Tr(WT S̈bW)

Tr(WT S̈TW)
. S̈T =

∑C
i=1

∑Ni

j=1 xijx
T
ij is the total

data scatter matrix.
That is, the optimal projection matrix W∗ is obtained by

solving the so-called trace ratio optimization problem, which
has been used by a number of supervised and unsupervised
dimensionality reduction algorithms, such as PCA, ISOMAP,
LLE, etc. However, the trace ratio problem does not have a
direct closed-form globally optimal solution. Therefore, it is
conventionally approximated by solving the ratio trace prob-
lem, i.e., J̃ (W) = Tr

[
(WT S̈bW)−1(WT S̈wW)

]
, which is

equivalent to the optimization problem Swv = λSbv, λ 6= 0,
and can be solved by performing eigenanalysis to the matrix
S = S−1b Sw in the case where Sb is invertible, or S = S−1w Sb
in the case where Sw is invertible.

Although the trace ratio problem does not have a closed
form solution, it has been shown in [6], [7], [8] that the original
trace ratio problem can be converted to an equivalent trace
difference problem having the form:

J̃ (W, λ) = Tr
[
WT

(
S̈b − λS̈w

)
W
]
, (7)

where λ ≥ 0 is the trace ratio λ = Tr(WT S̈bW)

Tr(WT S̈wW)
. The best

trace ratio value λ∗ can be calculated by applying an iterative
procedure. For more details on the λ∗ calculation please refer

to [6], [7], [8], [9]. After obtaining λ∗, the optimal projection
matrix W∗ is obtained by:

W∗ = argmax
WTW=I

Tr
[
WT

(
S̈b − λ∗S̈w

)
W
]
. (8)

That is, W∗ is obtained by performing eigenanalysis on the
matrix S̈ = S̈b − λ∗S̈w.

As has been proven in [9], the trace difference problem has
a closed form solution and the global optimum of the trace
ratio problem can be found by applying an efficient algorithm
based on the Newton-Raphson method.

III. OPTIMAL LDA CLASS REPRESENTATION

In this paper, we relax the assumption of class representation
by the mean class vector and assume that each class can
be represented by any vector µ̃i ∈ RD. In order to obtain
both the optimal projection matrix W∗ and the optimal class
representation µ̃∗i , we propose to minimize the following
criterion with respect to both W and µ̃i:

J2(W, µ̃i) =
Tr(WT S̃b(µ̃i)W)

Tr(WT S̃w(µ̃i)W)
, (9)

where S̃b(µ̃i), S̃w(µ̃i) are defined as:

S̃b(µ̃i) =

C∑
i=1

Ni µ̃iµ̃
T
i , (10)

S̃w(µ̃i) =

C∑
i=1

Ni∑
j=1

(xij − µ̃i)(xij − µ̃i)
T . (11)

Since both S̃b(µ̃i), S̃w(µ̃i) are positive semidefinite for
any µ̃i, i = 1, ..., C, (9) can be converted to the following
equivalent trace difference problem:

J̃2(W, λ, µ̃i) = Tr
[
WT

(
S̃b(µ̃i)− λS̃w(µ̃i)

)
W
]
. (12)

The best trace ratio value λ∗, for known µ̃i, can be efficiently
calculated by applying the iterative procedure described in
[9]. The optimal projection matrix W∗ can be, subsequently,
calculated by:

W∗ = argmax
WTW=I

Tr
[
WT

(
S̃b(µ̃i)− λ

∗S̃w(µ̃i)
)
W
]
. (13)

That is, W∗ is obtained by performing eigenanalysis on the
matrix S̃(µ̃i) = S̃b(µ̃i)− λ∗S̃w(µ̃i).

Let us denote by µ̃∗i,t the vector representing class i that
is calculated at the t-th iteration of the proposed optimization
scheme. Clearly, the obtained best trace ratio value λ∗t and
the optimal projection matrix W∗

t depend on the class rep-
resentation choice µ̃i,t. By using λ∗t , W∗

t , the optimal class
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representation vectors µ̃i,t+1, i = 1, . . . , C, which maximize
(12), can be obtained by:

µ̃i,t+1 = α∗
tµi, (14)

where α∗t =
∑C,Ni

i,j=1 xT
ijW

∗
tW

∗T
t xij∑C,Ni

i,j=1 xT
ijW

∗
tW

∗T
t µi

. The derivation of (14),

as well as the convergence analysis of the above described
optimization scheme are discussed in Appendix A.

In this procedure, the class representative vectors are ini-
tialized to the mean class vectors µ̃i = µi, i = 1, . . . , C, i.e.,
to the class representation of the standard LDA algorithm.
In the general case of class representation using vectors µ̃i,t,
where t denotes the iteration of the proposed optimization
scheme, the scatter matrices S̃b(µ̃i,t), S̃w(µ̃i,t) are calculated
and employed to calculate the corresponding best trace ratio
value λ∗t and the optimal projection matrix W∗

t . The vectors
µ̃i,t+1 are, subsequently calculated using (14). The above
described iterative procedure is performed multiple times T ,
until J̃2(W, λ, µ̃i)t+1 − J̃2(W, λ, µ̃i)t < ε, where ε is a
small positive value. In general, we would expect the class
representative vectors to be close to mean class vectors in the
cases where the LDA assumptions are met. In these cases,
a small number of iterations is required for convergence. In
different cases, the class representative vectors may be quite
different to the mean class vectors and a higher number of
iterations are required.

In the above described procedure we assume that the rank
of S̃(µ̃i) is larger than D − d, i.e., the dimensionality of the
null space of S̃(µ̃i) is smaller than d, similar to [9]. This
is to make the trace ratio value finite. When the null space
of S̃(µ̃i) has dimensionality greater than d, i.e., greater than
the dimensionality of the resulted space, the optimal trace ratio
value goes to infinity. In this case a natural alternative solution
is to maximize the trace of the between scatter matrix, i.e., to
solve for max Tr

[
WT S̃b(µ̃i)W

]
, to find the appropriate

transform matrix in the null space of S̃w(µ̃i) [10].

IV. DATA CLASSIFICATION

After determining the projection space, data classification
can be performed in the reduced dimensionality space using
any classification algorithm, such as Support Vector Machines
(SVMs), K-nearest neighbors (KNN) or nearest class centroid.
Traditionally, LDA data projection is followed by nearest class
centroid classification. In the experiments presented in the
following section, we employ a modification of the nearest
class centroid classification algorithm. That is, a given test
sample xtest is projected to the decision space by applying
ytest = W∗Txtest and is assigned to the class of the nearest
vector m̃i = W∗T µ̃i by using the Euclidean distance:

ltest = argmin
i
‖m̃i − ytest‖2, i = 1, ..., C. (15)

V. TIME COMPLEXITY

Clearly, in the test phase, the time complexity of the
proposed approach is equal to that of the standard LDA- based
data projection, i.e., equal to O(dD). In order to calculate
the computational complexity of the proposed optimization

scheme, in the training phase, we should consider the follow-
ing facts:
• The iterative optimization scheme is performed for M

iterations, until convergence.
• Each of these M iteration involves the following two

steps:
– Solution of the Trace Difference optimization prob-

lem.
– Adaptation of µ̃i, i = 1, . . . , C.

Since the complexity of µ̃i adaptation is lower compared to
that of the Trace Difference optimization problem solution, we
can conclude that the complexity of the proposed optimization
scheme is equal to M times the complexity of the trace
difference algorithm.

VI. EXPERIMENTS

In this section, we present conducted experiments to eval-
uate the proposed LDA optimization scheme. We have con-
ducted experiments on synthetic data, which are presented in
subsection VI-A. In subsection VI-B, we present experiments
conducted on standard classification data sets. Experiments
conducted on publicly available databases aiming at human
action and face recognition are presented in subsections VI-C
and VI-D, respectively. In all these experiments, we compare
the performance of the proposed optimization scheme to that
of the standard ratio trace and trace difference LDA algo-
rithms. A parameter value ε = 0.001 has been used for both
the trace difference algorithm and the proposed optimization
scheme.

A. Experiments on synthetic data

In our first experiment we created two data classes con-
sisting of 1000 and 500 2D samples, respectively, following
uniform distributions as illustrated in Figure 2a. By using
the mean class vectors, µ1 = [−0.1618,−0.0096]T and
µ2 = [0.3236, 0.0193]T , for class representation, illustrated
in Figure 2a with asterisks, a criterion value equal to J =
0.65, given by (6), has been obtained. Subsequently, we
have performed 15 iterations of the proposed optimization
scheme by initializing the representative class vectors to the
mean class vectors, i.e., µ̃i = µi, i = 1, 2. The obtained
criterion values are illustrated in Figure 2b. As can be seen,
the optimal criterion value, equal to J2 = 1.638, has been
obtained after eight iterations of the proposed optimization
scheme. The obtained optimal representative class vectors
µ̃1 = [−0.4148,−0.0248]T and µ̃2 = [0.8296, 0.0496]T are
illustrated by triangles in Figure 2a.

B. Experiments on Standard Classification Problems

We have conducted experiments on publicly available classi-
fication data sets coming from the machine learning repository
of University of California Irvine (UCI) [11]. Table II provides
information concerning the data sets used. The 5-fold cross-
validation procedure has been performed for the standard ratio
trace, the trace difference LDA algorithms and the proposed
optimization scheme. The mean classification rate over all
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TABLE I
COMPARISON RESULTS ON STANDARD CLASSIFICATION PROBLEMS.

Classification Rate (%) Computation Time

Data set Tr[WT SbW ]

Tr[WT SwW ]

Tr[W∗T SbW
∗]

Tr[W∗T SwW∗]
T Ratio Trace Trace Diff. Proposed Ratio Trace Trace Diff. Proposed

Australian 1.4866 2.4259 4.28 85.92 (±0.14) 84.05 (±2.46) 84.81 (±2.42) 0.24ms 0.49ms 2.21ms
German 0.3501 1.501 4.31 72.09 (±0.53) 72.09 (±0.53) 76.53 (±0.53) 0.46ms 0.77ms 3.32ms
Heart 1.2343 2.2343 2.84 83.68 (±0.67) 83.68 (±0.67) 83.81 (±0.67) 0.12ms 0.26ms 1ms
Indians 0.4402 1.4402 5.09 75.87 (±0.52) 75.87 (±0.53) 77 (±0.5) 0.21ms 0.32ms 1.63ms
Ionosphere 1.764 2.764 3.57 86.5 (±0.94) 86.5 (±0.94) 86.51 (±0.86) 0.47ms 0.7ms 2.5ms
Iris 16.522 25.037 4 97.85 (±0.39) 97.39 (±0.5) 98.11 (±0.6) 0.07ms 0.11ms 0.44ms
Madelon 0.4253 1.4253 3.03 55.52 (±0.78) 55.52 (±0.78) 55.53 (±0.78) 11.12s 14.28s 43.34s
Relax 0.0415 1.414 3.73 44.43 (±3.28) 44.41 (±3.2) 69.9 (±1.26) 0.01ms 0.19ms 0.71ms
Sat 3.1324 7.9127 2.83 84.12 (±0.13) 73.41 (±0.5) 75.36 (±0.49) 4.29ms 7.77ms 22.05ms
Spect 0.4167 1.4167 3.77 72.56 (±1.28) 72.56 (±1.28) 81.77 (±1.67) 0.17ms 0.31ms 1.17ms
Spectf 0.4201 1.4201 3.27 66.11 (±2.01) 66.11 (±2.01) 76.72 (±0.13) 0.42ms 1.2ms 3.93ms
Tic-tac-toe 0.069 1.07 5.89 57.72 (±0.77) 57.72 (±0.77) 68 (±0.7) 0.26ms 0.29ms 1.71ms
Vertebral2c 0.5437 1.544 4.66 79.32 (±0.97) 79.29 (±0.85) 83.32 (±0.93) 0.1ms 0.15ms 0.7ms
Wine 6.8345 9.8594 3.34 98.3 (±0.6) 92.37 (±1.03) 98.34 (±0.86) 0.11ms 0.32ms 1.07ms

(a) (b)

Fig. 2. a) 2D data consisting two classes, mean class vectors µi (asterisks)
and the obtained representative class vectors µ̃i (triangles) and b) J2 values
obtained by applying the proposed optimization scheme.

folds has been used to measure the performance of each
algorithm in one experiment. 100 experiments have been
performed for each data set. The mean classification rates,
the observed standard deviations over all experiments and the
mean computation time for each data set are illustrated in
Table I. In Table I, we also provide the mean optimal Fisher
ratio values obtained by following the standard LDA algorithm
(6) and the proposed optimization scheme (9) and the mean
number of iterations required for the proposed optimization
scheme for convergence on each data set. By observing this
Table, it can be seen that the proposed optimization scheme
outperforms the Trace Difference LDA algorithm in all the
cases and outperforms the Ratio Trace LDA algorithm in
all but two cases. Furthermore, it can be seen that, in the
cases where the Fisher ratio is low, the proposed optimization
scheme consistently supplies better results.

C. Experiments on Human Action Recognition

We have conducted experiments on a publicly available
human action recognition database, named AIIA-MOBISERV
eating and drinking database [12]. It contains 12 persons
(6 males and 6 females) who have been recorded during
four meals, each in a different day. The persons eat using
spoon, cutlery and fork and drink from a cup or a glass.
Several actions, such as slicing food and rest appear between

TABLE II
UCI DATA SETS DETAILS.

Data set Samples Dimensions Classes
Australian 690 14 2
German 1000 24 2
Heart 270 13 2
Indians 768 8 2
Ionosphere 351 34 2
Iris 150 4 3
Madelon 2600 500 2
Relax 182 12 2
Sat 6435 64 6
Spect 267 22 2
Spectf 267 44 2
Tic-tac-toe 958 9 2
Vertebral2c 310 6 2
Wine 178 13 3

eating and drinking periods. That is, a three-class classification
problem can be formulated containing the action classes: ’eat’,
’drink’ and ’apraxia’. We have employed the dyneme-based
action representation [13] for action description.

Videos containing multiple action instances have been man-
ually split to smaller ones depicting one action instance only,
e.g., an eating sequence. This resulted to the creation of 1288
action videos, which have been used for training and test-
ing. The Leave-One-Person-Out cross-validation (LOPOCV)
procedure has been performed for the ratio trace, the trace
difference LDA algorithms and the proposed optimization
scheme. That is, the algorithms have been trained multiple
times (folds) by using the action videos depicting all but one
persons in the database and tested by using the action videos of
the remaining person. Twelve folds, one for each test person,
have been performed in order to complete an experiment.
The mean correct classification rate over all folds has been
used to measure the performance of each algorithm in one
experiment. 100 experiments have been performed, in order to
assess the performance of the three LDA-based classification
schemes. This procedure has been repeated 10 times, for
different numbers of dynemes K = 5k, k = 1, . . . , 10, as
illustrated in Figure 3.

As can be seen, the proposed optimization scheme out-



5

Fig. 3. Action classification rates on the AIIA-MOBISERV database for
different values of k.

TABLE III
COMPARISON RESULTS ON THE ORL DATABASE OF FACES.

Ratio Trace Trace Difference Proposed scheme
95.97% (±0.85) 95.43% (±0.77) 97.00% (±0.76)

0.0338s 0.1166s 0.3617s

performs both the ratio trace and the trace difference LDA
algorithms. The best action classification rate (88.34%) has
been obtained by using 50 dynemes and the proposed opti-
mization scheme. The best action classification rates for the
ratio trace and the trace difference LDA algorithms have been
obtained by using 30 and 50 dynemes and are equal to 86.88%
and 85.56%, respectively. Furthermore, it can be seen that
the proposed optimization scheme outperforms both the ratio
trace and the trace difference LDA algorithms in most of the
classification problems illustrated in Figure 3.

D. Experiments on Face Recognition

We have conducted experiments on a publicly available face
recognition database, namely ORL Database of Faces [14]. It
contains 400 images from 40 persons, each person is depicted
in 10 images. Each image has been downsized to 40×30 pixels
for computation speed consideration. The resulted images
have been represented as matrices and these matrices have
been vectorized to produce 1200 dimensional facial vectors.
The dimensionality of these facial vectors has been reduced
by applying PCA so that 90% of the energy is preserved.
The 5-fold cross-validation procedure has been performed for
the ratio trace, the trace difference LDA algorithms and the
proposed optimization scheme. The mean classification rate
over all folds has been used to measure the performance of
each algorithm in one experiment. 100 experiments have been
performed for each data set. The obtained mean classification
rates and the observed standard deviations over all experiments
are illustrated in Table III. As can be seen, the proposed
scheme outperforms both the competing LDA algorithms.

VII. STATISTICAL SIGNIFICANCE ANALYSIS OF
EXPERIMENTAL RESULTS

In order to assess the performance of the proposed LDA-
based optimization scheme we present statistical comparisons
of the three competing LDA-based classification schemes

[15]. We perform the Friedman test in order to test the null
hypothesis that all the three classifiers perform the same and
the observed differences are merely random. After ordering
the algorithms according to their performance to each data
set, the obtained mean ranks are equal to RRT = 2.1428,
RTD = 2.714 and RPR = 1.1428 for the Ratio Trace, the
Trace Difference and the proposed scheme, respectively. The
overall mean rank is equal to Rj = 2. The Friedman statistic
is equal to:

χ2
F =

12N

k(k + 1)

[∑
x

R2
x −

k(k + 1)2

4

]
= 20.3744, (16)

FF =
(N − 1)χ2

F

N(k − 1)− χ2
F

= 26.2882. (17)

where k = 3 is the number of classifiers and N = 16 is the
number of data sets. With k = 3 classifiers and N = 16 data
sets, FF is distributed according to the F distribution with
(3− 1) = 2 and (3− 1)× (16− 1) = 30 degrees of freedom.
The critical value of F (2, 30) for α = 0.05 is 3.32, so we
reject the null hypothesis that all the classifiers perform the
same.

Following the Nemenyi test for pairwise comparisons, we
obtain a critical value equal to 2.343 and, thus, the critical

difference is equal to CD = 2.34
√

k(k+1)
6N = 0.8284. By

calculating the differences between the ranks of the three
classifiers we obtain PRT − PPR = 1.0625 > CD, PTD −
PPR = 1.5625 > CD and PTD − PRT = 0.5 < CD.
Thus, the proposed LDA based classification scheme performs
significant better than the two competing ones, while the Ratio
Trace and the Trace Difference perform the same.

VIII. CONCLUSION

In this paper, we presented an optimization scheme aim-
ing at the optimal class representation for LDA based data
projection. By optimizing the LDA criterion with respect to
both the data projection matrix and the class representation
in the projection space, the optimal discriminant projection
space, in terms of Fisher ratio maximization, is obtained.
Experimental results on synthetic and real data, including
human face and action recognition, show that the proposed
optimization scheme increases class discrimination compared
to the standard LDA approach.

APPENDIX A
The proposed optimization scheme consists of two steps.

The first one, for given class representative vectors µ̃i, i =
1, . . . , C, determines the optimal parameter λ∗ value and the
optimal projection matrix W∗, while the second one updates
µ̃i by using the obtained λ∗ and W∗. Since the convergence
of the first step has been proven in [9], we focus on proving
the convergence of the second step.

Let us denote as S̃b,t and S̃w,t the scatter matrices corre-
sponding to the class representative vectors µ̃i,t calculated for
the t-th iteration of the proposed optimization scheme. (12)
can be written in the form:

J̃2(µ̃i,t) = Tr
[
W∗T

t

(
S̃b,t − λ∗

t S̃w,t

)
W∗

t

]
= Tr

[
W∗T

t S̃b,tW
∗
t

]
− λ∗

t Tr
[
W∗T

t S̃w,tW
∗
t

]
. (A.1)
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Using (10), (11) and (A.1), the first derivative of J̃2(µ̃i,t)
with respect to µ̃i,t can be expressed as follows:

∂Tr
[
W∗T

t S̃w,tW
∗
t

]
∂µ̃i,t

=
∂

∂µ̃i,t

(
Ni∑
j=1

(xT
ijW

∗
tW

∗T
t xij

− 2xT
ijW

∗
tW

∗T
t µ̃i,t + µ̃T

i,tW
∗
tW

∗T
t µ̃i,t)

)
= 2NiW

∗
tW

∗T
t

(
µ̃i,t − µi

)
. (A.2)

∂Tr
[
W∗T

t S̃b,tW
∗
t

]
∂µ̃i,t

=
∂

∂µ̃i,t

(
Ni

(
µ̃T

i,tW
∗
tW

∗T
t µ̃i,t

))
= 2NiW

∗
tW

∗T
t µ̃i,t. (A.3)

∂J̃2(µ̃i,t)

∂µ̃i,t

= 2Ni (1− λ∗
t )W

∗
tW

∗T
t µ̃i,t

+ 2Niλ
∗
tW

∗
tW

∗T
t µi. (A.4)

When solving for
∂J̃2(µ̃i,t)

∂µ̃i,t

= 0 and by exploiting that W∗
t is

formed by the eigenvectors of S̃t = S̃b,t−λ∗t S̃w,t, we obtain:

(1− λ∗
t ) µ̃i,t + λ∗

tµi = 0. (A.5)

It is obvious from (A.5) that µ̃∗i,t is in the direction of µi,
i.e, µ̃∗i,t = αtµi, αt ∈ R. In Figure 4, we illustrate J2(αt)
for two choices of λ∗t . As can be seen, J2(αt), typically, has
two stationary points. The first one is its global minimum for
αt = 0, i.e., when µ̃i = µ and, thus, Tr

[
W∗T

t S̃bW
∗
t

]
= 0.

The second one is the global maximum, obtained by using a
value α∗t that corresponds to the optimal, in terms of J2(αt)
maximization, representative class vectors.

(a) (b)

Fig. 4. J2(α) for different values of λ∗: a) λ∗ = 0.4175 and b) λ∗ =
2.0281.

By using (3), (4), Tr
[
W∗T

t S̈bW
∗
t

]
and Tr

[
W∗T

t S̈wW
∗
t

]
are given by:

Tr
[
W∗T

t S̈bW
∗
t

]
=

C∑
i=1

Ni µ
T
i W

∗
tW

∗T
t µi, (A.6)

Tr
[
W∗T

t S̈wW
∗
t

]
=

C,Ni∑
i,j=1

(
xT
ijW

∗
tW

∗T
t xij − 2xT

ijW
∗
tW

∗T
t µi

)
+

C∑
i=1

Ni µ
T
i W

∗
tW

∗T
t µi, (A.7)

By setting b =
∑C
i=1Ni µ

T
i W

∗
tW

∗T
t µi, c =

∑C,Ni

i,j=1 x
T
ijW

∗
t

W∗T
t xij and d = 2

∑C,Ni

i,j=1 x
T
ijW

∗
tW

∗T
t µi, (A.6), (A.7)

are given by Tr
[
W∗T

t S̈wW
∗
t

]
= c − d + b and

Tr
[
W∗T

t S̈bW
∗
t

]
= b. By substituting µ̃i,t = αtµi in (10),

(11), we obtain Tr
[
W∗T

t S̃w(αt)W
∗
t

]
= c − αtd + α2

t b and

Tr
[
W∗T

t S̃b(αt)W
∗
t

]
= α2

t b. Thus, the first derivative of

J̃2(αt) with respect to αt is given by:

∂J2(αt)

∂αt
=

2αtbc− α2
t bd

(α2
t b− αtd+ c)2

, α2
t b− αtd+ c > 0. (A.8)

By solving for ∂J2(αt)
∂αt

= 0, two stationary points are
obtained, α∗t1 = 0, α∗t2 = 2c

d . It is straightforward to show
that ∂J 2

2 (α∗
t1)

∂α2
t

> 0 and ∂J 2
2 (α∗

t2)

∂α2
t

< 0 and that J2(αt) → 1

for αt → ±∞. That is, α∗t1, α∗t2 correspond to the global
minimum and maximum of J2(αt), respectively. Since we
aim at maximizing J2(αt), the representative class vectors
are given by µ̃i,t+1 = α∗t2µi.
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Minimum Class Variance Extreme Learning
Machine for Human Action Recognition
Alexandros Iosifidis, Anastasios Tefas, Member, IEEE, and Ioannis Pitas, Fellow, IEEE

Abstract—In this paper, we propose a novel method aiming
at unconstrained human action recognition. Action description
is based on local human body shape and motion information
appearing in video locations of interest. Action representation
involves fuzzy vector quantization, while action classification is
performed by a feedforward neural network. Inspired from the
effectiveness of the discriminant learning techniques minimizing
the intra-class variance of the training data, and the fast and
efficient Extreme Learning Machine algorithm for single hidden
layer feedforward neural networks training, a novel classification
algorithm called Minimum Class Variance ELM (MCVELM)
is proposed, in order to enhance the action classification per-
formance. The proposed method can successfully operate in
situations that may appear in real application scenarios, since
it does not set any assumptions concerning scene background
and the camera observation angle. Experimental results on
four publicly available databases, aiming at different application
scenarios, denote the effectiveness of both the proposed action
recognition approach and the proposed MCVELM algorithm. In
all cases, the proposed human action recognition method achieves
state of the art performance.

Index Terms—Activity Recognition, Spatio-temporal Interest
Points, Fuzzy Vector Quantization, Single Hidden Layer Feed-
forward Networks, Extreme Learning Machine.

I. INTRODUCTION

Human activity recognition from video streams has been in-
tensively studied in the last two decades, due to its importance
in a wide range of applications, including intelligent visual
surveillance, human-computer interaction, content based video
retrieval, augmented reality and games [1], [2], [3]. Human
activities can be classified in several classes, e.g. walk, run,
jump, etc. By nature, all human activities are periodic. In some
cases (e.g. bend) they consist only of one period. Therefore,
each activity can be split into its elementary period called
action.

Action recognition methods can be classified in two cat-
egories based on the employed visual information, in order
to describe actions. Methods belonging in the first category
exploit the global human body information for action descrip-
tion. Actions are described as series of successive human body
poses, typically described in terms of binary body silhou-
ettes. By employing these binary silhouettes, several action
representation schemes have been proposed, based on motion
history images [4], dynemes [5], movelets [6] or spatio-
temporal volumes [7], [8]. After describing actions, action
classification is performed by employing standard pattern
recognition techniques, like dimensionality based classifica-
tion schemes, and/or Artificial Neural Networks (ANNs), or

A. Iosifidis, A. Tefas and I. Pitas are with the Department of Informatics,
Aristotle University of Thessaloniki, Box 451, 54124 Thessaloniki, Greece.
e-mail: {aiosif,tefas,pitas}@aiia.csd.auth.gr.

Support Vector Machines (SVMs). The methods belonging to
this category have been extensively evaluated, providing high
action classification performance. However, their performance
is affected by human silhouette segmentation errors on the
video frames, since, in these cases, the obtained binary human
body poses are incorrect.

Methods belonging to the second category exploit the local
information appearing in video freame locations that contain
space-time interest points (STIPs). STIPs are image pixels
that either correspond to video frame interest points which
are tracked during action execution [9], or that are subject to
abrupt intensity value variations and, thus, contain information
regarding motion acceleration [10], [11], [12], which is of
interest for the description of actions. After obtaining the
STIPs, shape and motion descriptors, like Histograms of
Oriented Gradients (HOG) and Histograms of Optical Flow
(HOF) [10], or Local Motion Patterns (LMP) [9], are, usually,
calculated and employed for Bag of Words (BoW) based action
representation and classification. The advantage of the action
recognition methods belonging in this category is the fact that
they operate on color (grayscale) video frames and, thus, do
not require human silhouette segmentation, as a pre-processing
step.

Another categorization of action recognition methods can
be performed with respect to the number of cameras used, in
order to capture the needed visual information. Single-view
methods utilize one camera, in order to capture the human
body during action execution. However, due to the fact that the
human body can be considered as a highly articulated object,
which can be observed from arbitrary view angles [13], single-
view methods, usually, perform well under the assumption of
the same observation angle, during both training and testing.
This observation angle is defined to be the one that provides
maximal action discrimination and is, usually, the side view
of the human body. If this assumption is not met, the action
recognition performance will probably decrease. Multi-view
methods have been proposed recently, in order to perform
unconstrained human action recognition, since they do not
assume a known view angle in the recognition phase. By
capturing the human body poses from multiple view angles,
such methods employ an enriched human body representation,
leading to view-independent action description. Human body
representations adopted in most multi-view action recognition
methods include visual hulls [14], optical flow of the human
body silhouettes [15], multi-view postures [16] or skeletal and
super-quadratic body models [17]. These body representations,
however, assume that the human body is visible from all the
cameras forming the recognition camera setup. If not, the
body representation will be incomplete, and thus, the action
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recognition may fail. This fact renders multi-view methods
applicable only in some rather restrictive, action recognition
scenarios [18].

Extreme Learning Machine (ELM) is a relatively new
algorithm for Single-hidden Layer Feedforward Neural netorks
(SLFNs) training [19] that leads to fast neural network train-
ing, requiring low human supervision. Conventional SLFN
training algorithms require the input weights and the hidden
layer biases to be adjusted, using a parameter optimization
approach, like gradient descend. However, gradient descend
learning techniques are generally slow and may decrease the
generalization performance of the neural network, since they
may lead to local minima. Unlike the popular thinking that
the network parameters need to be learned, in ELM, the input
weights and the hidden layer biases are randomly chosen. The
network output weights are, finally, analytically calculated. By
using a sufficiently large number of hidden neurons, the ELM
classification scheme can be thought as being a non linear
mapping of the training data on a high dimensional feature
space (ELM space), followed by a linear classification process.
ELM not only tends to reach the smallest training error,
but also the smallest norm of output weights. As shown in
[20], for feedforward networks reaching a small training error,
the smaller the norm of weights is, the better generalization
performance of the neural network is.

Despite its success in many classification problems, includ-
ing human action recognition [21], [22], the ability of the orig-
inal ELM algorithm to calculate the output weights is limited,
due to the fact that the hidden layer matrix is, usually, singular.
In order to address this issue, the Effective ELM (EELM) has
been proposed in [23], where the strictly diagonally dominant
criterion for nonsingular matrices is used to choose proper
weights and biases for the input network layer. However,
the EELM algorithm has been designed only for one special
case of SLFNs, in particular for networks employing Gaussian
radial basis function for the input layer neurons. In [24], an
optimization-based regularized version of the ELM (ORELM)
algorithm has been proposed aiming both at overcoming the
hidden layer matrix full rank assumption and at enhancing the
generalization properties of the standard ELM algorithm, by
allowing small training errors. ORELM has been evaluated in
a large number of classification problems, providing a very
satisfactory classification performance.

In this paper, we built on the ORELM algorithm in order
to enhance the performance of the ELM network. Inspired
by the effectiveness of both the ORELM algorithm and the
Discriminant Learning techniques, like Linear Discriminant
Analysis (LDA) [25] and Clustering Discriminant Analysis
[26], a novel constraint optimization-based ELM algorithm
is proposed, aiming at minimizing both the network output
weights norm and the intra-class variance of the training
data in the decision space. By adopting such an optimiza-
tion scheme, the proposed Minimum Class Variance ELM
(MCVELM) algorithm, exploits the effectiveness of both the
discriminant learning techniques and the ELM algorithm. In
the cases where the hidden layer output matrix is not of
full rank, a dimensionality reduction step is performed, by
applying Principal Components Analysis (PCA) [25] on the

training data representation in the ELM space. This approach
has been widely followed in the discriminant classification
schemes, in order to avoid the so-called Small Sample Size
(SSS) problem [27]. The proposed MCVELM algorithm is
evaluated in human action recognition, by employing a conve-
nient action representation which is based on STIPs detection,
shape and motion descriptors calculation [10] and fuzzy vector
quantization. As will be shown in the experimental evaluation
provided in Section III, the combination of such an action
representation with the proposed MCVELM algorithm leads
to a powerfull human action recognition framework, which is
able to successfully operate in real application scenarios.

The proposed human action recognition method takes into
account all the above mentioned issues relating to different
action recognition approaches. During training, we exploit
shape and motion information appearing at STIP locations
on the video frame for action description. Fuzzy Vector
Quantization is performed in order to obtain a compact action
representation. Action classification is, finally, performed by
a SLFN network, which has been trained by applying the
proposed MCVELM algorithm. In the case of multi-view
action recognition, the adopted SLFN is trained, in order to
perform view-independent action recognition. During testing,
action classification is performed on all the videos involved
in the recognition process depicting the same action instance
from different view angles. Action classification results are,
subsequently fused, in order to classify the unknown action
instance. The adopted action recognition scheme does not
require human body silhouette segmentation and does not set
the assumption that the person under consideration is visible
from all the cameras forming the recognition camera setup.
Furthermore, by employing an SLFN network for action clas-
sification and the proposed MCVELM algorithm, the proposed
action recognition method has low computational cost in both
the training and recognition phases.

The contributions of this paper are: 1) a novel action
representation based on fuzzy cumulative distances from repre-
sentative shape and motion descriptors calculated using STIPs
on the training action videos, 2) a novel algorithm for SLFN
networks training that exploits the effectiveness of both the
discriminant learning techniques and the ELM algorithm, 3)
a fast human action recognition method that provides state of
the art performance in four publicly available datasets aiming
at different application scenarios and 4) the evaluation of the
STIP based human action representation in both the single-
view and multi-view action recognition experimental settings.

The remainder of this paper is structured as follows. An
overview of the recognition framework is given in subsection
II-A. Section II presents details of the processing steps in the
proposed method. Section III presents experiments conducted
for assessing the action recognition performance. Finally,
conclusions are drawn in section IV.

II. PROPOSED METHOD

In this section, each step of the proposed method is de-
scribed in detail. Specifically, the problem is stated in subsec-
tion II-A. The proposed action video representation and the
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proposed MCVELM algorithm are described in subsections
II-B and II-C, respectively. The procedure followed in the
recognition (test) phase is described in subsection II-D.

A. Problem Statement

Let an arbitrary number of NC cameras monitoring a scene
at a given time instance. These cameras form a NC-view
camera setup. Let A be a set of NA action classes. Let, also,
one person perform an action instance, captured by N ≤ NC

cameras. This results to the creation of N single-view videos,
each depicting the action from a different view angle. Such
videos will be called action videos hereafter. The case where
NC = N = 1 refers to single-view action recognition, while
the case of NC > 1, N ≤ NC refers to multi-view action
recognition. We should note here that the case of NC > 1,
N < NC is usual in applications involving multi-view human
action recognition, since the person under consideration may
either move outside the field of view of some cameras, or be
occluded [18]. The action recognition task is the classification
of an unknown action instance performed by an unknown
person, captured by one or more cameras, in one of the known
action classes specified by the action class set A.

B. Action Video Representation

The proposed method operates on color or grayscale action
videos. Let U be an annotated video database containing NV

action videos, each depicting an action instance belonging
to one of the action classes forming the action class set
A. These action videos are automatically preprocessed, by
following the procedure proposed in [28], in order to determine
a set of of STIPs and calculate a set of HOG/HOF vectors
pij ∈ RC , i = 1, . . . , NV , j = 1, . . . , Ni, where i refers to
the action video index and j spans all Ni HOG/HOF vectors
extracted from action video i. In all our experiments, we
have used the standard parameter values provided in [28]. The
resulting dimensionality of the HOG/HOF vectors is equal to
C = 162. Examples of STIPs locations are illustrated in Figure
1.

The HOG/HOF vectors corresponding to all the training
action videos are employed, without using the available action
label information, in order to determine a codebook, i.e.,
a set of representative HOG/HOF vectors. This is achieved
by clustering pij in D clusters, by applying the K-Means
algorithm, which minimizes the within-cluster scatter:

NV∑
i=1

Ni∑
j=1

D∑
d=1

αijd∥pij − zd∥2, (1)

where αijd = 1 if pij is assigned to the cluster d (having
cardinality nd =

∑
αijd) and αijd = 0 otherwise. The

codebook vectors zd ∈ RC , d = 1, . . . , D are obtained by
calculating the arithmetic mean of the vectors assigned to each
of the D clusters:

zd =
1

nd

NV∑
i=1

Ni∑
j=1

αijdpij . (2)

The optimal codebook size D is determined using the N -fold
cross-validation procedure, as will be explained in Section III.

After codebook calculation, each action video can be rep-
resented in an alternative way by exploiting the similarity of
the corresponding HOG/HOF vectors with all the codebook
vectors. Fuzzy distances of every pij to all the codebook
vectors zd, d = 1, . . . , D are calculated, according to a
fuzzification parameter m > 1.0, using:

dijd = (∥pij − zd∥2)−
1

m−1 . (3)

They are employed to map each HOG/HOF vector pij to the
following distance vector dij = [dij1, . . . , dijD]T . The opti-
mal value of m is determined by applying the cross-validation
procedure. We have experimentally found that a value of
m = 1.1 provides satisfactory action representation and, thus,
this value has been employed in all the experiments presented
in this paper. Distance vectors dij are normalized to produce
the so-called membership vectors uij =

dij

∥dij∥2
, uij ∈ RD.

The mean membership vector ui ∈ RD:

ui =
1

Ni

Ni∑
j=1

uij , (4)

of all the Ni memberhip vectors corresponding to the action
video i is used to represent it. Finally, all mean membership
vectors corresponding to the training action videos are normal-
ized in order to have unit norm, zero mean and unit variance.
Test mean membership vectors are normalized accordingly.
The normalized mean membership vectors si, i = 1, . . . , NV

are called action vectors hereafter. The use of the normalized
mean membership vector for action video representation has
the advantage that the final action representation does not
depend on the number of memberhip vectors Ni. This is
desirable, since action videos may differ in duration and/or
may contain a different number of STIPs.

After obtaining the training action vectors si, we use them
in order to train a SLFN discriminating NA action classes
by applying the proposed MCVELM algorithm, as will be
described in the next section.

C. Minimum Class Variance ELM

In this Section, we briefly describe the standard ELM
algorithm proposed in [19] and we, subsequently, describe
the proposed MCVELM algorithm. Let si, i = 1, ..., NV

be the set of the labeled action vectors, accompanied by the
corresponding action class labels ci ∈ A. We would like to use
them in order to train a SLFN network. For a classification
problem involving the D dimensional action vectors si, each
belonging to one of the NA action classes, the network
should contain D input, L hidden and NA output neurons, as
illustrated in Figure 2. Following [24], a value of L = 1000
has been used in all the experiments presented in this paper.

The network’s target vectors ti = [ti1, ..., tiNA ]
T , each

corresponding to one labeled action vector si, are set to tik = 1
for vectors belonging to action class k, i.e., when k = ci,
and to tik = −1 otherwise. In ELM, the network input
weight matrix Win ∈ RD×L and the hidden layer bias values
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Fig. 1. Examples of STIPs locations.

Fig. 2. The adopted SLFN network topology.

b ∈ RL are randomly assigned, while the output weight matrix
Wout ∈ RL×NA is analytically calculated. Let vj denote the
j-th column of Win and wk the k-th column of Wout. For a
given activation function Φ(), the output oi = [o1, . . . , oNA ]

T

of the ELM network corresponding to training action vector
si is calculated by:

oik =
L∑

j=1

wT
k Φ(vj , bj , si), k = 1, ..., NA. (5)

Many activation functions Φ() can be used for the cal-
culation of the hidden layer output, such as sigmoid, sine,
Gaussian, hard-limiting and Radial Basis function (RBF). The
most popular choice is the sigmoid function, i.e.:

Φsigmoid(vj , bj , si) =
1

1 + e−(vT
j si+bj)

, (6)

By storing the hidden layer neuron outputs in a matrix Φ:

Φ =

 Φ(v1, b1, s1) · · · Φ(v1, b1, sNV
)

· · ·
. . . · · ·

Φ(vL, bL, s1) · · · Φ(vL, bL, sNV )

 , (7)

equation (5) can be written in a matrix form as O = WT
outΦ.

Finally, by assuming that the predicted outputs O of the
network are equal to the desired outputs, i.e., oi = ti, i =
1, ..., NV , and by using a linear activation function for the out-
put neurons, Wout can be analytically calculated by Wout =

Φ† TT , where Φ† =
(
ΦΦT

)−1
Φ is the Moore-Penrose

generalized pseudo-inverse of ΦT and T = [t1, . . . , tNV ] is a
matrix containing the target vectors.

The ELM algorithm assumes that the training errors are
equal to zero. However, in cases where the training data
contain outliers, this assumption may reduce its potential in
generalization. By allowing small training errors [24] and
trying to minimize both the norm of the output weights
and the intra-class variance of the training action vectors in
the decision space, Wout can be calculated by solving an
optimization problem having the form:

Minimize: LP =
1

2
∥WT

outSwWout∥F +
c

2

NV∑
i=1

∥ξi∥
2
2 (8)

Subject to: ϕT
i Wout = tTi − ξT

i , i = 1, ..., NV , (9)

where ξi ∈ RNA is the training error vector corresponding to
action vector si, ϕi denotes the i-th column of Φ, i.e., the si
representation in the ELM space. c is a parameter denoting the
importance of the training error in the optimization problem.
The optimal value of parameter c is determined by applying
the N -fold cross-validation, as it will be explained in Section
III. Sw is the within-class scatter matrix of the training action
vectors in the ELM space defined as:

Sw =

NA∑
j=1

NV∑
i=1

βij

Nj
(ϕi − µj)(ϕi − µj)

T . (10)
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In (10), βij is an index denoting if the training action vector si
belongs the to action class j, i.e., βij = 1, if ci = j and βij =

0 otherwise. Nj =
∑NV

i=1 βij is the number of training action
vectors belonging to action class j. µj = 1

Nj

∑NV

i=1 βijϕi is
the mean vector of class j in the ELM space. We should note
here that the use of the within-class scatter matrix in the ELM
space RL, rather than in the input space RD, has the advantage
that nonlinear separability between the action classes can be
better described.
Sw has been used in LDA in order to denote the within

class variance of the training data assuming unimodal classes.
However, this may not be the case for human actions. Different
observation angles, action execution style variations appearing
in action realizations performed by different persons and
human body shape differences are some of the reasons that
may result in high intra-class variations for human actions.
Indeed, it has been shown that action execution style variations
can be used even for person identification [29]. Furthermore,
since we aim at view-independent action recognition, actions
can be observed from arbitrary view angles. Therefore, it is
expected that even the action videos depicting the same action
instance from different view angles will be quite different
[13]. In the case of multimodal action classes, the intra-
class variance can be better described by the employing the
scatter matrix proposed for the Clustering-based Discriminant
Analysis (CDA) [26]:

Sw,CDA =

NA∑
j=1

bj∑
k=1

NV∑
i=1

βijk

Njk
(ϕi − µjk)(ϕi − µjk)

T . (11)

Here, it is assumed that class j consists of bj subclasses, con-
taining Njk, j = 1, ..., NA, k = 1, ..., bj action vectors each.
βijk is an index denoting if action vector si belongs to the
k-th subclass of action class j and µjk = 1

Njk

∑NV

i=1 βijkϕi

denotes the mean vector of the k-th subclass of class j in the
ELM space.

By substituting the condition (9) in the primal problem (8),
we obtain:

LP =
1

2
∥WT

outSwWout∥F +
c

2

NV∑
i=1

∥ti −WT
outϕi∥22. (12)

Solving for ϑLP

ϑWout
= 0, Wout is given by:

SwWout =
c

2

(
2ΦTT − 2ΦΦTWout

)
⇒

Wout =

(
ΦΦT +

1

c
Sw

)−1

ΦTT . (13)

Since the above described steps for Wout calculation in-
volve the B−1 =

(
ΦΦT + 1

cSw

)−1
calculation, (13) can be

used in the cases where B is invertible. In the cases where B is
singular, i.e., when NV < L, an unsupervised dimensionality
reduction step, performed by applying Principal Components
Analysis (PCA) [25] on the network’s hidden layer outputs,
can be used [30]. PCA application results to the production of
a projection matrix P ∈ RL×p, where p is the dimensionality
of the resulted feature space. By using P, the within-class
scatter matrix and the network’s hidden layer outputs in the

resulted feature space can are given by S̃w = PTSwP and
Φ̃ = PTΦ, respectively, leading to the following formula for
network’s output weights calculation:

Wout =

(
Φ̃Φ̃T +

1

c
S̃w

)−1

Φ̃TT ⇒

Wout =

[
PT

(
ΦΦT +

1

c
Sw

)
P

]−1

PTΦTT . (14)

D. Action recognition (test phase)

Let an action instance captured by N ≤ NC cameras.
This results to the creation of N action videos depicting the
same action instance from different view angles. These action
videos are preprocessed by following the procedure described
in subsection II-B and represented by the corresponding test
action vectors st,i, i = 1, . . . , N . st,i are fed to the SLFN,
trained by applying the proposed MCVELM algorithm on the
training action vectors as has been described in subsection
II-C, and N SLNF responses ot,i ∈ RNA are obtained. Each
action video is classified to the action class that corresponds
to the maximum SLNF output, i.e.:

ct,i = argmax
j

ot,ij , i = 1, ..., N, j = 1, ..., NA. (15)

In the single-view action recognition case, i.e., when N =
NC = 1, ct1 corresponds to the recognized action class label
for the test action instance under consideration. In the case of
multi-view action recognition, i.e., when NC > 1, N ≤ NC ,
an action classification results fusion process is employed in
order to classify the test action instance. In the experiments
presented in this paper we have employed a simple majority
voting fusion scheme to this end. That is, the recognized action
class label for the action instance under consideration is given
by:

ct = arg max
j

N∑
i=1

γij , j = 1, ..., NA. (16)

where γij = 1 if ct,i = j and γij = 0 otherwise.

III. EXPERIMENTAL RESULTS

In this section we present experiments conducted in order
to evaluate the performance of the proposed action recognition
method. We perform single-view action recognition on the
Weizemann and the KTH action databases, two of the most
common datasets in evaluations of action recognition methods.
We perform multi-view action recognition on the i3DPost
action database and we illustrate the ability of the proposed
method to successfully operate in the case of total human
body occlusion in some of the cameras forming the recognition
camera setup. Finally, we illustrate the ability of the proposed
method to successfully operate on a relating task, i.e., facial
expressions recognition from video streams, by performing
facial expressions recognition on a facial database.

In order to evaluate the ability of the proposed method
to generalize on data that it was not trained on, the N -
fold cross-validation procedure has been performed in all the
experiments presented in this Section. Specifically, the Leave-
One-Person-Out cross-validation (LOPOCV) procedure has
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been performed, since we are interested on the generalization
of the proposed method on action videos depicting different
persons. That is, the algorithm has been trained multiple times
(folds) by using the action videos of all, but one, persons in
the corresponding database and tested on the action videos
depicting the remaining person. Multiple folds, each for a
test person, have been performed in order to complete an
experiment. The mean classification rate over all folds has
been used in order to measure the performance of the proposed
algorithm.

In order to evaluate the contribution of the proposed op-
timization scheme on the performance of the proposed algo-
rithm, in all the presented experiments we compare its perfor-
mance with that of the standard ELM [19], the ORELM [24]
algorithms and dimensionality reduction based classification
schemes, i.e. LDA and CDA based action vectors projection
followed by nearest (sub)class centroid action classification.
In order to evaluate the contribution of the proposed action
representation we have conducted experiments by employing
two widely adopted human action representations. The first
employs hard vector quantization on HOG/HOF vectors in
order to obtain a Bag of Words (BoW) based action repre-
sentation. The second exploits the global human body infor-
mation, in terms of binary images denoting the human body
image locations [5]. Regarding the optimal codebook size, the
optimal value for the regularization parameter c, used in both
the ORELM and the proposed MCVELM algorithms, and the
number of clusters bj , j = 1, . . . , NA in the case of the CDA
based action classification schemes, they have been determined
by applying the LOPOCV procedure for a wide range of
values. Specifically, the LOPOCV procedure has been applied
for values of D = 10d, d = 1, . . . , 20, c = 10r, r = −6, . . . , 6
and bj = 2, 3. In the cases where the matrix B, involved in
Wout calculation, was singlular, a dimensionality reduction
step has been performed by applying PCA, such that 98% of
the energy was preserved. In the following, we briefly describe
the databases used in our experiments and present the obtained
experimental results.

A. Single-view action recognition

1) The Weizemann action database: The Weizemann action
database [7] contains 90 low-resolution, 144 × 180 pixel,
videos depicting nine persons (five males and four females)
performing ten daily actions each, captured by a still camera.
The actions appearing in the database are: ’walk’, ’run’, ’jump
in place on two legs’, ’jump forward on two legs’, ’jumping-
jack’, ’gallop sideways’, ’skip’, ’wave one hand’, ’wave two
hands’ and ’bend’. Example video frames depicting instances
of all the actions in the database are illustrated in Figure 3.
For the experiments conducted by using the human action
representation based on binary human body poses we have
used the binary sequences provided by the database.

2) The KTH action database: The KTH action database
[31] contains 600 low-resolution, 120 × 160 pixel, videos
depicting 25 persons performing six daily actions each. The
actions appearing in the database are: ’walking’, ’jogging’,
’running’, ’boxing’, ’hand waving’ and ’hand clapping’. Four

Fig. 3. Video frames of the Weizemann action database depicting ten actions.

Fig. 4. Video frames of the KTH action database for the four different
scenarios.

different scenarios have been recorded: outdoors (s1), outdoors
with scale variation (s2), outdoors with different clothes (s3)
and indoors (s4) as illustrated Figure 4. It is worth noting
that the persons are free to change motion speed and direction
between different action realizations.

Tables I – III illustrate the action classification rates ob-
tained for the Weizemann action database. As can be seen
high action classification rates have been obtained in all the
experiments. It can be seen that the ELM based action classifi-
cation schemes outperform the dimensionality reduction based
ones. This is reasonable, since we expect that human action
classes are not linear separable from each other and, thus,
they can be better discriminated by non-linear classification
schemes. Furthermore, it can be seen that the STIP based
action representations outperform the human body poses based
one in all cases. Taking into account that the STIP based action
representation does not require a video frame segmentation
preprocessing step, it can be seen that it is more suitable for
the action recognition task. The proposed MCVELM algorithm
outperforms all the competing classification schemes in both
cases, i.e., by using either the STIP based or the human body
poses based action representation. Specifically, by using the
combination of the STIP based action representation and the
proposed MCVELM algorithm for action classification all the
action videos have been perfectly classified providing an action
classification rate equal to 100%.

In Table IV we compare the performance of our method
with that of other action recognition methods proposed in
the literature evaluating their performance on the Weizemann
action database. Since some of the methods proposed in
the literature providing state of the art performance on the
Weizemann action database are evaluated by using an earlier
version of the database containing nine actions, i.e., not
containing action class ’skip’, we have also tested the proposed
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TABLE I
ACTION CLASSIFICATION RATES ON THE WEIZEMANN ACTION DATABASE

BY USING THE HUMAN BODY POSES BASED ACTION REPRESENTATION.

LDA CDA ELM
95.55% 96.66% 96.66%
ORELM MCVELM (LDA) MCVELM (CDA)
97.78% 98.9% 98.9%

TABLE II
ACTION CLASSIFICATION RATES ON THE WEIZEMANN ACTION DATABASE

BY USING THE BOW BASED ACTION REPRESENTATION.

LDA CDA ELM
98.89% 98.89% 98.89%
ORELM MCVELM (LDA) MCVELM (CDA)
100% 100% 100%

action classification scheme by using this earlier version. The
corresponding comparison results for this case are illustrated
in Table V. As can be seen, the proposed method outperforms
all the other competing action recognition methods recently
proposed in the literature.

Tables VI and VII illustrate the action classification rates
obtained by conducting experiments on the KTH action
database. As can be seen, high action classification rates
have been obtained. Similarly to the case of the Weizemann
action database, the action classification scheme employing
the proposed MCVELM algorithm outperforms both the ones
based on the other ELM algorithms and the ones based on
dimensionality reduction classification schemes. Specifically,
the proposed action recognition method provided an action
classification rate equal to 96.5%, up to 3% higher than the
classification rates of the competing classification schemes.
The confusion matrices obtained for the KTH action database
by applying the LDA and CDA based MCVELM action
classification schemes are illustrated in Figure 5. As can be
seen in this Figure, most of the actions were almost perfectly
recognized. A small confusion is observed between the action
classes ’jogging’ and ’running’, which is reasonable since they
are very similar to each other. However, even in these cases,
high classification rates are obtained.

Finally, we compare the performance of the proposed action
recognition method with that of other methods evaluating

TABLE III
ACTION CLASSIFICATION RATES ON THE WEIZEMANN ACTION DATABASE

BY USING THE PROPOSED ACTION REPRESENTATION.

LDA CDA ELM
98.89% 98.89% 97.78%
ORELM MCVELM (LDA) MCVELM (CDA)
98.89% 100% 100%

TABLE IV
COMPARISON RESULTS ON THE WEIZEMANN ACTION DATABASE (TEN

ACTIONS).

Method [32] Method [33] Method [34] Method [35]
90% 92.41% 92.8% 94.4%

Method [36] Method [7] Method [9] Proposed Method
95.7% 97.8% 98.9% 100%

TABLE V
COMPARISON RESULTS ON THE WEIZEMANN ACTION DATABASE (NINE

ACTIONS).

Method [37] Method [38] Method [21]
95.3% 96.7% 99.44%

Method [39] Method [40] Proposed Method
100% 100% 100%

TABLE VI
ACTION CLASSIFICATION RATES ON THE KTH ACTION DATABASE BY

USING THE BOW BASED ACTION REPRESENTATION.

LDA CDA ELM
96.0% 92.33% 95.33%

ORELM MCVELM (LDA) MCVELM (CDA)
96.17% 96.17% 96.33%

their performance on the KTH action database in Table VIII.
We should note here that real comparison between methods
evaluating their performance on the KTH database is diffi-
cult, since different experimental settings have been reported.
Specifically, methods in [41], [42], [43] employ the Leave-
One-Video-Out cross-validation procedure, while methods in
[44], [45], [46] employ a partition used in [31]. We argue
that the LOPOCV procedure is more reliable for performance
evaluation, since all the available action videos are used for
evaluation and each fold training set does not contain instances
of the test person under consideration.

B. Multi-view action recognition

The i3DPost multi-view action database [48] contains 512
high resolution, 1080 × 1920 pixel, videos depicting eight
persons performing eight actions. The database camera setup
consists of eight cameras placed in the perimeter of a ring
at a height of 2 meters above the studio floor. The actions
appearing in the database are: ’walk’, ’run’, ’jump in place’,
’jump forward’, ’bend’, ’fall down’, ’sit on a chair’ and ’wave
one hand’. Example video frames depicting a person in the

TABLE VII
ACTION CLASSIFICATION RATES ON THE KTH ACTION DATABASE BY

USING THE PROPOSED ACTION REPRESENTATION.

LDA CDA ELM
93% 95.67% 95.5%

ORELM MCVELM (LDA) MCVELM (CDA)
95.67% 96.5% 96.5%

(a) (b)

Fig. 5. Confusion matrices on the KTH database for the: a) LDA and b)
CDA based MCVELM algorithms.
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TABLE VIII
COMPARISON RESULTS ON THE KTH ACTION DATABASE.

Method [44] Method [41] Method [42] Method [43]
92.1% 93.17% 93.8% 93.98%

Method [45] Method [46] Method [47] Proposed Method
94.5% 94.53% 94.6% 96.5%

Fig. 6. Video frames of the i3Dpost eight-view action database depicting a
person walking.

database walking from all the available NC = 8 view angles
are illustrated in Figure 6. For the experiments conducted by
using the human action representation based on binary human
body poses we have used a color based image segmentation
technique discarding the blue color in the HSV color-space.

Tables X – XI illustrate the action classification rates
obtained by applying the proposed action recognition method
on the i3DPost action database, by using all the N = NC = 8
available cameras during both the training and test phases. As
can be seen high action classification rates have been obtained
in all the experiments. It can be seen that the ELM based
action classification schemes outperform the dimensionality
reduction based ones. Furthermore, it can be seen that the
STIP based action representation schemes clearly outperform
the human body poses based action representation. Finally, it
can be seen that by using the proposed action representation
and the proposed MCVELM algorithm for action classification
all the action instances have been perfectly classified providing
an action classification rate equal to 100% for both the LDA
and CDA cases.

In Table XII we compare the performance of the proposed
action recognition method with that of other methods, recently
proposed in the literature, evaluating their performance on

TABLE IX
ACTION CLASSIFICATION RATES ON THE I3DPOST MULTI-VIEW ACTION

DATABASE BY USING THE HUMAN BODY POSES BASED ACTION
REPRESENTATION.

LDA CDA ELM
90.63% 92.19% 95.08%
ORELM MCVELM (LDA) MCVELM (CDA)
95.5% 98.25% 98.64%

TABLE X
ACTION CLASSIFICATION RATES ON THE I3DPOST MULTI-VIEW ACTION

DATABASE BY USING THE BOW BASED ACTION REPRESENTATION.

LDA CDA ELM
95.31% 96.88% 96.88%
ORELM MCVELM (LDA) MCVELM (CDA)
98.44% 98.44% 100%

TABLE XI
ACTION CLASSIFICATION RATES ON THE I3DPOST MULTI-VIEW ACTION

DATABASE BY USING THE PROPOSED ACTION REPRESENTATION.

LDA CDA ELM
95.31% 98.44% 98.44%
ORELM MCVELM (LDA) MCVELM (CDA)
98.44% 98.44% 100%

TABLE XII
COMPARISON RESULTS IN THE I3DPOST MULTI-VIEW ACTION

RECOGNITION DATABASE.

Method [49] Method [15] Method [16] Method [50]
90.88% 92.19% 94.34% 94.37%

Method [51] Method [52] Method [53] Proposed Method
94.87% 95.5% 98.44% 100%

the i3DPost database. As can be seen, the proposed method
outperforms all the competing methods providing state of the
art performance.

In order to simulate the situation of total human body
occlusion in some of the cameras of the recognition camera
setup, we have conducted multiple experiments for a varying
number of cameras in the test phase. That is, in the training
phase the action videos depicting all the training persons
from all the NC = 8 cameras forming the database camera
setup were used to train the algorithms. In the test phase,
the N cameras used in order to recognize the test action
instance were randomly chosen. This experiment was applied
for varying number of test cameras 1 ≤ N ≤ NC . The
recognition rates obtained in these experiments are illustrated
in Figure 7. As can be seen in this Figure, the ELM based ac-
tion classification scheme employing the proposed MCVELM
algorithm clearly outperforms both the ones employing the
other ELM algorithms and the ones based on dimensionality
reduction classification schemes. By using one, randomly
chosen, camera for view-invariant action recognition, the LDA
based MCVELM action classification scheme provided an
action classification rate equal to 67.19%. The CDA based
MCVELM action classification scheme was able to better
discriminate action classes and provided an action classifi-
cation rate equal to 82.81%. By using 4 randomly chosen
test cameras the ORELM based action classification scheme
was able to perfectly classify all the test action instances. The
LDA based MCVELM action classification scheme provided
an action classification rate equal to 100% by using only three,
out of eight, test cameras. Finally, the CDA based MCVELM
action classification scheme provided a 100% classification
rate by using only two, out of eight, test cameras.

In Table XIII we compare the performance of the proposed
method with that of [51] and [52] for varying numbers of test
cameras N . As can be seen, the proposed action recognition
scheme clearly outperforms all the competing methods and
achieves state of the art performance on this database by
following these two experimental settings.

C. Facial Expression recognition

The facial expression database [12] contains 192 low-
resolution, 152× 194 pixel, videos depicting two persons ex-
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TABLE XIII
COMPARISON RESULTS ON THE I3DPOST MULTI-VIEW ACTION RECOGNITION DATABASE FOR DIFFERENT NUMBER OF RANDOMLY CHOSEN TEST

CAMERAS N (NC = 8).

N 1 2 3 4 5 6 7 8
Method [51] 79% 84.78% 88.31% 89.93% 94.85% 93.61% 94.48% 94.87%
Method [52] 82.56% 84.9% 90.8% 92.18% 92.18% 94.43% 94.43% 95.5%

Porposed Method 82.81% 96.88% 98.44% 98.44% 98.44% 98.44% 100% 100%

Fig. 7. Action recognition rates for varying number N of test cameras on
the i3DPost database (NC = 8).

Fig. 8. Video frames of the facial expression database depicting six emotions.

pressing six different emotions under two lighting setups. The
expressions appearing in the database are: ’anger’, ’disgust’,
’fear’, ’joy’, ’sadness’ and ’surprise’. Under each lighting
setup, each person performs six instances of all the six
expressions. In each video, the person under consideration
starts with a neutral expression, shows the emotion and returns
to neutral. Example video frames depicting the expression
appex level for all six facial expressions are illustrated in
Figure 8.

We have conducted two sets of experiments. In the first one,
we have performed the LOPOCV procedure by using all the
videos depicting the two persons. In the later one, the videos
depicting the training person in one lighting condition have
been used to train the algorithms and the videos depicting
the remaining person in the remaining lighting condition have
been used for testing. This has been performed four times,
for all the person-lighting condition combinations, in order to
compele an experiment. The classification rates obtained for
the two above described experimental settings are illustrated
in Tables XIV – XVII, respectively. As can be seen, the
ELM based classification schemes clearly outperform the
dimensionality reduction based ones in all cases. Further-
more, it can be seen that the proposed action representation
outperforms the BoW based one in most cases. The CDA
based MCVELM classification scheme, combined with the
proposed action representation, achieved the highest perfor-

TABLE XIV
CLASSIFICATION RATES ON THE FACIAL EXPRESSIONS DATABASE BY

USING THE BOW BASED ACTION REPRESENTATION.

LDA CDA ELM
67.71% 70.83% 76.82%
ORELM MCVELM (LDA) MCVELM (CDA)
76.56% 77.34% 77.34%

TABLE XV
CLASSIFICATION RATES ON THE FACIAL EXPRESSIONS DATABASE BY

USING THE PROPOSED ACTION REPRESENTATION.

LDA CDA ELM
65.63% 71.09% 77.08%
ORELM MCVELM (LDA) MCVELM (CDA)
77.86% 77.34% 78.65%

mance in both experimental settings. Overall, the proposed
method can successfully operate in both cases, providing
facial expressions classification rates equal to 78.65% and
76.56%, for the lighting independent and the cross-lighting
conditions experimental settings, respectively. The obtained
confusion matrices are illustrated in Figures 9 and 10 for the
lighting condition independent and the cross-lighting condition
experimental settings, respectively. As can be seen in these
Figures, four of the six emotions, i.e., ’anger’, ’joy’, ’sadness’
and ’surprise’, are well distinguished and almost perfectly
recognized in both experimental settings. The remaining two
emotions, i.e., ’disgust’ and ’fear’, are more difficult to be
recognized. This is due to the fact that these two emotions
involve small facial motion, resulting to a small number of
generated STIPs. In addition, these two emotions contain a
large number of similar facial poses and, thus, it is more
difficult to be well distinguished.

TABLE XVI
CLASSIFICATION RATES ON THE FACIAL EXPRESSIONS DATABASE

(CROSS-LIGHTING CONDITIONS EXPERIMENTAL SETTING) BY USING THE
BOW BASED ACTION REPRESENTATION.

LDA CDA ELM
66.67% 65.10% 70.83%
ORELM MCVELM (LDA) MCVELM (CDA)
73.44% 70.83% 73.44%

TABLE XVII
CLASSIFICATION RATES ON THE FACIAL EXPRESSIONS DATABASE

(CROSS-LIGHTING CONDITIONS EXPERIMENTAL SETTING) BY USING THE
PROPOSED ACTION REPRESENTATION.

LDA CDA ELM
61.98% 69.27% 71.35%
ORELM MCVELM (LDA) MCVELM (CDA)
73.44% 76.04% 76.56%
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(a) (b)

Fig. 9. Confusion matrices on the facial expression database for the: a)
LDA and b) CDA based MCVELM algorithms for the lighting independent
experimental setting.

(a) (b)

Fig. 10. Confusion matrices on the facial expression database for the: a)
LDA and b) CDA based MCVELM algorithms for the corss-lighting conditions
experimental setting.

In Table XVIII we compare the performance of the proposed
method with that of other methods evaluating their perfor-
mance on this database by using the cross-lighting conditions
experimental setting. As can be seen, the proposed method
outperforms all the other, competing, methods and achieves
state of the art performance.

IV. CONCLUSION

In this paper we proposed a novel method aiming at
unconstrained human action recognition. Action description
is based on local shape and motion information. Fuzzy vec-
tor quantization is employed for action representation while
action classification is performed by a single hidden layer
feedforward neural network trained for view-invariant ac-
tion classification. A novel algorithm for single hidden-layer
feedforward networks training that exploits the effectiveness
of both discriminant learning techniques and the Extreme
Learning Machine has been proposed in order to enhance its
performance. By combining local shape and motion informa-
tion appearing in video frame locations of interest for action
description and the proposed MCVELM algorithm for action
classification a fast and powerful human action recognition
method is obtained. The proposed method can successfully

TABLE XVIII
COMPARISON RESULTS ON THE FACIAL EXPRESSION DATABASE FOR THE

CROSS-LIGHTING CONDITIONS EXPERIMENTAL SETTING.

Method [12] Method [9] Porposed Method
69.8% 72.9% 76.56%

operate in situations that may appear in real application scenar-
ios, since it does not set any assumptions concerning the scenes
background and the camera(s) observation angle. Experimental
results on four video databases denote the effectiveness of
both the proposed action recognition scheme and the proposed
MCVELM algorithm.
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Abstract

In this paper, a method aiming at view-independent human action recognition is
presented. The method can operate using either one camera or a multi-camera
setup. In the case of multiple cameras used in the recognition phase, the adopted
action recognition scheme can successfully handle situations that may appear in
real application scenarios, like total human body occlusion in some of the cameras
forming the recognition camera setup. Action representation involves fuzzy vector
quantization while action classification is performed by a novel classification algo-
rithm which is proposed. Inspired by the effectiveness of the sparsity-based data
representation for classification and the efficient Extreme Learning Machine algo-
rithm for single hidden layer feedforward neural networks training, the Sparsity-
based Learning Machine (SbLM) is proposed. The performance of the proposed
human action recognition method is evaluated on two publicly available action
recognition databases aiming at different application scenarios. Experimental re-
sults denote the effectiveness of both the proposed action recognition scheme and
the SbLM algorithms in the proposed setting.

Keywords: Activity recognition; Fuzzy Vector Quantization; Sparse Data
Representation; Action classification

1. Introduction

Human action recognition is one of the most active research fields in computer
vision with an increasing number of real-world applications, including intelligent
visual surveillance [1, 2], human-computer interaction [3], content-based video
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compression and retrieval [4], semantic video annotation and augmented reality
[5]. Due to its importance, it has been heavily researched in the last two decades
and a plurality of action recognition methods have been proposed in the litera-
ture, each taking into account several aspects of the action recognition problem,
depending on the application scenario.

Most of the proposed methods utilize one camera, in order to obtain the nec-
essary visual information. However, due to the fact that the human body dur-
ing action execution, when it is observed by an arbitrary viewing angle, can be
considered to as a high level deformable object, such methods usually set the as-
sumption of fixed and a priori known observation angle [6]. This observation
angle is defined to be the one that provides the maximal action distinction and
is usually the side one. In order to overcome this limitation, multi-view action
recognition methods have been proposed. These methods operate by using multi-
camera systems. By capturing the human body from multiple viewing angles,
multi-view methods, exploit the enriched visual information in order to create a
view-independent human body description leading to view-invariant action repre-
sentation. After obtaining the available visual information, a pre-processing step
is, usually, performed on the video data depicting action instances in order to ob-
tain a convenient action description. Such descriptions include features based on
motion information and optical flow [7] and features devised mainly for action
representation [8, 9]. However, neurobiological studies [10] have concluded that
humans can perceive actions by observing only the human body configurations
during action execution. Thus, actions can be described as sequences of succes-
sive human body poses [11]. Popular choices for multi-view human body poses
representation include, visual hulls [12], multi-view postures [13] and skeletal
and super-quadratic body models [14]. Although most multi-view methods pro-
posed in the literature can effectively address the view-independent issue exploit-
ing multi-view visual information, they inherently set several assumptions. That
is, the person under consideration should be visible from all the cameras forming
the recognition camera setup and the recognition camera setup should be synchro-
nized and/or calibrated. In different cases, the action recognition performance will
decrease, or they will fail to operate properly

Finally, pattern recognition techniques are applied in order to obtain a conve-
nient action class representation and to classify new, unknown, action instances.
Discriminant Analysis techniques [15], Support Vector Machines (SVMs) [16]
and Artificial Neural Networks (ANNs) [17], have been widely used to this end
providing satisfactory action classification rates. Among them, single hidden layer
feedforward neural networks (SLFNs) have been widely used due to their ability
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to approximate any target continuous function and classify any disjoint regions.
Extreme Learning Machine (ELM) [18, 19] is a recently proposed method for
efficient SLFNs training. In ELM, the outputs of the hidden layer neurons are
considered to be the data representations in a new feature space, noted as ELM
space, resulted by a non-linear mapping using randomly chosen input weights.
Despite this fact, it has been shown that ELM network can achieve state-of-the-art
performance in many classification problems [20, 21, 21]. Recently, the concept
of sparsity-based data representation has attracted attention in computer vision
due to its powerful discrimination ability and the ability of sparse representations
to uncover semantic information. It has been successfully applied to many vision
tasks, including face recognition [22, 23] and image classification [24]. The main
idea is that a set of overcomplete basis, the so-called dictionary, can efficiently
represent a signal by using only a very small number of non-zero elements. De-
spite the fact that sparsity-based pattern classification has been extensively used
in all the above mentioned vision tasks, it’s application in human action recogni-
tion has not been used so much. We provide a literature review of the methods
adopting sparsity-based action representation for classification in Section 2.

In this paper, we present a method aiming at view-independent human action
recognition utilizing a multi-camera setup. Actions are described as sequences of
successive human body poses, in terms of binary body images. Such images can
efficiently be obtained by applying image segmentation techniques [25, 26] on the
video frames coming from the cameras involved in the recognition process. Ac-
tion representation involves fuzzy vector quantization while action classification is
performed by the proposed classification scheme. In the case of multiple cameras
used in the recognition process, we choose to perform action recognition in all the
videos corresponding to each camera independently and, subsequently, combine
the action recognition outcomes. By adopting this approach, the proposed method
can effectively address several issues that may appear in real application scenar-
ios involving multi-camera setups [27], like occlusion of the human body in some
of the cameras, synchronization errors between the cameras and different prop-
erties of the camera setups used in training and recognition phases. Inspired by
the effectiveness of the sparsity-based data representation for classification and
the efficient ELM algorithm, we propose the Sparsity-based Learning Machine
(SbLM) algorithm. The motivation behind SbLM is the fact that, since the ELM
can achieve high classification performance by adopting a random data mapping
in a high dimensional feature space, the adoption of a meaningful discriminant
high dimensional data representation should lead to increased action classification
performance. Since sparsity based data representation has proven its discrimina-
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tion power in classification problems, such an action representation could be an
excellent choice.

The main contributions of this paper are: 1) the proposal of a new learning al-
gorithm based on sparse data representation using an overcomplete basis formed
by the training data, 2) the proposal of two dictionary variants for the SbLM al-
gorithm formed by the mean cumulative fuzzy distances of posture vectors to all
the dynemes and 3) the evaluation of SbLM in multi-view action recognition.

The rest of this paper is structured as follows. Section 2 presents a literature
review of the action recognition methods adopting sparsity-based action represen-
tation. Section 3 provides an overview of the recognition framework used in the
proposed approach and a small discussion concerning the action recognition task.
Section 4 describes the proposed action recognition method and experimental re-
sults evaluating its performance are presented in Section 5. Finally, conclusions
are drawn in Section 6.

2. Related Work

Human action recognition methods employing sparsity-based action represen-
tation for classification have been, recently, proposed in the literature, inspired
by the effectiveness of such representations in image classification. Researchers
have, mainly, focused their attention on finding a convenient action description,
while classification is, usually, performed by following the smallest residual error
classification rule [22]. In [28], actions are described as sequences of consecutive
human body poses, in terms of binary images denoting the human body regions.
Each pose is represented by a feature vector and feature vectors representing all
the poses forming the training action videos are stored in a matrix to produce an
overcomplete dictionary. Human body poses forming a test action video are rep-
resented by sparse linear combinations of the training poses and classified to the
action class providing the smallest residual error. Finally, the test action video
is classified following the majority rule. In [29, 30] actions are described by
histograms of interest points detected in action videos. Histograms representing
training action videos form a dictionary and the histogram representing a test ac-
tion video is classified to the action class that provides the smallest residual error.
In [31], action videos are described by bags of features such as optical flow, veloc-
ity, gradient and divergence. Covariance matrices of these features representing
all the training action videos are vectorized in order to produce a dictionary. Fi-
nally, test action videos are represented by such covariance matrices and classified
to the action class that provides the smallest residual error.
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Instead of employing the entire training set for dictionary creation, several
methods have been proposed in order to learn a representative dictionary. Such
methods employ the training samples in order to learn an overcomplete dictionary
minimizing an objective function denoting the appearance information between
dictionary items. In [32], actions are described as vectors obtained by calculat-
ing central moments of image patches corresponding to interest points neighbor-
hood. Random projections are, subsequently, used for dimensionality reduction.
The reduced dimensionality feature vectors representing training action videos
are employed for dictionary learning, while test action videos are classified to the
action class that provides the smallest residual error employing the learned dictio-
nary. Three dictionary types are evaluated: class independent, class-specific and a
shared dictionary, which is produced by concatenating the class independent and
class-specific dictionaries. In [33], the class label information associated with dic-
tionary items is exploited in order to learn a compact and discriminant dictionary
for human action representation.

All the above described methods aim at single-view action recognition and,
thus, they set the assumption of known viewing angle during training and recog-
nition phases. A method that does not set this assumption is proposed in [34]. A
multi-camera setup is employed in order to describe actions as sequences of 3D
human body poses. View-invariant features obtained by performing 1D Fourier
transform on 3D Motion History Volumes [35], resulted by accumulating the 3D
human body poses with respect to time. Sparsity-based action video classification
is performed by following the smallest residual error classification rule. How-
ever, the method assumes that the person under consideration is visible from all
the cameras forming the recognition camera setup. Furthermore, both training
and recognition camera setups should be calibrated and synchronization errors
between the cameras affect the action classification performance.

3. Problem Statement

Let A be a set of NA action classes, such as walk, run, bend, etc. Let U be
a video database containing videos depicting NP persons performing instances
of actions belonging to the action class set A. Such videos will be called action
videos hereafter. In the case where the database camera setup is formed by NC >
1 cameras, each action instance in the video database U is captured from NC

viewing angles. The number of video frames consisting action videos may vary,
since actions differ in duration. For example, a walking step is, usually, depicted
in 10 - 15 video frames of a 25 fps video, while a bend sequence is depicted

5



in 40 - 60 video frames. Such duration variations may be observed even in two
different realizations of the same action, due to execution style variations between
different persons, or mood variations of the same person. Let us, now, assume
that a person, who may or may not be included in the video database U , performs
an instance of an action included in the action class set A, and that he/she is
captured by 1 ≤ N ≤ NC cameras. This results to the creation of N action
videos, each depicting the same action instance from a different viewing angle.
Action recognition is the task of assigning the new, unknown, action instance to
one of the NA action classes.

Action recognition is a difficult task in this setup. Since we aim to perform
view-independent human action recognition, the person is free to move and thus,
his/her position and orientation with respect to the camera setup coordinate sys-
tem may vary. Furthermore, actions highly overlap in the video frame space, since
the same human body poses appear in multiple actions. Taking into consideration
the size variations between different persons and the action execution style vari-
ations that appear in different realizations of actions, it is possible that an action
instance belonging to one action class performed by a person will be more similar
to another action instance performed by another person, than to an action instance
belonging to its actual action class. Finally, in the recognition phase, the human
body may be visible from an arbitrary number of cameras, since the person un-
der consideration may perform the action outside some cameras’ field of view, or
he/she may be occluded in some of the cameras

4. Proposed Method

4.1. Preprocessing
Let us assume that the video database U contains NT action instances, de-

picted in NV = NT ×NC action videos. Image segmentation techniques [26] are
applied to the video frames of these action videos in order to create binary im-
ages depicting the image locations belonging to the human body in white and the
background in black. These binary images are centered to the human body Re-
gions Of Interest (ROIs) center of mass, cropped to the ROIs region and resized
to fixed size H ×W posture images. Posture images are represented as matrices,
which are, subsequently, vectorized column-wise in order to create the so-called
posture vectors pij ∈ RH·W , where i = 1, ..., NV denotes the action video index
and j = 1, ..., Ni runs along the video frames of action video i. An example of
posture vector creation is illustrated in Figure 1.
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Figure 1: Posture vectors creation.

4.2. Action Representation
In the training phase, all the posture vectors of the training action videos

are used in order to produce D representative posture vectors zd ∈ RH·W , d =
1, ..., D, the so-called dynemes [36]. Dynemes calculation is performed by quan-
tizing the training posture vectors pij without exploiting the known action labels
of the training action videos. The choice of clustering algorithm was proven to
have only minor impact in action recognition accuracy. We found experimentally
that K-Means [15] performs well for the specific task and is faster than other clus-
tering algorithms. Thus, we adopt K-Means for dynemes calculation, minimizing
the within-cluster scatter, i.e.:

D∑
d=1

NV∑
i=1

Ni∑
j=1

αijd∥pij − zd∥2, (1)

where αijd = 1 if pij belongs to cluster d and αijd = 0 otherwise. Dynemes are
defined to be the cluster mean vectors:

zd =
1

nd

NV∑
i=1

Ni∑
j=1

αijdpij. (2)

nd =
∑NV

i=1

∑Ni

j=1 αijd is the number of posture vectors belonging to cluster d. Fig-
ure 2 illustrates 60 dynemes calculated by using the action videos of the i3DPost
action recognition database, that has been used in the first set of our experiments.
As can be seen, dynemes correspond to representative human body poses captured
by arbitrary viewing angles.

After dynemes calculation, each posture vector is mapped to the so-called
membership vector uij ∈ RD encoding the similarity of pij with all the dynemes
vd. This is done by calculating the fuzzy distances between pij and all the
dynemes zd, according to a fuzzification parameter m > 1.0:

uijd =
(∥ pij − zd ∥2))−

2
m−1∑D

k=1(∥ pij − zk ∥2))−
2

m−1

, d = 1, ..., D. (3)
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Figure 2: 60 dynemes produced by using action videos depicting eight persons performing eight
actions from eight viewing angles.

Membership vectors corresponding to each action video are averaged in order
to produce the so-called action vector si ∈ RD:

si =
1

Ni

Ni∑
j=1

uij. (4)

Finally, the action vectors representing all the NV training action videos are
normalized to have zero mean and unit standard deviation. In the recognition
phase, all the action vectors stest,j, j = 1, ..., N representing the N test action
videos depicting an action instance from all the N cameras involved in the recog-
nition process are normalized accordingly.

4.3. Sparsity-based Learning Machine
In this Section we briefly describe the ELM algorithm [18] for SLFNs training

and we subsequently describe the proposed SbLM algorithm. Let si, i = 1, ..., NV

be the set of training action vectors, accompanied with the corresponding action
class labels ci ∈ A. In ELM, the network’s input weights Win are randomly
chosen, while the output weights Wout are analytically calculated. The network’s
target vector corresponding to action vector si, ti = [ti1, ..., tiNA

]T , is set to tik = 1
when action vector si belongs to class k and tik = −1 otherwise.

Let us assume that the network’s hidden layer consists of L neurons and that
b ∈ RL is a vector containing the hidden layer neurons bias values, which are
randomly chosen as well. Let vj and wk denote the j-th column of input weights
matrix Win and the k-th column of output weights matrix Wout, respectively.
The output vector oi of the ELM network corresponding to training action vector
si is calculated by oik = wT

k gi, k = 1, ..., NA, where gi is the si representa-
tion in the ELM space. By storing the action vectors representation in the ELM
space in a matrix G = [g1, ...,gNV

], the network’s outputs corresponding to the
training action vectors can be written in a matrix form as O = WT

outG. Finally,
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by assuming that the network’s predicted outputs O are equal to the network’s
targets, i.e., oi = ti, i = 1, . . . , Nv, and using linear activation function for the
output neurons, Wout can be analytically calculated, i.e., Wout = G†TT , where
G† = (GGT )−1G and T a matrix containing the network’s target vectors.

In the standard ELM algorithm the action vectors representation in the ELM
space is obtained by performing a non-linear mapping using randomly chosen in-
put weights Win. Furthermore, the dimensionality of the ELM space L must be
empirically chosen. In order to find the optimal ELM space dimensionality sev-
eral methods have been proposed [37, 38]. Such methods either start by using a
large number of hidden neurons and iteratively decrease it as long as the classi-
fication residual error remains above a pre-defined threshold, or start by using a
small number of hidden neurons and iteratively increase it. These methods depend
on user pre-specified parameter values, like the maximal number of hidden neu-
rons and residual error threshold. Furthermore, the determined optimal number of
hidden neurons depends on the training data at hand. For example, if some of the
training data are replaced by others, the optimal number of hidden layer neurons
should be determined again.

In the following we describe the proposed SbLM algorithm which has been
formulated inspired by the above described learning process. Intuitively, the use of
an action vector representation in a high dimensional feature space that highlights
the action classes discriminant information should lead to an increase in the action
classification performance. We investigate the discrimination ability of sparsity
based data representations to this end. Specifically, the proposed SbLM algorithm
maps action vectors si to a high dimensional feature space determined by the
reconstruction weights determined by an l1-minimization optimization procedure.
Subsequently, a learning process is performed in order to determine the optimal
separating hyperplanes in the resulted high dimensional space for action classes
discrimination.

The proposed classification scheme involves a training procedure, in order to
determine the optimal separating hyperplanes in the resulted high dimensional
feature space. Let us denote with A ∈ RD×L a dictionary that will be used in
order to reconstruct a training action vector si using weights appearing in a vector
gi ∈ RL. gi can be determined by solving the following l1-minimization problem:

argmin
gi

∥Agi − si∥22 + λ∥gi∥1, (5)

where λ is a parameter that penalizes the non-zero elements of gi. Such min-
imization problems can be efficiently solved by using existing software pack-
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ages [39, 40]. Following [28, 29, 30, 31], A can be an overcomplete dictio-
nary formed by all the training data, in our case the training action vectors, i.e.,
A = [s1, s2, ..., sNV

]. One may think that the obvious solution in this problem is
G = INV

, since each training action vector si can be perfectly reconstructed by a
single column of A and specifically by the i-th column. In order to avoid this case
and since it is expected that test action vectors will not be perfectly reconstructed
by using a single training action vector, we employ the following two alternatives
for A determination:

• Action video independent: In this case we assume that the training action
vector si can be reconstructed by using the action vectors representing all
the remaining action videos in the video database U . That is, A is formed
by the training action vectors, sj, j = 1, ..., NV , j ̸= i. However, since test
action vectors will be reconstructed by using all the training action vectors,
si is reconstructed by using the following dictionary:

Ai = [s1, ..., si−1,01, si+1, ..., sNV
], (6)

where 01 ∈ RD is a vector of zeros. By solving the minimization problem
in (5) using Ai and si, a reconstruction vector gi

i is obtained. Finally, gi is
calculated by:

gi = (1− µ)gi
i + µ1i, (7)

where 1i ∈ RL is a vector having all its elements equal to zero, except of
element i, i.e., 1i = [0, ..., 0, 1, 0, ..., 0]T .

• Person independent: In this case we assume that the training action vec-
tors representing action videos depicting each person in the video database
U , can be reconstructed by using the action vectors of the remaining per-
sons. That is, we assume that training action vectors si, i = 1, ..., NV are
accompanied by the corresponding action class and person ID labels, ci and
qi, respectively. The action vectors representing the action videos depicting
the k-th person are stored in a matrix Ak = {sj, qj = k} and each train-
ing action vector si, i = 1, ..., NV is reconstructed by using the following
dictionary:

Ai = [A1, ...,Aqi−1,0Nqi
,Aqi+1, ...,ANP ], (8)

where 0Nqi
∈ RD×Nqi is a matrix of zeros and Nqi is the number of action

vectors belonging to person qi.
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By following the above described approach, the dimensionality of the new
action vector representation is determined by the number of training action vec-
tors, i.e., L = NV . In the cases where the training set size is very large, dictio-
nary learning techniques, like those proposed in [32, 33], can be employed for
representative dictionary learning. However, the adoption of dictionary learning
techniques has the following disadvantages: 1) it depends on user pre-specified
parameter values, 2) the determined optimal dictionary size depends on the train-
ing data at hand and 3) the dictionary learning process is time consuming. Taking
into account that the dictionary learning process should be performed multiple
times, for different parameter values, in a try-and-error sense, it can be seen that
the adoption of such dictionary learning techniques is computationally expensive.
In the cases where the number of training samples is not very high (like in our
case where the number of action videos appearing in current action databases is
between one and two thousand) the use of the training data for dictionary creation
is computationally inexpensive and exploits all the available information.

The proposed action vector representation exploits the discriminant ability of
sparsity-based data representation. In Figure 3 we present the representations
of an action video depicting the first person in the i3DPost multi-view action
database walking, for the ELM and the proposed SbLM approaches. As can be
seen in Figure 3a, the ELM based action vector representation does not seem to
contain discriminant information, since it is a result of non-linear mapping using
randomly chosen weights. In both SbLM approaches, as illustrated in Figures
3b,c, the obtained action vector representations contain discriminant information,
since the highlighted coefficients correspond to training action belonging to the
correct action class in most cases. Specifically, it can be seen that the action vec-
tor under investigation is more similar to action vectors belonging to the fourth and
seventh persons in the database representing action videos depicting them walk-
ing. In addition, let us consider that each training action vector corresponds to an
action video that has been recorded by a specific viewing angle. Thus, the weights
determined for a test action vector contain information regarding the test action
video observation angle [6]. In this way, we can see that the viewing angle effect
is inherently addressed by the adopted sparsity based action vector representation.

After calculating gi, i = 1, ..., NV , the available action labels for the training
action videos can be utilized in order to train a classification algorithm for action
class representation and classification of new, unknown, action videos. Expecting
that training and test action vectors follow the same distributions, the assumption
of zero training error is a reasonable choice. However, in the cases where the
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Figure 3: Action vector representation of an action video depicting a person walking for the a)
standard ELM algorithm, b) action video independent SbLM and c) person independent SbLM. In
b) and c) we illustrate the action class labels of the corresponding training action vectors (wk =
walk, wo = wave).

training data set contains outliers, this assumption may reduce the classifiers gen-
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eralization performance. By assuming small training errors, we can formulate a
regularization based optimization problem having the following form:

Minimize: LP =
1

2
∥W∥2F +

c

2

NV∑
i=1

∥ξi∥22

Subject to: WTgi = ti − ξi, i = 1, ..., NV ,

where W ∈ RL×NA is a matrix formed by vectors denoting the optimal hyper-
planes separating action classes in the above described multi-class action classi-
fication problem in an One-Versus-All (OVA) manner, ξi ∈ RNA is the training
error vector corresponding to training action vector si and c is a parameter denot-
ing the importance of the training error in the optimization problem. W can be
calculated by:

W =

(
GGT +

1

c
I

)−1

GTT . (9)

where I ∈ RNV ×NV is the identity matrix. The derivation of (10) by using the
primal minimization problem LP is shown in the Appendix.

Here we should note that similar classification schemes have been employed
in ELM as well [41, 42]. These methods investigate multi-class classification
problems as well and the proposed formulas for output weights Wout calculation
look similar to (10). However, in both these methods, data representation in the
decision space is based on randomly chosen weights, contrary to the proposed
SbLM, employing sparsity based data representation.

4.4. Action Recognition (Test Phase)
Let a person who is free to move in a place that is monitored by a camera setup

consisting of NC ≥ 1 cameras perform an instance of an action appearing in the
action class set A. Visual human body tracking techniques [43] can be used in
order to determine the cameras in which the person is visible from. Let us assume
that he/she is visible from 1 ≤ N ≤ NC cameras. This results to the creation of
N action videos, each depicting the same action instance from a different viewing
angle. These action videos are preprocessed following the procedures discussed
in Sections 4.1 and 4.2 resulting to N test action vectors st,i, i = 1, ..., N . st,i are
represented as sparse combinations of the training action vectors si and N vectors
containing the reconstruction weights gt,i are obtained. gt,i are, subsequently,
classified to the action class corresponding to the highest output, i.e.:

ct,i = arg max
k

wT
k gt,i, k = 1, ..., NA, (10)
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Finally, the test action instance is classified to an action class by following the
majority voting rule, i.e.:

ct = arg max
j

N∑
i=1

βij, (11)

where βij = 1 if ct,i = j and βij = 0 otherwise. As can be seen, by adopting
such an action recognition scheme, the number of cameras used in the recogni-
tion phase is not assumed to be a priori known. The proposed method can be
applied in both multi-view and single-view action recognition tasks. It should be
noted though, that the case where NC > 1, N = 1 belongs to the multi-view ac-
tion recognition case, since the algorithm has been trained using a multi-camera
setup and the known viewing angle assumption of single-view methods is not set.
Furthermore, synchronization errors between the cameras forming the recognition
camera setup do not affect the action classification performance, since the action
videos coming from different cameras are processed independently.

5. Experimental Results

In this Section we present experiments conducted in order to evaluate the per-
formance of the proposed action recognition method. We perform multi-view
action recognition on the i3DPost action database aiming at recognition of daily
actions and single-view action recognition (as a special case of multi-view action
recognition for NC = 1) on the AIIA-MOBISERV eating and drinking database
containing actions appearing in meal intakes. In order to evaluate the discriminant
information captured by the proposed sparsity based action vector representation,
we compare the performance of the proposed SbLM algorithm with that of the
ELM variants proposed in [18, 41, 42] in all the presented experiments, since
these methods employ a similar optimization based classification scheme. Since
most action recognition methods employing sparse representation perform action
classification based on the smallest residual error [22], as discussed in section 2,
we compare the smallest residual error classification rule with the proposed SbLM
in all the presented experiments. Furthermore, we compare the performance of
the proposed SbLM with that of Linear Discriminant Analysis [15] based action
vectors dimensionality reduction followed by nearest class centroid classification
using the Euclidean distance. Finally, we compare the performance of the pro-
posed action recognition method with that of other methods, recently proposed in
the literature.
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Regarding the algorithms’ parameters, the following values have been used:
W = H = 32, m = 1.1 and µ = 0.5. Following [42], the number of neurons
forming the network’s hidden layer for the ELM algorithms proposed in [18, 41,
42] was chosen to be equal to L = 1000. The optimal number of dynemes, the
fuzzification parameter m and the optimal value for the regularization parameter
c have been determined by performing the leave-one-person-out cross-validation
(LOPOCV) procedure. That is, the algorithms have been trained multiple times
(folds), equal to the number of the persons appearing in the database, by using
the action videos depicting all but one persons and tested on the action videos
depicting the remaining one. The LOPOCV procedure has been performed for
different numbers of dynemes D = 10d, d = 1, ..., 20, fuzzification parameter
values m = 1.0 + 0.05n, n = 1, ..., 10 and values of regularization parameter
c = 10r, r = −4, ..., 4. The mean action classification rate of all the folds included
in an experiment has been used to measure the performance of each algorithm.

5.1. Experiments on the i3DPost database
The i3DPost multi-view database [44] contains high resolution (1080 × 1920

pixels) image sequences depicting eight persons performing eight actions. The
database camera setup consists of eight cameras placed in the perimeter of a ring
at a height of 2 meters above the studio floor (Figure 4a). The actions appearing in
the database are: ’walk’ (wk), ’run’ (rn), ’jump in place’ (jp), ’jump forward’ (jf),
’bend’ (bd), ’fall down’ (fl), ’sit on a chair’ (st) and ’wave one hand’ (wo). Ex-
ample images depicting a person in the database walking from different viewing
angles are illustrated in Figure 4b.

(a) (b)

Figure 4: a) The i3DPost action recognition database camera setup and b) images depicting a
person of the database from different viewing angles running.

In our first set of experiments we have performed the LOPOCV procedure by
using all the action videos of the database. That is, in each fold of an experiment,
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the algorithms have been trained by using the action videos depicting seven of the
persons performing actions from all the available eight viewing angles and tested
by using all the action videos depicting the remaining person. The obtained mean
action classification rates for different regularization parameter r values are illus-
trated in Figure 5. As can be seen in this Figure, high action classification rates
have been obtained. The best action classification rates obtained for the ELM al-
gorithms proposed in [41] and [42] are equal to 95.08% and 95.5%, respectively.
SbLM algorithm outperform both [41] and [42] providing best action rates equal
to 96.12% and 97.69% for the person independent, noted as SbLM PI, and action
video independent, noted as SbLM VI, cases respectively. Furthermore, it can be
seen that the action video independent SbLM algorithm is the overall winner in a
wide range of regularization parameter r values, i.e., for r taking values between
−3 and 2. The confusion matrices corresponding to the optimal parameter values
for the SbLM algorithms are illustrated in Figure 6. It is worth noting here that
by performing the LOPOCV procedure using the standard ELM algorithm [18]
an action classification rate equal to 68.57% was obtained. This can be explained
by the fact that the standard ELM algorithm assumes zero training error and, thus,
variations appearing in action videos depicting different persons affect its general-
ization performance. Action vectors classification based on the smallest residual
error resulted to an action classification rate equal to 94.15%. Finally, action vec-
tors classification based on the smallest Euclidean distance from the mean action
class vectors resulted to action classification rates equal to 12.5% and 96.51% for
the input and the LDA spaces, respectively. The small action classification rate in
the case of action vectors classification in the input space was expected due to the
viewing-angle effect [6]. Finally, in Table 1 we compare the performance of the
proposed action recognition method with other methods, recently proposed in the
literature evaluating their performance on the i3DPost database.

Table 1: Comparison results in the i3DPost multi-view action recognition database.
Method [45] Method [13] Method [46] Method [47] SbLM PI SbLM VI

90.% 94.34% 95% 94.87% 96.12% 97.69%

In order to simulate the situation of performing human action recognition un-
der total human body occlusion in some of the cameras used in the recognition
phase an experiment has been set as follows. We have performed the LOPOCV
procedure multiple times by using different numbers of recognition cameras N .
That is, in each fold of the cross validation procedure we have trained the algo-
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Figure 5: Action classification rates on the i3DPost database by using all the available cameras
(NC = 8, N = 8).

(a) (b)

Figure 6: Confusion matrices on the i3DPost database: a) person independent SbLM and b) action
video independent SbLM.

rithms by using all the action videos depicting seven persons in the database and
tested them by using action videos of the remaining person coming from N ran-
domly chosen cameras. This means that each test action instance was classified
by using N action videos depicting the person under consideration from N ran-
domly chosen viewing angles. The action classification rates obtained for these
experiments are illustrated in Figure 7.

As can be seen in Figure 7, the action video independent SbLM algorithm
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Figure 7: Action classification rates on the i3DPost database by using different numbers of ran-
domly chosen cameras N (NC = 8).

clearly outperforms all the competing algorithms. By using only N = 3 ran-
domly chosen cameras in the recognition phase an action classification rate equal
to 96.73% has been obtained, while by using N = 6 cameras the obtained action
classification rate is equal to 97.69%. We should note here that the decrease of the
action classification rates in the case of N = 2 is observed due to the fact that the
majority voting combination scheme can not provide a classification result in the
cases where the two action video classification results are not the same. In these
cases, the corresponding test action instance is characterized as ”unknown”, and,
thus, it is regarded as incorrect. In table 2 we compare the performance of the
proposed method with that of the method proposed in [47] for different numbers
of test cameras N . As can be seen, the proposed method clearly outperforms the
method in [47] in all cases.

Table 2: Comparison results in the i3DPost multi-view action recognition database for different N
(NC = 8).

Number of cameras N 1 3 4 5

Method [47] 79% 84.9% 90% 94.85%

SbLM PI 89.28% 94.95% 94.78% 96.1%
SbLM VI 91.72% 96.73% 97.06% 97.12%
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5.2. Experiments on the AIIA-MOBISERV database
The AIIA-MOBISERV eating and drinking database [48] contains low reso-

lution (480 × 640 pixels) videos depicting twelve persons (six females and six
males) during a meal. Four meals have been captured for each person. The per-
sons eat using spoon, cutlery and fork and drink from a cup or a glass. Between
eating and drinking periods, the persons perform several actions, such as slicing
their food, chewing it and resting. Example video frames are illustrated in Figure
8.

(a) (b) (c)

Figure 8: Video frames of the AIIA-MOBISERV eating and drinking database.

In our experiments we have formulated a three class classification problem
containing the action classes: ’eat’, ’drink’ and ’apraxia’. Action class ’apraxia’
contains action videos depicting the persons slicing their food, chewing it and rest-
ing. The choice of three, instead of eight, classes was made in order to evaluate
the performance of the proposed method in the case of high intra-class variations.
Indeed, as it is expected, intra-class variations in the above described three-class
classification problem are high, since due to different human body proportions
among individuals and action execution style variations it is possible that an ac-
tion video depicting a person eating with spoon is more similar to an action video
depicting another person drinking from a cup and at the same time is quite dif-
ferent from an action video depicting a sequence belonging to an other eating
subclass, e.g. eat with fork. In the presented experiments the image ROIs denot-
ing human body poses were determined to be the persons’ heads and hands, i.e.,
the skin-like video frame regions.

We have performed the LOPOCV procedure by using the action videos of the
AIIA-MOBISERV database. The mean action classification rates obtained for
different regularization parameter r values are illustrated in Figure 9. As can be
seen high action classification rates have been obtained in these experiments. The
use of the two ELM algorithms proposed in [41] and [42] resulted to best action
classification rates equal to 90.2% and 90%, respectively. Standard ELM algo-
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rithm [18] provided an action classification rate equal to 68.65%. Action vectors
classification based on the smallest residual error rule resulted to an action clas-
sification rate equal to 90.3%. Action vectors classification based on the smallest
Euclidean distance from the mean action class vectors in the input and the LDA
spaces resulted to action classification rates equal to 86.06% and 92.16%, respec-
tively. Finally, the best action classification rates obtained by applying the two
variants of the proposed SbLM algorithms are equal to 91.64% and 92.36%, for
the person independent and action video independent cases, respectively. As can
be seen in Figure 9, the two SbLM algorithms clearly outperform the other three
ELM variants, since in most cases they provide higher action classification rates.
The confusion matrices obtained by using the SbLM algorithms and the optimal
regularization parameter r values are illustrated in Figure 10.

Figure 9: Action classification rates on the AIIA-MOBISERV database.

(a) (b)

Figure 10: Confusion matrices on the AIIA-MOBISERV database: a) person independent SbLM
and b) action video independent SbLM.
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6. Discussion and Conclusion

In this paper we presented method aiming at view-independent human action
recognition. Actions are described as sequences of successive human body poses.
Action representation involves fuzzy vector quantization based on representative
human body poses determined from the human body poses of the training action
videos. Inspired by the effectiveness of the sparsity-based data representation for
classification and the efficient Extreme Learning Machine algorithm, the Sparsity-
based Learning Machine (SbLM) has been proposed for view-independent action
video classification. In the case of multi-view human action recognition, action
classification results combination leads to high action classification rates. The
proposed method can successfully handle the situations of total human body oc-
clusion in some of the cameras forming the recognition camera setup, as well as
synchronization errors between the cameras. Experimental results have shown
that the adoption of a high dimensional discriminant action representation can
increase the action classification performance in the proposed setting.
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Appendix A.

Here we describe the solution of the following optimization problem:

Minimize: LP =
1

2
∥W∥2F +

c

2

NV∑
i=1

∥ξi∥22

Subject to: WTgi = ti − ξi, i = 1, ..., NV ,

By substituting the condition in the primal problem we obtain:

LP =
1

2
∥W∥2F +

c

2

NV∑
i=1

∥ti −WTgi∥22. (A.1)
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Solving for ϑLP

ϑW
= 0, W can be obtained by:

W =
c

2

(
2GTT − 2GGTW

)
⇒
(
I+ cGGT

)
= cGTT ⇒

(
GGT +

1

c
I

)
W = GTT

W =

(
GGT +

1

c
I

)−1

GTT . (A.2)
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Abstract

In this paper, we present a novel method aiming at multidimensional sequence classification. We propose a novel

sequence representation, based on its fuzzy distances from optimal representative signal instances, called statemes.

We also propose a novel modified Clustering Discriminant Analysis algorithm minimizing the adopted criterion with

respect to both the data projection matrix and the class representation, leading to the optimal discriminant sequence

class representation in a low-dimensional space. Based on this representation, simple classification algorithms, such

as the nearest subclass centroid, provide high classification accuracy. A three step iterative optimization procedure

for choosing statemes, optimal discriminant sub-space and optimal sequence class representation in the final decision

space is proposed. The classification procedure is fast and accurate. The proposed method has been tested on a

wide variety of multidimensional sequence classification problems, including handwritten character recognition,

time series classification and human activity recognition, providing very satisfactory classification results.

I. INTRODUCTION

Sequence classification is used in a wide range of applications, where real-world data can be interpreted

as time varying sequences. For example, in health informatics, ECGs are multichannel sequences that can

be classified, in order to diagnose heart deceases [1], [2]. In image analysis, an object contour can be
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(a) (b)

Fig. 1. a) Human walk described as a sequence of human body pose images, b) handwritten characters ’I’ and ’J’.

considered as a sequence of 2D pixels that can provide shape descriptors for object classification [3]. In

a similar way, handwritten optical character recognition can be performed by considering the characters

as 2D pixel sequences denoting pen tip trajectory [4]. In human-centered video analysis, human actions

are interpreted as sequences of human body poses [5], which are high-dimensional body image masks.

Generally speaking, a multidimensional data sequence s refers to an ordered list of multidimensional

instances (sequence samples) s = [s1, s2, ..., sNs ]
T , sn ∈ RN . Sequences can be labeled by class labels. For

example, a sequence representing a Latin character belongs to one of the 26 letters (classes) {A,B, ..., Z},

appearing in the Latin alphabet. Given a sequence class label set L = {L1, ..., LM} and a sequence s,

sequence classification is defined as the task of mapping s to one of the M classes in L. The main

challenges in sequence classification addressed in this paper are described subsequently and are illustrated

with examples coming from handwritten character recognition and human action recognition.

• The dimensionality of the instance space RN may be very high. Moreover, instances may contain

redundant information. Thus, if someone wants to use all available information, the classification task

will be computationally expensive and memory consuming. However, several applications require

fast classification using a low amount of memory. For example, human body poses in Figure 1a are

represented by high-dimensional images. However, if one determines a codebook of all important

body poses, each instance could be represented by an integer, denoting the most similar pose in the

codebook, obtained by vector quantization [6].

• Inter- and intra-class variations. Sequences belonging to the same class may be quite different from

each other, while sequences belonging to different classes may be quite similar, as illustrated by the

three handwritten characters in Figure 1b.

• Varying sequence length. Sequences belonging to different classes may differ in length. This may
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(a) (b) (c) (d)

Fig. 2. Handwritten characters represented as intersection points with a grid.

(a) (b)

Fig. 3. Walking sequences starting from different human body poses.

be observed even in sequences belonging to the same class, as illustrated in Figures 2a, 2b, where

a handwritten character is represented by a sequence of 2D pixels coordinates sn = [xn, yn]T , n =

1, ..., Ns.

• Variations in speed and sampling. Instances may either be collected using different sampling rates, as

shown in Figures 2c, 2d, or sequences describing the same event may be observed having different

evolution speed. For example, a person may walk faster than another one.

• Time lag. Periodic sequences belonging to the same class may begin from different starting instances,

as illustrated in Figure 3.

Several methods have been proposed in the literature for sequence classification and can be categorized

in three categories: distance-based, model-based and feature-based ones [7], [8], [9]. In the following, we

provide a comprehensive review of the most important sequence classification methods.

Distance-based methods define a distance function, e.g. the Euclidean distance, to measure the similarity

between two sequences. Typically, such distance functions assume that the sequences have the same

length and, therefore, are sensitive to sequence length Ns variations. In order to overcome this limitation,

sequence alignment techniques have been proposed. Dynamic Time Warping (DTW) [10], [11] aligns

two sequences before matching by stretching or shrinking them in length, in order to provide the best

match. The Longest Common Subsequence (LCSS) model [12] allows two sequences to stretch, without

rearranging the order of their instances and by allowing unmatched instances. These techniques have
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high computational complexity and are, usually, computed by dynamic programming. Given a distance

function, sequence classification is usually performed by using the K-nearest neighbor (KNN) classifier,

as it has been shown that the 1NN classifier is surprising competitive in terms of classification accuracy,

compared to other, more complex, classifiers [9]. Traditional KNN classification involves searching the

entire training set for the K most similar training sequences to the test sequence and, thus, requires a

high computational cost. In order to speed up the search procedure, two approaches have been proposed:

building fast search algorithms and/or reducing the training sequence set cardinality. The first approach

is implemented by organizing the training set in structures that allow efficient search, e.g. in hierarchical

trees [13]. In the latter one, the training set is reduced, by keeping only representative training sequences,

which are, subsequently, used by the KNN search algorithm [14].

Model-based classification methods assume that sequences belonging to a class are generated by an

underlying probabilistic model. Each class is represented by such a model, which is learned using the

training sequences. A test sequence is assigned to the class model that provides the highest likelihood.

Naive Bayes classifiers [15] have been widely used due to their simplicity [16], [17]. Markov Models and

Hidden Markov Models (HMM) [18] are also used to model the transition between instances to describe

sequences. Their training procedure can be either generative or discriminative [19]. In the first case, each

class is represented by a model which describes the class properties, while in the later, the training process

takes into account the discriminant information among the classes, in order to increase the classification

performance. The aforementioned techniques assume independence between sequence instances, which

is often not realistic. Conditional Random Fields (CRF) [20] relax this independence assumption, while

increasing classification accuracy.

Feature-based classification methods represent each sequence with one or more features, which are

subsequently used for classification. n-gram based sequence representation can be achieved by applying

discretization on the sequence instances, or by performing clustering and representing each instance

with the closest cluster centroid. Another approach is to consider sequences as shapes and describe
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their properties. Shapelets [21] are defined as the subsequences capturing local sequence properties.

A sequence can be described as a collection of shapelets. Wavelet decomposition has been applied to

sequence classification, in order to capture both local and global sequence properties [22]. Specifically,

the low-order wavelet coefficients have been used to describe global sequence properties, while high-

order coefficients have been used to describe the local sequence information. After finding a convenient

sequence representation, standard classification techniques, such as Support Vector Machines (SVM),

K-nearest neighbors or Artificial Neural Networks (ANN) can be utilized for sequence classification.

In this paper, we propose a novel multidimensional sequence classification method. We take into account

the general case of multidimensional real-valued instances. The training sequence instances sn ∈ RN are

clustered in order to produce K instance prototypes, i.e., in order to determine an instance codebook.

The labeling information available for the training sequences is, subsequently, exploited to tune the

instance codebook and increase sequence class discrimination, determining a set of K optimal instance

representations, which are called statemes (steaming from the word state). The statemes define the so-called

stateme space RK , as follows. After statemes determination, a sequence is represented in a new way, by a

vector denoting the similarity between its instances and all chosen statemes. This is a convenient sequence

representation that can be applied to any sequence classification problem. For example, in handwritten

character or human action recognition problems, the sequence representation is in the form of a real-valued

vector denoting the similarity of the test sequence (representing one character or action, respectively) with

the corresponding statemes. Subsequently, the class label information that is available for the training

sequences, is exploited in order to determine an optimal linear transformation of the stateme space RK to

a low-dimensional feature space RD, D � K, which enhances class discrimination. This is achieved by

exploiting, once again, the available labels of the training sequences, in order to determine both the optimal

linear transform matrix and the optimal sequence class representation in the stateme space, in terms of

sequence class discrimination. The final sequence classification in this space can be performed by various

methods, such as the nearest class centroid(s) [23], providing high classification accuracy. In this paper we
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perform classification based on a modified nearest subclass centroid scheme. The proposed classification

procedure has low computational cost and requires small amount of memory, since each sequence class

is represented by few low-dimensional feature vectors, since D � K � N . Furthermore, by allowing

multiple subclasses in each sequence class, we take into account intra-class structure variations, which

are usual in real applications. For example in handwritten character classification each person writes in

a different way that slightly varies from time to time, thus creating subclasses within each handwritten

character class.

Vector quantization based data representation has been widely used in image/video analysis [24], [25].

In such data representations, representative feature vectors are extracted from the training images/videos

to form a so-called codebook. Based on this codebook, data are represented by performing hard or soft

feature vector quantization. It should be noted that most image/video analysis methods employ standard

clustering techniques, like K-Means [6], for codebook construction. That is, the codebook is obtained in

an unsupervised manner. Supervised codebook construction is a, relatively, new task [26], [27], [28], [29],

[30], [31]. The main idea behind supervised codebook construction is the incorporation of the labeling

information, that is available for the training data, in order to construct better clusters, in terms of intrinsic

cluster structure. A probabilistic codebook learning technique is proposed in [26], [27], [28]. According

to this, class-specific codebooks are learned from an initial codebook, by adapting or merging codewords

appearing in an initial universal codebook. The information bottleneck principle, combined with kernel

density estimation, has been exploited for codebook learning in [29]. Extremely Randomized Clustering

Forests (ERC-Forests) have been propose in [30], where the given class labels are exploited in order to

control the codebook size. A codebook learning method based on minimum between-category mutual

information loss is proposed in [31]. In all the above described cases, the adoption of the corresponding

supervised codebook has led to an increase of the classification performance, compared to the unsupervised

case. However, the supervised codebook construction process is not directly related to the discrimination

of the classes involved in the classification problem. In this paper, we aim at determining the optimal
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codebook (statemes), in terms of better sequence classes discrimination. To this end, we propose a novel

codebook learning method, based on the minimization of the within-class scatter to the between-class

scatter ratio. This optimization criterion is evaluated on sequential data, by adopting the mean fuzzy

distances of a stateme based sequence representation.

Dimensionality reduction techniques have been widely used in classification schemes due to their ability

to reduce the data dimensionality and enhance class discrimination. Linear Discriminant Analysis (LDA)

[6] is, probably, the most widely adopted technique. The main idea of standard LDA is to find an optimal

reduced-dimensionality space for data projection, in which the classes are better discriminated. The adopted

criterion is the ratio of the within-class scatter to the between-class scatter in the projection space. By

minimizing this criterion, maximal class discrimination is achieved. Clustering Discriminant Analysis

(CDA) [32] can be seen as a generalization of LDA, that takes into account multimodal classes. Standard

LDA and CDA techniques try to determine the optimal data projection matrix, by representing classes using

the corresponding mean (sub)class vectors. However, one may think that there could be other, optimized,

(sub)class vector representations that could provide better class discrimination. In this paper, we relax

the assumption of class representation by the corresponding mean (sub)class vectors and we propose an

iterative optimization scheme aiming at determining both the optimal, in terms of class discrimination,

representative (sub)class vectors and the the data projection matrix for CDA based projection.

Overall, the contributions of this paper are: 1) the proposition of a novel iterative optimization procedure,

which provides both the optimal representative sequence (sub)class vectors and the optimal projection

matrix for CDA-based dimensionality reduction, 2) the proposition of a novel iterative optimization proce-

dure, in order to increase instance codebook discrimination power, based on CDA criterion minimization,

3) the proposition of a unified framework for multidimensional sequence classification involving three

optimization steps optimizing the same sequence class discrimination criterion.

The remainder of this paper is structured as follows. Section II presents the steps performed by the

proposed method. Section III presents experiments conducted on publicly available databases coming from
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a wide variety of sequence classification problems in order to assess the performance of the proposed

method. Finally, conclusions are drawn in Section V.

In terms of notation, we use superscripts to denote sequence class and sequence subclass indices and

subscripts to denote sequence number and instance number indices. For example, we use the notation sijnm

to denote the m-th instance of sequence n, belonging to subclass j of sequence class i. In cases where

the sequence class information is not necessary, we drop superscipts. That is, we use the notation snm to

denote instance m of the n-th training sequence.

II. PROPOSED METHOD

In this paper, a sequence of multidimensional instances is denoted by sn = [sn1, sn2, ..., snNn ]T , where

snm ∈ RN is the m-th instance of sequence n, Nn is the number of instances forming sequence sn and

may vary over sequences. Let L = {L1, ..., LM} be a set of sequence classes, e.g. ’walk’, ’run’, ’jump’,

etc, in the case of human actions. Given a set S of NT training sequences S = {S1, ...,SNT
}, where

Si = {si1, ..., siN i} is a subset of N i sequences belonging to sequence class Li, we would like to devise

a sequence classification algorithm which addresses all the previously denoted challenges by finding an

optimal sequence representation in terms of statemes and dimensionality reduction during training. After

training, a test procedure can be applied to a test sequence stest in order to find its class label ltest. In the

following, we present in detail each individual step of the proposed method.

A. Statemes Determination

In the training phase, all training sequence instances snm are clustered, in order to produce K statemes,

vk, k = 1, ..., K, without taking into account the known training sequence instance labels. Several cluster-

ing algorithms can be utilized for this task. We have conducted experiments using K-Means [33], Fuzzy

C-Means [34], Self Organizing Maps [35] and Spectral Clustering [36], [37] and have experimentally

found that the choice of the clustering algorithm does not affect significantly the performance of the

proposed method. As K-Means is a fast clustering algorithm, we chose it to cluster the training instances
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by minimizing
∑K

k=1

∑NT

n=1

∑Nn

m=1 anmk ‖ snm − vk ‖2, where Nn is the number of instances forming

sequence sn. The parameter anmk is chosen as follows: anmk = 1 if instance snm is assigned to the k-th

cluster (having cardinality nk =
∑
anmk) and anmk = 0 otherwise. The K statemes vk are obtained by

calculating the arithmetic mean of the instances assigned to each of these K clusters:

vk =
1

nk

NT∑
n=1

Nn∑
m=1

anmksnm. (1)

The optimal number of statemes is determined by performing multiple fold (typically 10-fold) cross-

validation procedure. The training set is divided in ten subsets and, in each fold of the cross-validation

procedure, the algorithm is trained using nine subsets and tested using the remaining one. An experiment

consists of ten folds, one for each test subset.

In the following section, we propose a stateme-based sequence representation. Specifically, we propose

a non-linear mapping of a sequence to a feature space determined by the statemes, called stateme space.

In order to enhance the sequence class discrimination in the statemes space, we propose an iterative

procedure in order to determine the optimal, in terms of classification accuracy, stateme choice. This

procedure is described in Subsection II-C.

B. Sequence Representation

After stateme calculation, each sequence sn is mapped to the so-called sequence vector qn ∈ RK , which

denotes the similarity of the instances forming the sequence snm to all statemes vk, k = 1, ..., K, based

on the fuzzy distances between the instances snm an the dynemes vk:

dnmk = (‖ snm − vk ‖2))−
2

r−1 . (2)

r is the fuzzification parameter (r > 1), which is also determined by applying the cross-validation proce-

dure. We have experimentally found that the value r = 1.1 provides a satisfactory sequence representation.

Fuzzy distances allow smooth distance representation between sequence instances and statemes. Fuzzy

distances dnmk are used to form the so-called stateme distance vector dnm = [dnm1, dnm2, ..., dnmK ]T ∈ RK ,
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Stateme distance vectors dnm are normalized to produce the instance membership vectors unm ∈ RK ,

which are the instances snm representation in the stateme space unm = dnm

‖dnm‖ . Sequence vector qn are

determined as the mean membership vector qn = 1
Nn

∑Nn

m=1 unm.

By using a simple arithmetic mean for sequence representation, we avoid taking into account any

instance order, (i.e. temporal) information in the sequence representation, hence efficiently handling, e.g.

variations in sequence length. Finally, the training sequence vectors qn are normalized to have zero mean

and unit standard deviation, producing the normalized sequence vectors xn, which represent sequences sn

in the stateme space. Since our final purpose is to obtain the optimal, in terms of classification accuracy,

sequence representation, we are interested to enhance the discriminant ability of xn. In order to achieve

that, we can a) optimize the choice of statemes vk and b) map xn to a more discriminant sequence

representation zn in a reduced-dimensionality space RD, D � K. In this paper we follow both these

directions, as described in the subsequent sections.

C. Stateme Optimization

In this section, we present an iterative optimization procedure aiming to determine the optimal statemes

vk, in terms of sequence class discrimination. Since xn are functions of vk, as detailed in (2)-(??), the

optimal sequence representation in the stateme space can be obtained by minimizing Fisher [6] sequence

class discrimination criterion with respect to vk:

J1 =
trace(Sw)

trace(Sb)
, (3)

where Sw, Sb denote the within-class and between-class scatter matrices, respectively. Fisher criterion

is typically used for unimodal classes. When multimodality exists, i.e., each class consists of several

subclasses, CDA performs better. Let us assume that the sequence class i consists of ci subclasses, each

containing N ij training normalized sequence vectors and represented by the corresponding mean vector

µij . Let us denote by xij
n the n-th training normalized sequence vector belonging to the j-th subclass of
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sequence class i. In CDA, Sw and Sb are defined as follows:

Sw =
M∑
i=1

ci∑
j=1

N ij∑
n=1

(xij
n − µij)(xij

n − µij)T (4)

Sb =
M∑
i=1

∑
l 6=i

ci∑
j=1

cl∑
h=1

(µij − µlh)(µij − µlh)T (5)

The minimization of J1, can be done by a gradient descent procedure:

vk(t) = vk(t− 1)− α∂J1(t− 1)

∂vk(t− 1)
, (6)

where t denotes the iteration of the update procedure and α is an update rate parameter. In our experiments

we used the value α = 0.5.

As proven in Appendix A, ∂J
∂vk

takes the form:

∂J1

∂vk

=
2

trace(Sb)
(xij

n − µij)− 2trace(Sw)

N ijtrace(Sb)2

∑
l 6=i

cl∑
h=1

(µij − µlh)

× ek

× 1

q̃k

(
1− 1

NT

)
− qijnk − q̄k
q̃3
k(NT − 1)

(qijnk − q̄k)− 1

NT

M∑
l=1

cl∑
h=1

N lh∑
m=1

(qlhmk − q̄k)


× 1

N ij
n

N ij
n∑

m=1

 1[∑K
l=1(dijnml)

2
]1/2
− (dijnmk)2[∑K

l=1(dijnml)
2
]3/2


× −g(vk − sm)

‖vk − sijnm‖g+2
2

(7)

where N ij
n is the number of instances forming sijn , ek ∈ RK (ei = 0 for i 6= k and ei = 1 for

i = k), q̄k = 1
NT

∑M
i=1

∑ci
j=1

∑N ij

n=1 q
ij
nk is the k-th element of the mean training sequence vector, q̃k =

1
NT−1

∑M
i=1

∑ci
j=1

∑N ij

n=1(qijnk − q̄k) is the corresponding standard deviation and g = 2
r−1

.

In the training phase, we initialize vk by clustering all the instances forming the training sequences,

as described in section II-A. Based on these statemes vk(0), the training sequences are mapped to the

statemes space to obtain xij
n (0). In this space, normalized sequence vectors xij

n (0) belonging to each

sequence class are clustered, in order to obtain the sequence class centers µij(0). Scatter matrices Sw(0),

Sb(0) are calculated by using (4), (5) for xij
n (0) and µij(0). The criterion value J1(0) is, subsequently,

calculated via (3).
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The iterative procedure is performed multiple times, by introducing the training sequences in a random

order. At iteration t, vk(t) are calculated using (6). Based on vk(t), new xij
n (t) are calculated, which are

assigned to subclasses based on their distances from the subclasses centers µij(t−1), using the Euclidean

distance. New subclass centers µij(t) are, subsequently, calculated as the mean subclass vectors in the

stateme space. Scatter matrices Sw(t) and Sb(t) are, finally, computed using (4), (5), resulting to a new

criterion value J1(t). This procedure is performed until the criterion J1(t+ 1)−J1(t) < ε1, where ε1 is

a small positive value, or for a fixed number of iterations.

D. CDA Projection

After finding the optimal sequence representation in the stateme space, the labeling information available

in the training phase can be exploited, in order to determine an optimal discriminant space, where

the projected sequence vectors belonging to different classes are better separated. We employ CDA

to this end looking for a linear transform Ψopt, which maps the normalized sequence vectors xij
n to

discriminant sequence vectors zij
n
∈ RD by applying zij

n = ΨT
optx

ij
n . The dimensionality of the final

sequence representation is at most D = C − 1, where C is the total number of subclasses forming the

sequence classes: C =
∑M

i=1 ci. Ψopt is determined by minimizing the criterion, Ψopt = arg min
Ψ
{J2}:

J2 =
trace{ΨTSwΨ}
trace{ΨTSbΨ}

, (8)

where Sw, Sb are given by (4) and (5), respectively. The optimization problem in (8) is equivalent to

the optimization problem Swv = λSbv, λ 6= 0, which can be solved by performing eigenanalysis to the

matrix S−1
b Sw. The optimal projection matrix Ψ is formed by the eigenvectors corresponding to the D

largest eigenvalues, since the remaining eigenvalues are equal to zero.

The standard CDA algorithm described above provides an optimal discriminant space assuming that

each subclass is represented by the corresponding mean vector µij . However, other ’center’ vectors µ̃ij

can be found to represent the subclasses by an optimization procedure, minimizing J2, which is a function

of µ̃ij according to (4), (5), (8). That is, subclass representation by different ’center’ vectors µ̃ij results
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in the derivation of different ’scatter’ matrices S̃b and S̃w, by using µ̃ij instead of µij in (4), (5). They

in turn, result in the determination of a different projection matrix Ψ̃opt, thus determining a different

projection subspace.

In order to determine the optimal µ̃ij , we perform an iterative procedure based on the steepest descend

approach. This procedure starts by using the solution given by the standard CDA algorithm, i.e., µ̃ij(0) =

µij and S̃w(0) = Sw, S̃b(0) = Sb. By calculating ∂J2
∂µ̃ij , as shown in Appendix B, we obtain:

∂J2

∂µ̃ij =
Ψ̃Ψ̃T

[
2

N ij

∑Nij

n=1

(
µ̃ij − xij

n

)]
trace(Ψ̃T S̃bΨ̃)

−
trace(Ψ̃T S̃wΨ̃)

[
Ψ̃Ψ̃T

(
2
C

∑
l 6=i

∑cl
h=1

(
µ̃ij − µ̃lh

))]
trace(Ψ̃T S̃bΨ̃)2

, (9)

µ̃ij(t) = µ̃ij(t− 1)− β ∂J2(t− 1)

∂µ̃ij(t− 1)
. (10)

where β is an update rate parameter. In our experiments we used the value β = 0.1.

After calculating µ̃ij(t), the scatter matrices S̃w(t) and S̃b(t) given in equations (4) and (5), respectively,

are calculated and a new optimal projection matrix Ψ̃opt(t) is determined. The normalized sequence vectors

xij
n are mapped to the space specified by Ψ̃opt(t) and the criterion value J2(t + 1) is calculated. This

procedure is performed until J2(t + 1) − J2t < ε2, where ε2 is a small positive value, or for a fixed

number of iterations.

E. Optimal sequence class representation in the decision space

After determining Ψ̃opt, normalized sequence vectors xij
n are mapped to the discriminant sequence

vectors z̃ij
n , by applying z̃ij

n = Ψ̃T
optx

ij
n . In this space, sequence classification can be performed by using

several classification methods, such as Support Vector Machines (SVMs), Artificial Neural Networks

(ANNs), Nearest Neighbors (K-NN), Nearest subclass centroid, etc. In this paper, we employ Nearest

subclass centroid for sequence classification. That is, each sequence class i is represented by ci vectors,

mij ∈ RD, i = 1, ...,M, j = 1, ..., ci. Given mij , a test discriminant sequence vector z̃test, can be classified

to the sequence class of the closest subclass vector mij , by using the Euclidean distance:

ltest = arg min
i
‖mij − z̃test‖2, i = 1, ...,M, j = 1, ..., ci. (11)
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(a) (b)

Fig. 4. a) Class representation using the mean class vectors mij and b) Class representation using z̃test resulting to higher classification

accuracy.

Usually, mij are determined to be the mean subclass discriminant sequence vectors, i.e., mij = 1
N ij

∑N ij

n=1 xij
n .

In our case, we employ the optimal subclass representation in the statemes space µ̃ij determined in section

II-D for mij calculation mij = Ψ̃T
optµ̃

ij .

However, this may not be the optimal choice for class representation. Consider the simple example

illustrated in Figure 4, where we present two classes, each consisting of one subclass. We assume that

classification is performed using the nearest class centroid and the Euclidean distance. By representing

each class with the corresponding mean class vector mij , shown in Figure 4a, z̃test will falsely be assigned

to class 2, whereas by representing subclasses with vectors m̃ij , shown in Figure 4b, z̃test will be correctly

classified to class 1.

Motivated by this observation, we would like to determine the optimal m̃ij in terms of class discrim-

ination. This can be done by minimizing the CDA criterion, measuring class compactness, with respect

to m̃ij:

J3 =
trace(Ŝw)

trace(Ŝb)
. (12)

Ŝw and Ŝb are the within-class and between-class scatter matrices in the decision space, defined as:

Ŝw =
M∑
i=1

ci∑
j=1

N ij∑
n=1

(z̃ij
n − m̃ij)(z̃ij

n − m̃ij)T (13)

Ŝb =
M∑
i=1

∑
l 6=i

ci∑
j=1

cl∑
h=1

(m̃ij − m̃lh)(m̃ij − m̃lh)T (14)
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By calculating ∂J3
∂m̃ij as shown in Appendix C we obtain:

∂J3

∂m̃ij
=

2
∑N ij

n=1 (m̃ij − zij
n )

trace(Ŝb)
−

2trace(Ŝw)
∑

l 6=i

∑cl
h=1

(
m̃ij − m̃lh

)
trace(Ŝb)2

, (15)

m̃ij(t) = m̃ij(t− 1)− γ ∂J3(t− 1)

∂m̃ij(t− 1)
. (16)

γ is an update rate parameter. In our experiments we used the value γ = 0.1.

m̃ij are initialized to the vectors mij , i.e., m̃ij(0) = mij . After calculating m̃ij(t), the scatter matrices

Ŝw(t) and Ŝb(t), (13), (14), respectively, are calculated resulting to a new criterion value J3(t). This

procedure is performed until J3(t + 1) − J3(t) < ε3, where ε3 is a small positive value, or for a fixed

number of iterations.

The above described procedure can be performed to any classification task following the nearest subclass

classification approach. However, we should note that, in our case, it is equivalent with the optimization

procedure described in section II-D, for fixed projection matrix Ψ̃opt. That is, after determining the optimal

discriminant subspace, obtained by the corresponding projection matrix Ψ̃opt, we further modify the

subclasses centers in the decision space for better sequence class discrimination.

F. Sequence Classification

In order to classify a novel (test) sequence stest, it is mapped to the stateme space, as described in

section II-C. The test normalized sequence vector xtest is, subsequently, projected to the discriminant

subspace determined by Ψ̃opt to obtain the discriminant sequence vector z̃test = Ψ̃T
optxtest. Finally, z̃test

is assigned to the sequence class label corresponding to the nearest subclass centroid m̃ij , by using the

Euclidean distance, i.e.:

ltest = arg min
i
‖m̃ij − z̃test‖2, i = 1, ...,M, j = 1, ..., ci. (17)

III. EXPERIMENTAL RESULTS

In this section, we present experiments conducted in order to evaluate the proposed method. We

have used publicly available databases coming from a wide range of applications, in order to assess
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its effectiveness in different sequence classification problems. The used databases come from handwritten

character recognition, time series classification and human action recognition.

In all our experiments, sequences sn, consisting of instances snm ∈ RN , were mapped to sequences s̃n

having instances taking values in [0, 1], i.e., s̃nml =
snml−min

l
(snml)

max
l

(snml)−min
l

(snml)
, l = 1, ..., N . By using s̃n instead

of sn, we address issues related to sequence displacements and scaling that may appear in the original

sequence representation.

A. Experiments on Handwritten Character Recognition

We have used a publicly available handwritten character recognition database [38], [39] consisting of

2858 character samples, divided in 20 classes. Data were captured using a WACOM tablet. They have

three dimensions: pen tip coordinates [x, y]T and pen tip force f . The sampling frequency was equal to

200Hz. The data have been numerically differentiated and smoothed using a Gaussian filter with a sigma

value equal to 2. Sample sequences are illustrated in Figure 5a.

For the first set of experiments, we assume that each character is a sequence of 2D contour pixel

coordinates [x, y]T forming the character. As was expected, the number of contour points of each character

in the database may vary. Multiple experiments have been performed, for different numbers of statemes

and subclasses per class. In order to compare the performance of the proposed method with that of

other methods proposed in the literature, we used the first twenty characters per class for testing and the

remaining ones for training. A classification accuracy equal to 90% was obtained when using 25 statemes

and two subclasses per class. Another set of experiments has been performed by representing each character

as a sequence of 3-dimensional vectors [x, y, f ]T . This resulted in better character representation and an

increase in classification accuracy. Figure 5 illustrates the classification rates obtained for the second set

of experiments. As can be seen, by using 5 statemes and one subclass per class a sequence classification

accuracy equal to 65% has been obtained. The corresponding classification accuracy for the cases of two

and three subclasses per class are equal to 70% and 75%, respectively. This is reasonable, as the data

multimodality is better addressed by using a higher number of subclasses. By increasing the number
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(a) (b)

Fig. 5. a) Sample sequences from the handwritten character recognition database and b) character recognition using different number of

statemes and subclasses per class.

of statemes, sequence representation in the statemes space becomes more discriminant, resulting to an

increase of the classification accuracy. The obtained classification accuracies indicate that 10 statemes are

sufficient for good character representation, providing classification accuracies equal to 91%, 86% and 81%

for one, two and three subclasses per class, respectively. The best classification accuracy, equal to 98.25%

has been obtained by using 30 statemes and two subclasses per class. Overall, the number of statemes

and the number of subclasses forming each sequence class play a significant role in the performance

of the proposed method. When using few statemes, the sequence representation in the stateme space

is inaccurate. In this case, the use of multiple subclasses per sequence class will probably increase the

performance of the proposed method. By using a high number of statemes, sequences are described in

more detail and, thus, the final sequence representation is more discriminant. In such cases, the use of

many subclasses per sequence class does not help. However, too many statemes result in an overcomplete

representation that does not increase the discriminant power any further. In Table Ib we compare the

performance of our method with that of other methods proposed in the literature, in this handwritten

character database. As can be seen, the proposed approach outperforms existing sequence classification

methods in this experimental setting, providing very satisfactory classification accuracy.

B. Experiments in Time Series Classification

The UCR time series database [42] includes 6 two-class and 14 multi-class sequence classification

problems for a wide variety of applications. These include biomedical data classification, electromagnetic
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TABLE I

COMPARISON RESULTS IN THE HANDWRITTEN CHARACTER RECOGNITION DATABASE.

Method Accuracy

Jaakkoda and Haussler [40] 89.26%

Perina et.al. [4] 92.91%

Tsuda et.al. [41] 93.67%

Proposed method 98.25%

measurements, synthetic data, etc. For each data set, a training and a test set are provided in the database.

Data forming each data set are sequences of real-valued instances. Information about the data sets can

be found in Table II. Classification results for several algorithms, including K nearest neighbors (KNN),

Multi-Layer Perceptron (MLP) and Support Vector Machines (SVM) are already available for this database.

In our experiments, we represented each sequence instance as a 2D vector having the form pin =

[n, vn]T , where n refers to the instance order in the sequence and vn refers to the observed value. This

is a commonly used time series representation [43], [44]. In order to evaluate the contribution of each

optimization step to the efficiency of the proposed method, we conducted experiments by using three

variants of the proposed algorithm. In the first one, no optimization procedure has been performed. That

is, we used the statemes calculated by clustering the training sequence instances and we performed CDA

by using the mean subclass vectors. In the second one, only the stateme optimization procedure has

been performed, while in the third one, all three optimization procedures have been performed. Multiple

experiments have been performed in order to determine the optimal parameters for all variants described

above. Figure 6 illustrates an example of the three criteria optimization procedures obtained for the ’fish’

data set, using 36 statemes and two subclasses per sequence class. In Figure 6a we present the sequence

instances forming all the training sequences in black color. Statemes calculated by clustering the training

instances are illustrated in blue color, while the optimized statemes are illustrated in red color. Figures

6b, 6c and 6d illustrate the J1, J2 and J3 values obtained during the stateme, CDA and subclass centers
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(a) (b) (c) (d)

Fig. 6. a) Sequence instances forming the training sequences (black), initial (blue) and optimized (red) statemes. b) J1, c) J2, and c) J3

optimization criteria values.

optimization procedures, respectively.

The classification rates obtained by using the optimal parameters for each data set are given in Table

II. As can be seen, each optimization step contributes to the increase of the performance of the proposed

method. For all data sets, the best classification rates have been invariably obtained by employing all

three optimization procedures. In Table II, we also present classification results for other classification

algorithms applied to the same data sets. As can be seen, there is no unique best algorithm for all sequence

classification problems included in the database. MLP provides the highest classification accuracy in 4

out of the 20 data sets, while SVMs and KNN are best in 3 out of 20 data sets. The proposed method

is clearly the overall winner, since it outperforms all other methods in 9 out of 20 data sets.

C. Experiments on Human Action Recognition

In order to illustrate the effectiveness of the proposed method in multidimensional sequence classifi-

cation, we conducted experiments on the i3DPost 8-view action recognition database [45]. This database

contains 64 high-resolution (1920 × 1080 pixel) image sequences of eight persons (six males and two

females), each performing eight actions: {’walk’, ’run’, ’jump1’, ’jump2’, ’bend’, ’fall’, ’sit’, ’wave’}.

Actions were captured from eight cameras placed around a capture volume having dimensions of 4×3×2

meters. The studio background was of uniform blue color.

Human actions are represented by sequences of successive human body poses. In our experiments,

the human body poses were binary body images, like the ones illustrated in Figure 7a. This is a widely
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TABLE II

CLASSIFICATION RATES (%) IN UCR DATA SETS

Data set Classes Length Train Test KNN NB C4 5 MLP RandForces LMT SVM Alg.#1 Alg.#2 Alg.#3

Adiac 37 176 390 391 59.34 56.78 53.2 74.94 57.8 72.12 43.99 68.54 68.54 70.59

50Words 50 270 450 455 64.4 56.26 41.76 66.37 55.16 56.92 64.62 64.18 64.4 65.49

CBF 3 128 30 900 85 89.67 67.33 85.33 83.56 77 87.67 98.33 99.67 99.78

ECG200 2 96 100 100 89 77 72 84 81 82 81 98.33 98.33 98.33

FaceAll 14 131 560 1690 68.64 69.17 55.03 82.43 60.95 75.74 71.83 77.75 83.49 83.91

FaceFour 4 350 24 88 87.5 84.09 71.59 87.5 78.41 77.27 88.64 76.14 80 80

fish 7 463 175 175 78.29 66.86 60 84 79.43 81.71 85.14 85.71 89.71 90.86

Gun Point 2 150 50 150 92 78.67 77.33 93.33 89.33 79.33 80 89.33 94.67 95.33

Lighting2 2 637 60 61 80.33 67.21 62.3 73.77 78.69 63.93 72.13 78.69 78.69 78.69

Lighting7 7 319 70 73 63.01 64.38 54.79 64.38 56.16 64.38 71.23 68.49 69.71 71.23

OSULeaf 6 427 200 242 54.55 37.19 36.78 44.63 41.74 49.17 43.8 48.38 51.56 52.07

SwedishLeaf 15 128 500 625 79.68 85.44 65.6 86.56 77.76 82.56 84.16 81.92 81.92 83.68

synthetic control 6 60 300 300 88 96 81 91.33 86 92 92.33 94.67 95.67 96.33

Trace 4 275 100 100 82 80 74 77 81 76 73 100 100 100

Two Patterns 4 128 1000 4000 90.60 45.68 65.13 89.65 72.5 83.23 82.2 92.83 93.5 94.35

wafer 2 152 1000 6147 99.4 70.83 98.2 96.28 99.32 98.09 95.96 98.8 99.38 99.46

yoga 2 246 300 3000 83.3 54.23 69.9 74.5 77.87 71.87 63.07 67.63 68.6 71.57

Beef 5 470 30 30 60 50 56.67 73.33 50 80 66.67 56.67 60 66.67

Coffee 2 286 28 28 75 67.86 57.14 96.43 75 100 96.43 100 100 100

OliveOil 4 570 30 30 76.67 76.67 73.33 86.67 86.67 83.33 86.67 73.33 76.67 80

(a) (b)

Fig. 7. a) Human body poses consisting a walking step captured by a side viewing angle and b) human body pose captured by multiple

viewing angles.

adopted representation for human actions [46]. We used a color-based image segmentation technique, in

order to segment the body images from the blue background color. These videos were manually temporally

segmented to produce smaller videos depicting one action instance each, e.g., one walk step. The binary

body images were centered at the person’s body center of mass and the maximum bounding box that

encloses the person’s body was used to produce binary videos depicting the human body poses. Human

body poses captured from all viewing angles corresponding to the same time instance were combined, in

order to produce binary images depicting the same human body pose from different viewing angles. An

example of such images is illustrated in Figure 7b.
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(a) (b) (c)

Fig. 8. Classification rates in human action recognition using a) one subclass and b) two subclasses per class. c) Confusion matrix

containing classification rates (%) in action recognition on the i3DPost database.

The resulting images were rescaled to 5×40 pixels and vectorized in a column-wise manner to produce

200-dimensional vectors. Thus, we assumed that an action is a sequence sn consisting of instances snm ∈

R200. Since the duration of different actions varies, the number of instances forming each action sequence

sn is not constant.

All three optimization procedures have been used in the experiments conducted on the i3DPost database.

In order to assess the ability of the proposed method to correctly classify data, where it has not been

trained on, we performed the leave-one-person-out cross-validation procedure. That is, we used the action

videos depicting seven persons to train the algorithm and the action videos depicting the eighth person

for testing. This was applied eight times, one for each test person, to complete one experiment. The mean

classification rate was computed to indicate the performance of the algorithm in one experiment. Multiple

experiments have been performed, for different numbers of statemes and subclasses per class. In order

to evaluate the contribution of the optimization procedures on the classification accuracy of the proposed

method, a second set of experiments has been performed by applying no optimization at all. Figure 8

illustrates the classification rates observed for different numbers of statemes for both sets of experiments

using one and two subclasses per class.

As can be seen in Figure 8, high classification rates have been obtained. Furthermore, it can be seen

that the method including all the optimization steps provides higher sequence classification rates for all the
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TABLE III

COMPARISON RESULTS IN THE I3DPOST ACTION RECOGNITION DATABASE.

Holte et.al. [47] Gkalelis et.al. [48] Proposed Method

6 actions 89.58% - 90.88%

5 actions - 90% 92.41%

presented experiments. The optimal parameters were found to be 20 statemes and one subclass per class,

providing a classification rate equal to 91.08%. The confusion matrix corresponding to these parameters

is illustrated in Figure 8c. In this Table, a row refers to the actual action class label, while a column refers

to the obtained classification result provided by the algorithm.

In order to compare our method with action recognition methods proposed in the literature using the

i3DPost multi-view action recognition database for evaluation, we conducted experiments using fewer

action classes. That is, we have performed the leave-one-person-out cross-validation procedure by used 6

actions (’walk’, ’run’, ’jump1’, ’jump2’, ’bend’ and ’wave’) and 5 actions (’walk’, ’run’, ’jump1’, ’jump2’

and ’bend’) in order to compare the performance of our method with the performance of the methods

presented in [47] and [48], respectively. Table III illustrates the comparison results. As can be seen, the

proposed method outperforms both these action recognition methods.

IV. DISCUSSION

Stateme-based sequence representation provides several advantages, such as sequence duration invari-

ance and application-independent sequence representation. However, there are two issues that should be

properly addressed for efficient stateme based sequence representation.

The first issue is related to the optimal number of statemes. In the experiments presented in this

paper, the optimal number of statemes has been determined by performing the N -fold cross-validation

procedure. This is a widely adopted automatic parameter tuning procedure, which has the advantage

that the optimal parameter values are determined by the training data at hand. However, it is a time

consuming procedure, since the algorithm should be trained multiple times in a trial-and-error sense. The
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use of clustering techniques that are able to determine the optimal number of clusters [49], or iterative

schemes determining the optimal number of clusters based on the training, like the one proposed in [50],

could be a good alternative solution. However, such methods operate in an unsupervised manner and,

thus, the obtained number of statemes may not be the optimal for sequence classes discrimination. The

determination of the optimal statemes number remains an open issue and could be an interesting research

direction.

The second issue is related to the stateme definition. In our experiments we assumed that statemes are

representative instances of sequential data. For example, in handwritten character recognition, we assumed

that each character is a sequence of 2D contour pixel coordinates [x, y]T . Thus, statemes were determined

to be representative 2D points. Another choice could be to perform handwritten character recognition by

using each character as one sample. This is the extreme case of using sequences formed by one instance

only. In this case, statemes would be N -dimensional vectors, where N = HW and H , W are the characters

height and width, respectively. Another important issue is the choice of the similarity measure. As has

been shown in the previously presented experiments, sequence representation based on the normalized

mean fuzzy distance from the statemes is a good choice for real-valued instances. However, there are

sequence classification problems, like protein sequence classification in genomic research, where such

similarity measures may not be appropriate. In such cases, the similarity measure employed for statemes

determination and sequence representation should contain sufficient information concerning the sequence

properties.

V. CONCLUSION

In this paper, we proposed a multidimensional sequence classification method based on a novel sequence

representation. This representation is based on the similarity of its instances from optimal instance proto-

types, called statemes. Additionally, we proposed a modified Clustering Discriminant Analysis algorithm,

determining both the optimal data projection matrix and representative class vectors, in terms of sequence

classes discrimination, for discriminant sequence representation. The motivation of the proposed modified
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CDA algorithm is based on the observation that optimized subclass representative vectors, that may

differ from the subclass mean vectors, could increase class discrimination. The aforementioned procedures

provide a powerful sequence classification method dealing with challenges appearing in a wide variety of

sequence classification problems. The method has been tested on sequence classification databases coming

from a wide range of applications, including handwritten character recognition, time series classification

and human action recognition, giving very satisfactory results.
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APPENDIX A

For ∂J1
∂vk

calculation, we express it by using the chain rule, as follows:

∂J1

∂vk

=
∂J1

∂xij
n

∂xij
n

∂xijnk

∂xijnk
∂qijnk

∂qijnk
∂dijnmk

∂dijnmk

∂vk

(A.1)

In the following, we calculate each of the terms presented in A.1. For ∂J1
∂xij

n
calculation, we express Sw

and Sw as follows:

Sw =
M∑
i=1

ci∑
j=1

N ij∑
n=1

(xij
n − µij)(xij

n − µij)T

=
M∑
i=1

ci∑
j=1

N ij∑
n=1

xij
n (xij

n )T − 2

N ij

N ij∑
m=1

xij
n (xij

m)T +
2

(N ij)2

N ij∑
m=1

N ij∑
l=1

xij
m(xij

l )T

 (A.2)

Sb =
M∑
i=1

∑
l 6=i

ci∑
j=1

cl∑
h=1

(µij − µlh)(µij − µlh)T

=
M∑
i=1

ci∑
j=1

∑
l 6=i

cl∑
h=1

 1

(N ij)2

N ij∑
n=1

N ij∑
m=1

xij
n xij

m −
1

N ij
−

N ij∑
n=1

xij
n (µlh)T

1

N ij

N ij∑
n=1

µlh(xij
n )T + µlh(µlh)T

(A.3)
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Using (A.2) and (A.3), ∂Sw

∂xij
n

and ∂Sb

∂xij
n

are calculated as follows:

∂Sw

∂xij
n

= 2xij
n −

4

N ij

N ij∑
m=1

xij
m +

2

N ij

N ij∑
m=1

xij
m = 2

(
xij
n − µij

)
(A.4)

∂Sb

∂xij
n

=
∑
l 6=i

cl∑
h=1

 2

(N ij)2

N ij∑
n=1

xij
n −

2

N ij
µlh

 =
2

N ij

∑
l 6=i

cl∑
h=1

xij
n − µlh (A.5)

Using (A.4) and (A.5), ∂J1
∂xij

n
is given by:

∂J1

∂xij
n

=
2

trace(Sb)
(xij

n − µij)− 2trace(Sw)

N ijtrace(Sb)2

∑
l 6=i

cl∑
h=1

(µij − µlh) (A.6)

For ∂xij
nk

∂qijnk

calculation, we express xijnk as follows:

xijnk =
qijnk − q̄k
q̃k

=
qijnk − 1

NT

∑M
l=1

∑cl
h=1

∑N lh

m=1 q
lh
mk[

1
NT−1
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∑cl
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∑
m=1 N

lh(qlhmk − q̄k)2
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(A.7)

Using (A.7), ∂xij
nk

∂qijnk

is given by:

∂xijnk
∂qijnk

=
q̃k(1− 1

NT
)− (qijnk − q̄k)
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NT
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For ∂qijnk

∂dijnk

calculation, we express qijnk as follows:

qijnk =
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uij
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(A.9)

Using (A.9), ∂qijnk

∂dijnk

is calculated as follows:

∂qijnk
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 (A.11)

For ∂dijnmk

∂vk
calculation, we express dijnmk as follows:

dijnmk = ‖vk − sijnm‖
−g
2 (A.12)
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Using (A.12), ∂dijnmk

∂vk
is calculated as follows:

∂dijnmk

∂vk
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−g(vk − sm)

‖vk − sijnm‖g+2
2

(A.13)

Finally, ∂J1
∂vk

is obtained by using (A.1), (A.6), (A.8), (A.10) and (A.13):
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APPENDIX B

For ∂J2
∂µ̃ij calculation, we express trace(ΨT S̃wΨ)

∂µ̃ij and trace(ΨT S̃bΨ)

∂µ̃ij as follows:

trace(ΨT S̃wΨ)

∂µ̃ij =
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where N ij is the number of training normalized sequence vectors belonging to the j-th subclass of class

sequence class Li and C is the total number of subclasses consisting sequence classes, i.e., C =
∑M

i=1 ci.

Using (B.1) and (B.2), ∂J2
∂µ̃ij is calculated as:
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APPENDIX C

For trace(S̃w)
∂m̃ij calculation, trace(S̃w)

∂m̃ij and trace(S̃b)
∂m̃ij are calculated as follows:

trace(S̃w)

∂m̃ij
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N ij∑
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(m̃ij − xij
n ) (C.1)
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trace(S̃b)

∂m̃ij
= 2

∑
l 6=i

cl∑
h=1

(m̃ij − m̃lh) (C.2)

Using Equations (C.1) and (C.2), ∂J3
∂m̃ij is calculated as:
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Abstract7

In this paper, we propose a novel method that performs dynamic action classifi-

cation by exploiting the effectiveness of the Extreme Learning Machine (ELM)

algorithm for single hidden layer feedforward neural networks training. It in-

volves data grouping and ELM based data projection in multiple levels. Given a

test action instance, a neural network is trained by using labeled action instances

forming the groups that reside to the test sample’s neighborhood. The action in-

stances involved in this procedure are, subsequently, mapped to a new feature

space, determined by the trained network outputs. This procedure is performed

multiple times, which are determined by the test action instance at hand, until

only a single class is retained. Experimental results denote the effectiveness of

the dynamic classification approach, compared to the static one, as well as the

effectiveness of the ELM in the proposed dynamic classification setting.

Preprint submitted to Elsevier April 4, 2012
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1. Introduction10

Human action recognition is a very active research field finding application in11

many important tasks, such as visual surveillance [1], human-computer interac-12

tion [2], augmented reality [3] and semantic video annotation [4]. Actions are,13

usually, confused with activities and movements, due to the fact that there is not14

a unique formal description for them. This is why several taxonomies have been15

proposed, regarding the human motion patterns. In this work, we adopt the tax-16

onomy proposed in [5], which considers an action, as well as a movement, as a17

single period of human motion pattern, such as a walking step. One level above,18

an activity can be considered as a sequence of multiple action instances. For ex-19

ample, the activity ”playing basketball”, consists of successive instances of the20

actions ”run”, ”jump”, ”throw”, etc.21

Actions are usually described by using either features based on optical flow22

[6, 7], or features devised mainly for action representation [8, 9]. Although the23

use of such features leads to satisfactory action recognition results, their compu-24

tation is expensive. Thus, when fast operation is important, action recognition25

methods should employ simpler action representations. Neurobiological studies26

2



[10] have concluded that the human brain can perceive actions by observing only27

the human body poses during action execution. Thus, actions can be described28

as sequences of consecutive human body poses, in terms of human body silhou-29

ettes [11, 12, 13]. After describing actions, most methods in the literature exploit30

supervised machine learning techniques for action class representation and clas-31

sification of new, unknown, action instances. Such techniques require a training32

phase, where labeled data are used in order to determine the system parameters.33

For example, in Artificial Neural Networks (ANNs) based data classification [14],34

training data are employed in order to determine the neurons’ weights and in Lin-35

ear Discriminant Analysis (LDA) based data projection [15], labeled data are used36

in order to determine a mapping to a lower dimensional feature space for class rep-37

resentation and data classification. Traditionally, the training phase is performed38

offline by using the entire training set.39

Action recognition is not an easy task, mainly due to the fact that there is not40

a formal description of actions. Variations between different action realizations41

resulted from different action execution styles and different human body sizes be-42

tween persons result to high intra- and, possibly, low inter-action class variations.43

This is why person specific classification schemes have been recently investigated44

for action recognition [16]. The main idea in these classification schemes is to45

3



focus the classification problem on each individual person. That is, action recog-46

nition is performed by a classifier which has been trained by using action instances47

of the person under consideration. Following this approach, the above mentioned48

issues are effectively addressed leading to high action classification rates. How-49

ever, the application of such classification schemes is limited, since, in order to50

operate properly, a person should have been recorded and trained before recogni-51

tion. In different cases their performance will probably decrease.52

An alternative choice could be the use of dynamic action classification schemes.53

Dynamic classification, involves a system parameters adaptation procedure based54

either on the training set structure, or on the test data to be classified. Following55

this approach, several dynamic classification schemes have been proposed, mainly56

focusing on face recognition and face verification [17, 18]. Wright et. al. [19] pro-57

posed a dynamic classification scheme aiming at face recognition based on facial58

image representation exploiting sparsity constraints. They argued that the recog-59

nition problem can be reformulated as classification of multiple linear regression60

models. A given test facial image is involved in a facial class independent regres-61

sion procedure exploiting a codebook containing all the available labeled facial62

images. Multiple reconstruction images are, subsequently, produced by employ-63

ing the labeled facial images belonging to each facial class independently. Finally,64

4



the test facial image is classified to the facial class providing the minimum recon-65

struction error. The reported experimental results indicate the effectiveness of this66

dynamic classification approach in a variety of experimental conditions. However,67

the procedure followed is time consuming, due to the high computational cost of68

the l1-norm minimization based regression step, and, thus, this approach cannot69

be adopted in applications requiring fast data classification.70

Tang et. al. proposed the Dynamic Committee Machine (DCM) for face recog-71

nition in [20], which employs five state-of-the-art classifiers (experts). A test fa-72

cial image is introduced to all the five classifiers and five classification results73

are produced. Subsequently, a classification results fusion strategy is employed74

in order to provide the recognized facial class. The dynamic nature of DCM is75

based on the adopted fusion strategy, where the experts’ weights are modified76

depending on the corresponding test facial image. Liu et. al. proposed an owner-77

specific LDA scheme aiming at face verification in [21]. Specifically, the training78

set is partitioned in K groups (clusters) and the group that contains training fa-79

cial images that are most similar to the test face is determined and assigned to the80

positive class, while the remaining groups are assigned to K − 1 negative classes81

employing the group labels. K-class, instead of two class, LDA is, subsequently,82

performed by using the group labels in order to determine the optimal discriminant83

5



subspace, in terms of Fisher Linear Discriminant ration minimization, for facial84

class representation. The dynamic nature of owner-specific LDA is based on the85

determination of the optimal discriminant subspace based on the training set struc-86

ture. Furthermore, by performing K-class LDA, the resulted discriminant space87

can better capture the facial class variations compared to the one-dimensional dis-88

criminant space produced by applying two class LDA. It should be noted here89

that, both methods in [20] and [21] require an offline training procedure using the90

entire training set.91

Kyperountas et. al. proposed a dynamic classification scheme aiming at face92

recognition in [22]. This scheme involves an iterative grouping procedure com-93

bined with LDA based data classification. Given a test facial image, the available94

labeled facial images are partitioned in a number of groups and the groups that are95

more similar to the test facial image are used in order to determine a discriminant96

subspace, using LDA, for facial class representation and facial image classifica-97

tion. This procedure is performed multiple times, until the labeled facial images98

forming the most similar to the test facial image groups belong to one facial class99

only. The dynamic nature of this scheme is based on the determination of the100

most similar labeled facial images to the test one for LDA projection and classi-101

fication. Furthermore, the labeled facial images should not be a priori available,102
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since no offline training procedure is required. The iterative procedure used in103

order to determine the optimal training set for LDA based data classification is104

intuitive and effective. However, the LDA based classification approach in this105

setting has two disadvantages: a) It sets the assumption of linear class separabil-106

ity. As it will be shown in Section 5, this assumption is not met for action classes.107

b) The use of a small number of training data, compared to the training data di-108

mensionality, leads to the small sample size problem [23]. In order to address this109

issue, Kyperountas et. al. employed an LDA variant proposed in [24], in which110

a regularization parameter should be a priori known and, thus, an offline training111

procedure is required. Finally, c) by using training data belonging to only two112

(or three) classes, LDA projection provides an one- (or two-) dimensional feature113

space, where classes discrimination may not be captured properly, especially for114

linear classification models.115

In order to take into account the non linear nature of action classes, non linear116

classification methods should be employed. ANNs could be an good choice, since117

they have proven their effectiveness in a wide range of challenging classification118

problems. Among them, single hidden layer feedforward networks (SLFNs) have119

been widely used due to their ability to approximate any target continuous func-120

tion and classify any disjoint regions. Furthermore, their operation is fast and,121
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thus, they are appropriate for the cases where fast operation is important. How-122

ever, most of the popular learning algorithms for SLFNs training are slow, due to123

their iterative nature, and their parameter values should be carefully chosen. This124

renders them inappropriate for dynamic classification schemes. Extreme Learning125

Machine (ELM) [25, 26] is a recently proposed algorithm for fast SLFNs train-126

ing requiring much less human effort. In ELM the network’s input weights are127

randomly chosen, while its output weights are analytically calculated. By using a128

sufficiently large number of hidden neurons, the ELM classification scheme can129

be thought as a non linear mapping of the training data in a high dimensional130

feature space, noted as ELM space, followed by a linear classification procedure.131

Thus, non linear classification functions can been approximated. Furthermore, the132

ELM training procedure is independent to the training set size. These properties133

of ELM render it as a good choice for dynamic classification schemes.134

In this paper we propose a novel dynamic classification method inspired from135

the above described dynamic subspace learning schemes and the effectiveness of136

the ELM training procedure. The proposed classification procedure can be seen137

as an adaptive multiple layer ANN, in which the number of layers, as well as138

the number of each layer nodes, are dynamically determined by the test action139

instance at hand, as illustrated in Figure 1. Given a test action instance, labeled140
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action instances are grouped and the most similar to the test action instance groups141

are employed in order to train an SLFN using the ELM algorithm. The labeled142

action instances involved in this training procedure, as well as the test one, are143

introduced to the trained network in order to determine a mapping to a new fea-144

ture space determined by the SLFN outputs. This procedure is performed multiple145

times L, until the labeled action instances involved in the ELM training phase be-146

long to one action class only. The proposed scheme is evaluated in action recog-147

nition by using the dyneme based action representation [27]. However, it can be148

easily modified in order to be to employ different action representations. It is149

efficient in the sense that it dynamically determines the optimal labeled data for150

training and classification. Furthermore, by exploiting the fast training procedure151

of the ELM, the classification procedure is fast and efficient.

Figure 1: Adaptive multiple layer network topology.

152

The remainder of this paper is structured as follows. In Sections 2 we pro-153
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vide an overview of the adopted action representation. In Sections 3 and 4 we154

present the two calculation steps that will be used in Section 5 to describe the pro-155

posed dynamic classification method. Section 6 presents experiments conducted156

for assessing its performance. Finally, conclusions are drawn in Section 7.157

2. Dyneme based action representation158

In this section, we present an overview of the dyneme based action represen-159

tation [27]. Let A be an action class set consisting of C action classes, such as160

walk, run, jump, drink, eat, etc. Let U denote an action recognition database161

containing N labeled action instances depicted in N videos, which will be called162

action videos hereafter. Video segmentation techniques, such as background sub-163

traction [28] or color based image segmentation [29], are applied to the action164

video frames in order to produce binary action videos depicting the human body165

poses. The video frames forming the binary action videos are centered to the hu-166

man body regions of interest (ROIs), cropped to the ROIs region and resized to167

produce binary posture images of fixed size (H×W pixels). The above described168

procedure is illustrated in Figure 2.169

These binary images are represented as matrices, which are vectorized column-170

wise in order to produce the so called posture vectors pij, i = 1, ..., N, j =171
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Figure 2: Binary posture images production. From left to right ’walk’, ’run’, ’drink’ and ’eat’.

1, ..., Ni, where Ni denotes the number of binary images forming binary action172

video i. Posture vectors of all the N labeled binary action videos are clustered,173

without exploiting the available label information, in order to produce D action174

independent representative posture vectors, the dynemes. This is done by apply-175

ing K-Means clustering [30] to the posture vectors, minimizing the intra-cluster176

scatter, i.e.:177

D∑
d=1

N∑
i=1

Ni∑
j=1

αijd‖pij − vd‖2, (1)

where αijd = 1, if pij is assigned to cluster d and αijd = 0, otherwise. Dynemes178

vd, d = 1, ..., D are defined to be the cluster mean vectors, i.e.:179

vd =
1

nd

N∑
i=1

Ni∑
j=1

αijdpij. (2)

After dynemes calculation, each posture vector pij is mapped to the mem-180

bership vector uij ∈ RD, which denotes the fuzzy similarity of pij with all the181
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dynemes vd, according to a fuzzification parameter m > 1:182

uijd =
(‖ pij − vd ‖2)−

2
m−1

(
∑D

k=1 ‖ pij − vk ‖2)−
2

m−1

, d = 1, ..., D. (3)

Finally, action vectors si ∈ RD are calculated as the mean normalized mem-183

bership vectors of the corresponding action videos:184

si =
1

Ni

Ni∑
j=1

uij. (4)

Action vectors si representing all the training action videos are normalized in185

order to have zero mean and unit variance. Action vectors representing test action186

videos are normalized accordingly.187

3. Data grouping and similarity measure188

LetZ = {zi}Nz
i=1 be a vector set consisting ofNz labeled vectors zi. In order to189

determine K vector groups in Z , we apply a clustering technique without exploit-190

ing the available action class labels. SinceK-Means is a fast clustering algorithm,191

we employ K-Means to this end. That is, Z is clustered by minimizing:192

K∑
k=1

Nz∑
i=1

βik‖zi − µk‖2. (5)

µk is the mean vector of group k, having cardinality lk =
∑lk

i=1 βik, i.e., µk =193

1
lk

∑lk
i=1 βikzi, and is used to represent the group. The number of groups K is194
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either assumed to be known (fixed), or can be automatically determined. In the195

second case, several criteria can be used for optimal group number determination,196

such as the one described in [31].197

In order to find the M most similar to a test vector ztest vector groups, we198

calculate the Euclidean distances between ztest and µk:199

dk = ‖ztest − µk‖2. (6)

After calculating dk, k = 1, ..., K, the M most similar vector groups to the test200

vector ztest are those providing the M smallest distance values. M can either be201

assumed to be known (fixed), or can be automatically determined by following202

the procedure described in [22].203

4. Extreme Learning Machine204

Extreme Learning Machine (ELM) [25, 26] is a fast algorithm for SLFNs205

training. In this section, we will provide an overview of ELM algorithm and dis-206

cuss implementation issues appearing in our application setting. Let X = {xi}Nx
1207

be a set of vectors, accompanied with the corresponding action class label set208

C = {ci}Nx
i=1 ci ∈ A. The network’s target vectors corresponding to each vector209

xi, ti = [ti1, ..., tiC ]T , are set to tik = 1 for vectors belonging to action class k,210

i.e., when ci = k, and tik = −1 otherwise.211
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In ELM, the network’s input weights Win are randomly chosen, while the212

output weights Wout are analytically calculated. Let us assume that the network’s213

hidden layer consists of Q neurons and that b ∈ RQ is a vector containing the214

hidden layer neurons bias values, which are randomly chosen as well. Many acti-215

vation functions G() can be used for the hidden layer neurons’ output calculation,216

such as sigmoid, sine, Gaussian and hard-limiting function. In our experiments217

we have used the sigmoid function. That is, in our case:218

G(wj, bj,xi) =
1

1 + exp−(w
T
j xi+bj)

, (7)

where wj denotes the j-th column of Win. By storing the hidden layer neurons219

outputs in a matrix G, i.e.:220

G =


G(w1, b1,x1) · · · G(w1, b1,xNx)

· · · . . . · · ·

G(wQ, bQ,x1) · · · G(wQ, bQ,xNx)

 , (8)

the network’s output vector corresponding to the training vector xi can be written

as oi = WT
outgi, where gi denotes the i-th column of G. The network’s outputs

corresponding to the entire vector set X can be written in a matrix form as O =

WT
outG. Finally, by assuming that the network’s predicted outputs O are equal to

the network’s desired outputs T, Wout can be analytically calculated by Wout =

G†TT , where G† = (GGT )−1G. However, the assumption of zero training error
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may decrease the generalization performance of the ELM network in the cases

where the training set contains outliers. In order to increase the generalization

performance of the ELM network, Huang et. al. [32] have recently proposed an

optimization based regularized ELM algorithm formulated as follows:

Minimize: LP =
1

2
‖Wout‖2 + Λ

1

2

Nx∑
i=1

‖ξi‖2

Subject to: gTi Wout = oTi − ξTi , i = 1, ..., Nx,

where ξi ∈ RC is a training error vector corresponding to training sample xi and221

Λ is a parameter denoting the importance of the training error in the optimization222

problem. As shown in [32], by adopting the above described optimization scheme,223

Wout can be calculated by:224

Wout =

(
1

Λ
I + GGT

)−1
GTT . (9)

After Wout calculation, a test vector xtest can be introduced to the ELM net-225

work and be classified to the class corresponding to the highest network’s output,226

i.e.:227

ctest = arg max
j

otest,j, j = 1, ..., C. (10)

As can be seen the ELM training procedure is fast, since it involves matrix228

multiplication and matrix inversion operations. Such operations can be efficiently229
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calculated by existing optimized software. Furthermore, the network topology and230

the input weights Win can be determined only once, since they do not involve any231

training procedure.232

5. Dynamic classification scheme233

In this section we present the proposed dynamic classification method. Let234

U be an action recognition database, containing N action videos accompanied by235

the corresponding action class labels ci, i = 1, ..., N belonging to C action classes236

forming an action class set A. These action videos are preprocessed, following237

the procedure described in Section 2, in order to produce N action vectors si ∈238

RD, i = 1, ..., N .239

Most classification schemes would employ all the available labeled action vec-240

tors si, i = 1, ..., N and the corresponding action class labels ci in order to cal-241

culate a static classification model, that would be used in order to classify any242

unknown (test) action vector. In our case, the set of action vectors S = {si}Ni=1243

is clustered, by performing the procedure described in Section 3, in order to de-244

termine K action vector groups, represented by the corresponding mean group245

vectors µk ∈ RD, k = 1, ..., K.246

Let a test action video be represented by an action vector stest ∈ RD. stest247
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is compared with all the K mean group vectors µk in order to determine the M248

closest to stest groups. The action vectors belonging to these M groups form the249

algorithm’s first level training set S1 = {si,1}N1
i=1. Here we have introduced a250

second index denoting the levels of the proposed dynamic classification scheme.251

Action class labels corresponding to the action vectors forming S1 are employed252

in order to form the first level action class label set C1 = {ci,1}N1
i=1, ci,1 ∈ A1.253

Obviously, A1 ⊆ A, since only the labeled action vectors belonging to the action254

classes that are most similar to the actual stest action class are included in S1. Now,255

we can formulate an alternative classification problem. Instead of employing the256

entire action vector set S and train a universal classifier, we can use the action257

vector set S1 in order to train a stest - specific classifier. That is, we train an SLFN258

by using S1 and C1 following the procedure described in Section 4. Subsequently,259

we introduce stest to the trained network and we obtain its response otest. In this260

stage, we can classify stest to the action class that provides the maximal network261

output, i.e.:262

ctest = argmax
j

otest,j. (11)

However, we choose to perform the dynamic classification procedure in mul-263

tiple levels L. For this reason, we introduce S1 to the trained network an we264

obtain its responses O1 = {oi,1}N1
i=1. By using O1, we can now reformulate the265
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classification problem. In the general case, after obtaining the l-th level network266

outputs, Ol = {oi,l}Nl
i=1 and otest,l, the feature vectors forming Ol are grouped by267

following the procedure described in Section 3. otest,l is, subsequently, compared268

with the corresponding mean group vectors µk,l and the closest to otest,l groups269

are used to form the (l+ 1)-th level training set Sl+1. The (l+ 1)-th level network270

is, subsequently, trained by using Sl+1 and the corresponding action class label271

set Cl+1 = {cl+1,i}Nl+1

i=1 , cl+1,i ∈ Al+1. Obviously the number of action classes272

forming the classification problem of every level of the proposed dynamic clas-273

sification scheme is a subset of the number of classes forming the previous level274

classification problem, i.e., Al+1 ⊆ Al.275

The above described iterative procedure is performed multiple times, until the276

vectors forming the network training set belong to one action class only. That is,277

the maximal number of classification levels L depends on the test action vector278

stest. Ideally, only one classification level should be performed. This will happen279

in the cases where the action class that stest belongs to, is well distinguished from280

all the other action classes formingA. However, this may not be the usual case. In281

the cases where action classes are not well distinguished, multiple classification282

levels should be performed in order to obtain the final classification result.283

Consider the example illustrated in Figure 3. In this Figure, we illustrate the284

18



2-dimensional feature space resulted by applying Principal Component Analysis285

(PCA) [15] on the dyneme based action video representation, in the Weizemann286

action recognition database [33], which will be used in the first set of the experi-287

ments presented in the following section.

Figure 3: 2D space resulted by applying PCA on the dyneme based action representation in the

Weizemann action recognition database.

288

As can be seen in Figure 3, some action classes, such as ’jumping jack’ (jk),289

may be well distinguished from all the other action classes. However, action290

classes, usually, are confused with each other. Similar action classes, such as291

’walk’ (wk) and ’run’ (rn), or ’skip’ (sp) and ’jump in place’ (jp) contain a high292
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number of common human body poses and, thus, variations in action execution293

style and human body size may result to similar action representations. Assume294

that a test action video, represented by the corresponding action vector stest,1, be-295

longs to the action class ’jumping jack’ (jk). In this case, it is expected that stest,1296

will be directly classified to the correct action class, since ’jumping jack’ is well297

distinguished from all the other action classes. However, in the case of a test ac-298

tion video belonging to the action class ’run’ (rn), represented by the action vector299

stest,2, its classification procedure is not obvious, since action class ’run’ is con-300

fused with action class ’walk’. Thus, in this case, the classification procedure will301

probably involve multiple classification levels.302

In Figure 3, it can also be seen that action classes are not linearly separable.303

For example, consider the case of action classes ’walk’ and ’run’, as highlighted304

in Figure 4. Clearly, these two action classes share the same feature space and are305

not linearly separable. Thus, the use of linear models for action class discrimina-306

tion is not an appropriate choice. This can be seen in Figure 5, where we illustrate307

the separating hyperplanes (lines) resulted by applying LDA (Figure 5a) and ELM308

(Figure 5b) based action vectors classification, respectively. It can be seen that the309

by applying ELM based action vector classification, action classes are better dis-310

criminated. In Figure 5 we also illustrate the feature spaces resulted by applying311
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LDA (Figure 5c) and ELM (Figure 5d) based mapping on action vectors belong-312

ing to these two action classes. As can be seen, action classes representation in313

the ELM case is more discriminant compared to the LDA one. This is reasonable,314

since, as it was previously discussed, the use of ELM can better capture the non315

linear nature of the action classes.

Figure 4: Action vectors belonging to action classes ’walk’ and ’run’ in the 2D PCA space.

316

6. Experimental results317

In this Section we present experiments conducted in order to evaluate the pro-318

posed dynamic classification method. We conducted experiments on the Weize-319

mann action recognition database [33] containing daily actions, as well as on a320

new action recognition database aiming at recognition of actions appearing in321

meal intakes [34]. We provide a comprehensive description of these two databases322

in Subsections 6.1 and 6.3, respectively. In all the experiments presented in this323
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Figure 5: a,b) Separating planes (lines) resulted by applying LDA followed by nearest class cen-

troid and by training a single hidden layer neural network using the ELM algorithm, c,d) projec-

tions of action vectors belonging to action classes ’walk’ and ’run’ for a) the LDA based and b)

the ELM based dynamic classification approaches.

(a) (b)

(c) (d)

paper, we have used the following parameter values: H = 32, W = 32, m = 1.1324

and Q = 1000 for binary posture image size, membership vector calculation and325

ELM hidden layer neurons number, respectively. In each level of the proposed326
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dynamic classification scheme, we grouped the labeled vectors inK = 50 groups.327

The labeled vectors forming the M = 5 closest to the test vector groups, have328

been used in order to determine the next classification level training set. Regard-329

ing the number of dynemes D and the parameter value Λ of the ELM algorithm,330

they have been determined by performing the leave-one-out cross-validation pro-331

cedure. Specifically, we have performed the cross-validation procedure using val-332

ues of D equal to 10k, k = 1, ..., 20 and values of Λ equal to 10λ, λ = −5, ..., 5.333

In order to assess the ability of the proposed classification scheme to generalize334

on data that it was not trained on, we performed the leave-one-person-out cross-335

validation procedure (LOPOCV). That is, we used the action videos depicting all336

but one person in the database as labeled data and the action videos depicting the337

remaining one as test data, in order to perform one iteration (fold) of the cross338

validation procedure. Multiple folds, equal to the number of persons appearing in339

the database, have been performed in order to complete an experiment.340

6.1. Weizemann database341

The Weizemann action recognition database [33] contains 90 low-resolution,342

144 × 180 pixel, image sequences depicting nine persons (five males and four343

females) performing ten daily actions each. The actions appearing in the database344

are: ’walk’ (wk), ’run’ (rn), ’jump in place on two legs’ (pj), ’jump forward on two345
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legs’ (jp), ’jumping-jack’ (jk), ’gallop sideways’ (sd), ’skip’ (sp), ’wave one hand’346

(wo), ’wave two hands’ (wt) and ’bend’ (bd). Binary image sequences denoting347

the human body regions are included in the database. Example video frames and348

binary skin-colored regions are illustrated in Figure 2.349

Since most of these image sequences depict multiple action instances, e.g.350

multiple walking steps, we automatically produced binary action videos by us-351

ing a sliding window consisting of 16 video frames, moving in steps of 4 video352

frames, resulting to the creation of 952 action videos. Figure 6 illustrates the slid-353

ing window technique for automatic binary action video creation. The resulted354

binary action videos have been preprocessed following the procedure described in355

Section 2

Figure 6: Sliding window technique for automatic action video creation.

356

6.2. Experiments on the Weizemann database357

In our first set of experiments we have conducted the LOPOCV procedure358

on the Weizemann action recognition database using the resulted binary action359
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videos. In Figure 7a we illustrate the action classification rates obtained by ap-360

plying the proposed dynamic classification scheme for different values of Λ. An361

action classification rate equal to 97.8% has been obtained by using a value of362

Λ = 100. In Figure 7, it can be seen that for values between 10−2 and 103 the363

obtained action classification rates are always above 95%. In Figure 7b we also il-364

lustrate the action classification rates obtained by using different values of M . As365

can be seen, by using smaller values of M the classification rate increases. This366

is reasonable since for smaller values of M the classification procedure involves367

only the labeled data that are more similar to the test ones.

Figure 7: Action classificaction rates as a function of a) λ and b) M .

(a) (b)

368

The confusion matrix corresponding to the optimal parameters is illustrated in369

Figure 8a. As can be seen, high classification rates have been obtained for all the370

action classes. The class which was found to be the most difficult for classification371

is action class ’wave one hand’, which is confused with action classes ’bend’ and372
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’jump in place on two legs’. However, even for this case a high classification rate,373

equal to 92%, has been obtained.374

In order to directly compare the performance of the proposed classification375

method with other ones, we have conducted experiments by performing the LOPOCV376

procedure on the Weizemann action recognition database using both static and377

dynamic classification strategies. That is, we performed the LOPOCV procedure378

by employing the static classification strategy and performing LDA based action379

vector projection followed by nearest class centroid classification, resulting to an380

action classification rate equal to 95.92%. By following the static classification381

strategy and performing ELM based action vector classification, an action classi-382

fication rate equal to 96.15% has been obtained using a value of Λ = 100.383

Subsequently, we have conducted experiments employing the dynamic classi-384

fication strategy. KNN action vectors classification, using K = 3 nearest neigh-385

bors, resulted to an action classification rate equal to 94.06%. Action classification386

based on L1-minimization followed by smallest residual error action vector clas-387

sification, as proposed by Wright et. al. [19], resulted to an action classification388

rate equal to 92.76%. By following the dynamic classification method proposed389

by Kyperountas et. al. [22], which employs LDA based data projection, an action390

classification rate equal to 96.29% has been obtained. Finally, by performing one391
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level of the proposed dynamic classification method and classifying each test ac-392

tion vector by applying majority voting on the action class labels of the labeled393

action vectors forming the M = 5, out of K = 50, closest to the test action vector394

groups, an action classification rate equal to 71.63% has been obtained. This pro-395

cedure can be used as a reference for the performance of the proposed dynamic396

classification scheme, since, intuitively, the determination of labeled action vec-397

tors similar to the test one should lead to correct classification results. The action398

classification rates obtained in all these experiments are summarized in Figure 8b.399

Figure 8: a) Confusion matrix on the Weizemann database obtained by applying the proposed

dynamic action classification method and b) Comparison results on the Weizemann action recog-

nition database.

(a) (b)

400

As can be seen in Figure 8, the adoption of a dynamic classification strategy401

leads to an increase of the action classification rates. In both the LDA and ELM402
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cases, the dynamic classification approach provides higher classification rates.403

Furthermore, it can be seen that the proposed classification scheme is efficient,404

since a simple majority voting on the action labels of the labeled action vectors405

that form the M most similar to the test action vectors groups, results to a, rel-406

atively, high action classification rate. Finally, it can be seen that the proposed407

dynamic classification scheme outperforms all the other competing methods ap-408

pearing in Figure 8, since it combines both efficient search of the most appropriate409

training set and approximation of non-linear discrimination functions.410

In order to compare the performance of the proposed action classification411

method with that of other methods proposed in the literature, we have followed412

the procedure proposed in [35]. That is, the image sequences of the Weizemann413

database have been classified to action classes by performing majority voting on414

the action classification results provided by the algorithm for the corresponding415

action videos, resulting to an action classification rate equal to 98.9%. All but416

one action sequences have been correctly classified. The only sequence that was417

misclassified belongs to action class ’skip’ and classified to action class ’jump418

forward on two legs’. Since some of the methods proposed in the literature pro-419

viding state of the art performance are evaluated by using an earlier version of420

the database containing nine action classes, i.e., not containing action class ’skip’,421
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we have also tested the proposed dynamic action classification method by using422

this earlier version. Comparison results with other action recognition methods are423

illustrated in Table 1.

Table 1: Comparison results on the Weizmann action recognition database.

Method 9 actions 10 actions

Yaffet & Wolf [36] 100% –

Wang & Mori [37] 100% –

Guha & Ward [38] – 98.9%

Gorelic et al. [35] – 97.8%

Riemenchneider et al. [39] – 96.7%

Gkalelis et.al. [40] – 96%

Ali & Shah [41] – 95.7%

Junejo et al. [42] 95.3% –

Thurau & Hlavac [43] – 94.4%

Zhang et al. [44] – 92.8%

Niebles et al. [45] – 90%

Proposed method 100% 98.9%

424
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6.3. AIIA-MOBISERV database425

Despite the fact that most applications, including action recognition function-426

ality, consider daily action types, such as walk, run, etc., there are applications re-427

quiring different type of actions. For example, monitoring the status of the elderly428

people in the early stages of dementia, while still living independently, to prevent429

dehydration is an important task. In the framework of the EU R&D project MO-430

BISERV, we created an eating and drinking action recognition database, which431

is publicly available in [34]. Twelve persons (six females and six males) were432

captured by a camera placed at a distance of 2 meters in front of them, during a433

meal. Four meals have been recorded, each for a different day for all the twelve434

persons. The actions appearing in the database are: ’eat’, ’drink’ and ’apraxia’.435

Action class ’eat’ contains the cases where the person eats using a spoon, a cut-436

lery, a fork, or takes a bite using one or two hands. Action class ’drink’ contains437

the cases where the person drinks using a cup, a glass, or a straw. Finally, action438

class ’apraxia’ contains the cases where the person is slicing his/her food or he/she439

is chewing it and the cases where the person rests.440

We have manually temporally segmented the videos depicting all the persons441

during two meals. This procedure resulted to the creation of 1288 action videos. A442

color based image segmentation technique, exploiting the properties of the HSV443
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color space, has been applied to the video frames of these action videos in order to444

produce binary images depicting the skin regions of the depicted person’s body.445

This resulted to the creation of binary action videos denoting the person’s head446

and hands, which have been preprocessed following the procedure described in447

Section 2. Example video frames and binary skin-colored regions are illustrated448

in Figure 2.449

6.4. Experiments on the AIIA-MOBISERV database450

In our second set of experiments we have performed the LOPOCV procedure451

on the binary action videos of the AIIA-MOBISERV database. An action classi-452

fication rate equal to 93.4% has been obtained by applying the proposed dynamic453

action classification method and using a value of Λ = 10−2. The confusion matrix454

of this experiment is illustrated in Figure 9a. Comparison results with other dy-455

namic, as well as static, action classification schemes are illustrated in Figure 9b.456

As can be seen, by classifying each test action vector by applying majority voting457

on the action class labels of the labeled action vectors forming the M = 5, out of458

K = 50, closest to the test action vector groups, an action classification rate equal459

to 65.11% has been obtained. Action classification based on L1-minimization fol-460

lowed by smallest residual error action vector classification, resulted to an action461

classification rate equal to 90.3%. KNN (K = 3) action vector classification re-462
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sulted to an action classification rate equal to 89.91%. Static LDA and ELM based463

action classification schemes, provided action classification rates equal to 89.94%464

and 89.73%, respectively. Finally, LDA-based dynamic action vector classifica-465

tion resulted to an action classification rate equal to 92.53%. As can be seen, the466

dynamic action classification approach outperforms the static one in both the LDA467

and ELM based classification schemes. Furthermore, it can be seen that the ELM468

based dynamic action classification method outperforms all the methods presented469

in this Figure.

Figure 9: a) Confusion matrix on the AIIA-MOBISERV database obtained by applying the pro-

posed dynamic action classification method and b) Comparison results on the AIIA-MOBISERV

action recognition database.

(a) (b)

470

7. Conclusions471

In this paper, we proposed a novel dynamic action classification method based472

on an iterative procedure determining test action instance specific classification473
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problems in multiple levels. Action instances are represented by vectors denoting474

the fuzzy similarity of the corresponding human body poses with representative475

human body poses, the dynemes. At each classification level, the most similar476

to the test action instance labeled vectors are employed in order to train a single477

hidden layer feedforward network using the ELM algorithm. A new feature space478

is, subsequently, obtained by the trained network’s outputs. By exploiting the479

properties of the adopted network topology and the fast training procedure of the480

ELM algorithm, the proposed classification method is fast and efficient. Experi-481

ments on publicly available action recognition databases indicate the superiority482

of the dynamic classification strategy, compared to the static one, as well as the483

effectiveness of the proposed dynamic classification method.484
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ABSTRACT

While action recognition methods exploiting information
coming from multiple viewing angles have been proposed in
order to overcome the known viewing angle assumption of
single-view methods, they set the assumption that the person
under consideration is visible from all the cameras forming
the adopted camera setup. However, this assumption is not
usually met in real applications and, thus, their applicability
is limited. In this paper we propose a novel action recognition
method that overcomes this assumption. The method exploits
information coming from an arbitrary number of viewing
angles. The classification procedure involves Fuzzy Vector
Quantization and Artificial Neural Networks. Experiments on
two publicly available action recognition databases evaluate
the effectiveness of the proposed action recognition approach.

Index Terms— Action Recognition, Multi-camera setup,
Fuzzy Vector Quantization, Artificial Neural Networks

1. INTRODUCTION

Human action recognition exploiting information coming
from multiple viewing angles has been recently proposed in
order to overcome the view-dependence restriction of single-
view action recognition methods, i.e., of the methods utilizing
one camera for action recognition. By capturing the human
body, during action execution, from multiple viewing angles,
a view-independent human body representation can be ob-
tained, leading to view-invariant action representation and
recognition. In order to capture the human body from dif-
ferent viewing angles, camera setups consisting of multiple
cameras are employed. An example multi-camera setup con-
sisting of NC = 8 cameras is illustrated in Figure 1a. As can
be seen in this Figure, the space that is captured by all the NC

cameras is referred to as camera setup capture volume.

The research leading to these results has received funding
from the Collaborative European Project MOBISERV FP7- 248434
(http://www.mobiserv.eu), An Integrated Intelligent Home Environment for
the Provision of Health, Nutrition and Mobility Services to the Elderly. We
would like to thank Prof. K. Lyroudia, Dept. of Dentistry, AUTH, for fruitful
discussions regarding eating/drinking activity recognition.

Multi-view action recognition methods can be catego-
rized, depending on the adopted human body representation,
in 2D and 3D methods. 2D methods, exploit the 2D image
data corresponding to the projections of the human body on
the planes of the cameras. In this way, multiple human body
representations are obtained, each corresponding to one cap-
turing viewing angle, which are, subsequently, combined in
order to obtain a view-independent, multi-view, human body
representation [1]. 3D methods, exploit the 2D projections
of the human body on the planes of the cameras in order to
calculate a 3D human body representation. Such 3D repre-
sentations include visual hulls [2], 3D optical flow [3], and
skeletal and super-quadratic body models [4]. Actions are,
usually, described as sequences of successive human body
poses. Action classification is, finally, performed by employ-
ing machine learning techniques, such as Artificial Neural
Networks (ANNs) [5] and dimensionality reduction based
classification schemes [6].

Most multi-view methods set the assumption that the per-
son under consideration is visible from all the cameras form-
ing the camera setup. However, this assumption is not met in
several cases. Let us assume that the person under consider-
ation, referred to as A, is free to move inside a room that is
monitored by an eight-view camera setup, like the one shown
in Figure 1a. As it is shown in Figure 1b, in the cases where
the person is inside the camera setup capture volume, he/she
is visible from all the eight cameras forming the camera setup.
However, in the cases where the person moves outside the
camera setup capture volume, as shown in Figure 1c, he/she
is not visible from some of the cameras (three in this exam-
ple). Furthermore, there are cases where the person under
consideration may be inside the camera setup capture volume
and not be visible from all the cameras. An example is illus-
trated in Figure 1d, where the person A is occluded by another
person in two of the cameras. In these cases, most multi-view
methods will probable fail to provide the correct action clas-
sification result, since the human body representation will be
incorrect. This fact renders these methods to be applicable
only in restricted action recognition settings.

Having these in mind, we propose an action recognition



(a) (b) (c) (d)

Fig. 1. a) An eight-view camera setup, b) a person inside the camera setup capture volume, c) a person outside the camera
setup capture volume and d) a person inside the camera setup being occluded in two cameras by another person.

method that can effectively overcome the above described re-
strictions. The proposed method utilizes a multi-camera setup
in order to capture the human body from multiple viewing
angles. Actions are described as sequences of successive hu-
man body poses, in terms of binary images denoting the hu-
man body Regions of Interest (ROIs). Such binary images can
be efficiently obtained by applying video segmentation tech-
niques [7] on the camera frames. In the training phase, la-
beled action instances are employed in order to train a single-
view, view-invariant action recognition classifier. To this end,
we employ an Artificial Neural Network. In the test phase,
multiple body tracking techniques [8] can be used in order to
determine the cameras in which the person under considera-
tion is visible. Action classification is performed on the video
streams coming from all these cameras independently, result-
ing to multiple action classification results. The classification
results from different views are, subsequently, combined in
order to provide the final action classification result.

The rest of the paper is organized as follows: Section 2,
describes the proposed method. Section 3 presents experi-
ments on two action recognition databases. Finally, Section 4
draws the conclusion of this work.

2. PROPOSED METHOD

The proposed method employs the dyneme based action rep-
resentation which has been proposed in [9]. For the neural
network training procedure, we employ the Extreme Learn-
ing Machine optimization method that has been recently pro-
posed in [10], for single hidden layer feedforward neural net-
works. In the following we provide a comprehensive descrip-
tion of these methods.

2.1. Dyneme based Action Representation

As it was already mentioned, the proposed method operates
on binary videos depicting a person performing an action.
Such videos are centered to the person’s ROIs center of mass,
cropped to the ROIs size and rescaled in order to create binary
images of fixed (Nx × Ny pixels) size. The resulted images
are vectorized column-wise, in order to produce the so-called

posture vectors pij ∈ RNx×Ny , where i is the video index and
j runs along the video frames of video i, i.e., j = 1, ..., Ni.

In the training phase, all training posture vectors pij cor-
responding to the NT training videos, are employed in order
to determine D posture vector prototypes vd ∈ RNxNy d =
1, ..., D, the so-called dynemes. This is done by clustering the
training posture vectors in D clusters, without exploiting the
known action labels that are available for the training videos.
In this work we employ the K-Means clustering algorithm
[11]. Dynemes are determined to be the mean cluster vectors.
After dyneme calculation, each posture vector pij is mapped
to the so-called membership vector uij ∈ RD, which denotes
the fuzzy similarity of pij with all the dynemes vd according
to a fuzzification parameter m > 1:

uijd = (‖ pij − vd ‖2)−
2

m−1 , d = 1, ..., D. (1)

Membership vectors uij are normalized in order to have
unit l2 norm. The mean of the membership vectors si =
1
Ni

∑Ni

j=1 uij corresponding to each video is calculated in or-
der to represent the video. Vectors si ∈ RD, which will be
called action vectors hereafter, representing all the training
videos are normalized to have zero mean and unit variance.
Test action vectors are normalized accordingly.

2.2. ELM training algorithm

After obtaining the training action vectors si, we exploit the
available action labels in order to train a single hidden layer
feedforward neural network. For a classification problem in-
volving NA action classes, the network consists of D input,
L hidden and NA output neurons. Let T ∈ RNA×NT be a
matrix containing the network’s target values, i.e., [T ]ji = 1
in the case where si belongs to action class j and [T ]ji = −1
otherwise.

Let Win ∈ RD×L be a matrix containing network’s in-
put weights and b ∈ RL be a vector containing the hidden
layer neurons bias values, which are randomly chosen. The
hidden layer outputs for a given training action vector si are
calculated by using the sigmoid function, i.e.:

G(wj ,b, si) =
1

1 + exp−(wT
j si+bj)

, j = 1, ..., L, (2)



where wj denotes the j-th column of the input weights ma-
trix Win. By storing the hidden layer outputs corresponding
to all the training action vectors in a matrix G ∈ RL×NT and
using linear activation function for the output neurons, the
network’s outputs corresponding to the training action vec-
tors can be written in a matrix form as O = WT

outG, where
Wout ∈ RL×NA is a matrix containing the network’s output
weights. By using linear activation function for the network’s
output neurons, Wout can be calculated by Wout = G†TT ,
where G† is the Moore-Penrose generalized pseudo-inverse
of GT . By assuming zero training error, the generalization
ability of standard ELM algorithm is sensitive to outliers that
may appear in the training set. In order to enhance the gener-
alization ability of the ELM network, an optimization based
regularized ELM algorithm has been proposed in [10], where
it has been shown that Wout can be calculated, according to
a regularization parameter C, by:

Wout =

(
1

C
I+GGT

)−1

GTT , (3)

After Wout calculation, a test action vector st,i can be
introduced to the ELM network and be classified to the action
class corresponding to the highest network’s output, i.e.:

ct,i = arg max
j

[ot,i]j , j = 1, ..., NA, (4)

where i denotes the camera that has captured the action video
corresponding to action vector st,i and ot,i is the network’s
output for st,i.

2.3. Test Phase

Let a person performing an action being captured by N ≤ NC

cameras. This results to the creation of N action videos. Bi-
nary action videos are created by applying video segmenta-
tion techniques on the action video frames. The resulted bi-
nary action videos are preprocessed by following the proce-
dure described in subsection 2.1 and, thus, N test action vec-
tors st,i, i = 1, ..., N are obtained. st,i are, subsequently,
introduced to the neural network and N action classification
results ct,i are obtained. ct,i are, finally, combined by using a
majority voting algorithm in order to provide the final action
classification result, i.e.:

ct = arg max
j

N∑
i=1

αij , j = 1, ..., NA. (5)

where αij = 1 if ct,i = j and αij = 0 otherwise.

3. EXPERIMENTAL RESULTS

In this section we present experiments conducted in order to
evaluate the performance of the proposed method. Since it
can be directly applied on both multi-view and single-view

action recognition problems, we conducted experiments on
two publicly available action recognition databases. The first
one is the i3DPost multi-view action recognition database
[12] aiming at recognition of daily actions, while the sec-
ond one is the AIIA-MOBISERV action recognition database
[13, 14] aiming at recognition of actions appearing in meal
intakes.

In all our experiments, we have performed the leave-one-
person-out cross validation procedure. That is, we trained the
algorithm by using the action videos depicting all but one per-
sons in the database and tested it by using the action videos of
the remaining one. This has been done multiple times, equal
to the number of persons in the database, in order to complete
an experiment. Regarding the method’s parameters, we have
used the following values: Nx = Ny = 32, m = 1.1 and
L = 1000. The optimal number of dynemes D, as well as the
optimal value of the regularization parameter C, were deter-
mined by performing the LOPO cross validation procedure.
Specifically, we have tested the algorithm by using values of
D = 10k, k = 1, ..., 20 and C = 10r, r = −6, ..., 6.

3.1. Experiments on i3DPost database

The i3DPost multi-view action recognition database contains
high resolution (1080×1920 pixels) image sequences depict-
ing eight persons performing eight actions: ’walk’ (wk), ’run’
(rn), ’jump in place’ (jp), ’jump forward’ (jf), ’bend’ (bd),
’sit’ (st), ’fall’ (fl) and ’wave one hand’ (wo). The database
camera setup consists of eight cameras, which were placed in
a ring of 8m diameter at a height of 2m above the studio floor.
The studio background was of blue color. Example action
video frames are illustrated in Figure 2. Binary images se-
quences have been obtained by applying a color based image
segmentation technique exploiting the properties of the HSV
color space.

Fig. 2. Example images of the i3DPost database depicting a
person from different viewing angles.

In order to simulate the case of performing action recog-
nition in the appearance of total person occlusion, i.e., using
an arbitrary number of cameras in the test phase, we have per-
formed multiple experiments by training the algorithm using
all the available cameras in the database and testing it using
a subset of them. For example, we trained the algorithm by
using all the eight cameras forming the database camera setup
and tested it by using only two cameras, which were randomly
chosen for each action sequence.



(a) (b) (c)

Fig. 4. Confusion matrices on the i3DPost database obtained by using different number N of test cameras (NC = 8): a)
N = 1, b) N = 4 and c) N = 8.

In Figure 3, we illustrate the action classification rates ob-
tained for all these experiments. By using only one camera in
the test phase, a classification rate equal to 82.56% has been
obtained. By using two cameras, the action classification rate
was increased to 84.35%. The use of four cameras resulted to
an action classification rate equal to 92.18%. Finally, as can
be seen, when using all the cameras of the database, an action
classification rate equal to 95.5% is achieved.

Fig. 3. Action classification rates obtained by using different
number N of randomly chosen test cameras (NC = 8).

As can be observed in Figure 3 the use of more than 2
cameras in the test phase leads to an action classification rate
higher than 90%. In Figure 4 we also provide the confusion
matrices corresponding to the cases where the method has
been tested by using N = 1, N = 4 and N = 8 cameras.
As can be seen in Figure 4a, by using only one camera, ac-
tion classes ’walk’, ’run’, ’jump in place’, ’jump forward’ and
’sit’ are confused to each other. This is reasonable, since, in
this case, the human body is observed by only one, arbitrary
viewing angle. As it was also shown in [15], the viewing an-
gle that the human body is captured from plays a significant
role on the classification performance. By using N = 4 test
cameras, human body can be better represented, leading to
higher action classification rates. As can be seen in Figure
4b, high classification rates have been obtained for most of
the action classes. However, action classes ’jump in place’,
’jump forward’ and ’sit’ are still confused to each other. This
can be explained by the fact that these action classes contain
a high number of common human body poses and, thus, it is

Table 1. Comparison results in the i3DPost multi-view action
recognition database (N = NC = 8).

Method [6] Method [16] Method [5] Proposed method
94.34% 95% 94.87% 95.5%

difficult to be distinguished. Finally, by using all the available
cameras, i.e., when N = 8, the action classes are better dis-
tinguished and, thus, higher classification rates are obtained
for all of them.

In Table 1, we compare the performance of the proposed
method with that of other method, recently proposed in the
literature, evaluating their performance on the i3DPost action
recognition database, while in Table 2 we compare the per-
formance of the proposed method with that of [5] for differ-
ent numbers of test cameras N . As can be seen, the proposed
method achieves state of the art performance in both experi-
mental settings.

Table 2. Comparison results in the i3DPost multi-view action
recognition database for different N (NC = 8).

Number of cameras N 1 3 4

Method [5] 79% 84.9% 90%
Proposed method 82.83% 90.8% 92.18%

3.2. Experiments on the AIIA-MOBISERV database

The AIIA-MOBISERV single-view database [14, 13] con-
tains low resolution (640 × 480 pixels) videos depicting
twelve persons. A camera was placed at a distance of 2m
in front of them during a meal. Four meals were recorded
for all the persons in different days. The persons perform
multiple instances of the following actions: ’eat’, ’drink’ and
’apraxia’. These actions contain several sub-actions. That is,
the persons eat using a spoon, a fork, or cutlery. They drink



Fig. 5. Example video frames of the AIIA-MOBISERV
database depicting a person eating and drinking.
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Fig. 6. Confusion matrix on the AIIA-MOBISERV database.

from a cup or a glass. Finally, action class ’apraxia’ con-
tains actions ’slicing food’ and ’rest’. Example video frames
depicting persons of the database are illustrated in Figure 5.

Binary action videos denoting the persons’ skin regions,
i.e., their head and hands, have been obtained by applying
a color-based image segmentation technique on the video
frames exploiting the properties of the HSV color space.
By applying the LOPO cross validation procedure using the
proposed method, an action classification rate equal to 90%
has been obtained. The confusion matrix of this experiment
can be seen in Figure 6. As can be seen, high classification
rates have been obtained. Despite the fact that all the three
action classes contain high number of common human body
poses, and, thus, it is difficult to distinguish to each other,
high classification rates have been obtained.

4. CONCLUSION

In this paper we presented a novel multi-view action recogni-
tion method that can successfully operate in the cases where
the person under consideration is not visible from all the cam-
eras forming the recognition camera setup. Action represen-
tation involves fuzzy vector quantization and action recog-
nition is performed by a neural network that is trained for
view-invariant action classification. Action classification is
performed to all the video streams depicting the person from
different viewing angles independently. Action classification
results from different views are combined in order to provide
the final action classification. The proposed method has been
evaluated in both single-view and multi-view action classifi-
cation problems providing high action classification rates.
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ABSTRACT

In this paper we propose a novel person identification method
exploiting human motion information. Persons are described
by using their poses during action execution. Identification
process involves Fuzzy Vector Quantization and Discriminant
Learning. In the case of multiple cameras used in the identifi-
cation phase, single-view identification results combination is
achieved by employing a Bayesian combination strategy. The
proposed identification approach does not set the assumptions
of known action class and number of capturing cameras in
the identification phase. Experimental results on two publicly
available video databases denote the effectiveness of the pro-
posed approach.

Index Terms— Person identification, Discriminant Learn-
ing, Bayesian Learning

1. INTRODUCTION

Person identification from video streams is an important task
finding applications in many fields, such as human-computer
interaction, visual surveillance and security. This task has
been approached, mainly, by applying face recognition tech-
niques on the video frames depicting the persons under con-
sideration [1]. This is a reasonable approach, since it is ex-
pected that the human facial features do not change in short
time periods. However, there are applications where the face
recognition approach can not be applied due to the limitations
that it sets. For example, in visual surveillance, the person un-
der consideration may be at a distance from the camera, cap-
tured by a side or a back view. In these cases, face recognition
based person identification will fail, since face recognition
methods assume that the person is in front of the capturing
camera, having a near frontal facial pose.

In order to address such issues, researchers have focused
their attention on identifying individuals by exploiting in-
formation provided by different human biometrics. Gait
recognition, i.e., the identification of individuals by the way
they walk, has been extensively studied in the last decade
[2]. This approach exploits the information appearing in
the person’s body shape and his/her walking style. Persons,
usually, are described by using binary images denoting their

body poses and identification is performed in video snapshots
consisting of consecutive binary body images. Gait recogni-
tion based person identification, however, sets the assumption
that the person under consideration walks. This is a reason-
able assumption in visual surveillance applications, which is
the main application field of such methods. However, there
are several applications where this assumption does not met.
For example in human-computer interaction and games the
person may perform different actions, such as jump, or bend.

It has been shown that the viewing angle that the human
body is captured from plays a significant role on the perfor-
mance of person identification methods [3]. By using one
camera, single-view recognition methods usually set the as-
sumption of known human body orientation. In order to pro-
vide view-independent person identification, the use of multi-
camera setups has been recently proposed [4]. By observing
the human body from different viewing angles, multi-view
methods create a view-independent human body representa-
tion which is, subsequently, used for person description and
classification. However, most multi-view methods assume
that the human body is visible from all the synchronized cam-
eras forming the identification camera setup. Furthermore,
the training and identification camera setups should be con-
sisted of the same number of cameras, having the same prop-
erties. These assumptions are quite restrictive, since there are
applications, such as visual surveillance, where the persons
are visible from some of the cameras forming the identifica-
tion camera setup.

In this paper, we propose a novel person identification
method exploiting human motion information. We do not
set the assumption of known action class in the identifica-
tion process. That is, the persons are allowed to perform
several actions, which are defined by an action class set.
Persons are described by binary images denoting their body
poses. Depending on the application scenario, one or multi-
ple cameras can be used in order to capture the information
needed for human body representation. In order to address
the above mentioned issues related to the multi-view meth-
ods, we choose to perform single-view person identification
on the video streams depicting the person under consider-
ation independently and, subsequently, combine the person
identification results. The single-view identification process



involves Fuzzy Vector Quantization and Discriminant Anal-
ysis based classification. Single-view identification results
combination, based on Bayesian learning, leads to high per-
son identification rates.

2. PROPOSED METHOD

The proposed method operates upon binary videos denoting
the human body poses. In the cases of color videos, the corre-
sponding binary videos are created by applying image seg-
mentation techniques. In our experiments we have used a
color-based image segmentation method exploiting the prop-
erties of the HSV color-space [5].

2.1. Single-view Person Identification

Let V be a video database containing NT binary videos de-
picting NP persons performing multiple instances of NA

action classes captured by NC ≥ 1 cameras. The binary
video frames are centered to the human body center of mass,
cropped to the ROI size and rescaled to fixed size (NH ×NW

pixels) binary images, which are called posture images. Pos-
ture images are vectorized column-wise in order to produce
the so-called posture vectors pij ∈ RD, i = 1, ..., NT , j =
1, ..., Ni, D = NH ×NW , where Ni is the number of video
frames forming video i.

By using all the
∑NT

i=1Ni training posture vectors pij

we determine K posture vector prototypes vk ∈ RD, k =
1, ...,K without exploiting the known person ID labels of the
training posture vectors. We employ K-Means clustering al-
gorithm [6] to this end, minimizing the between cluster scat-
ter, i.e.:

K∑
k=1

NT∑
i=1

Ni∑
j=1

αijk‖pij − vk‖2, (1)

where αijk = 1, if pij is assigned to cluster k and αijk =
0, otherwise. vk, k = 1, ...,K are defined as the mean
cluster vectors, vk = 1

nk

∑NT

i=1

∑Ni

j=1 αijkpij , where nk =∑NT

i=1

∑Ni

j=1 αijk is the number of posture vectors pij as-
signed to cluster k. The optimal number of posture vector pro-
totypes K is determined by performing the cross-validation
procedure.

After the posture vector prototypes vk calculation, we
map the training posture vectors to the so-called membership
vectors uij ∈ RK ,uij = [uij1, ..., uijK ]T , which denote the
fuzzy similarity between each posture vector pij with all the
posture vector prototypes vk. uijk, k = 1, ...,K are calcu-
lated according to a fuzzification parameter m > 1 by:

uijk =
(‖ pij − vk ‖2)−

2
m−1∑K

l=1(‖ pij − vl ‖2)−
2

m−1

. (2)

The mean of the membership vectors corresponding to
each video is calculated in order to represent the video, i.e.

si = 1
Ni

∑Ni

j=1 uij , i = 1, ..., NT . Vectors si, which will
be called action vectors hereafter, representing all the training
videos are normalized to have zero mean and unit variance.
Test action vectors are normalized accordingly.

By exploiting the person ID labels available for the
training videos, we perform Linear Discriminant Analysis
(LDA) [6] in order to map the action vectors si in a lower-
dimensional feature space, where action vectors belonging
to different person ID classes are better discriminated. LDA
is a dimensionality reduction technique which is used to de-
termine the optimal projection matrix Wopt by minimizing
Fither’s criterion:

Wopt = argmin
W

trace{WTSwW}
trace{WTSbW}

. (3)

Sw and Sb are the within class and between class scatter ma-
trices, respectively:

Sw =

NP∑
n=1

NT∑
i=1

βn
i (si − µn)(si − µn)

T

Nn
(4)

Sb =

NP∑
n=1

(µn − µ)(µn − µ)T

NP
(5)

where βn
i = 1 for action vectors si belonging to class n and

βn
i = 0 otherwise, µn is the mean vector of class n having
Nn =

∑NT

i=1 β
n
i action vectors and µ is the total mean vec-

tor of the training action vector set. After calculating Wopt,
the discriminant action vectors zi ∈ RNP−1, are obtained by
zi = WT

optsi.
Finally, each person ID class is represented in the dis-

criminant feature space by the corresponding mean discrimi-
nant action vector qn ∈ RNP−1, n = 1, ..., NP , i.e., qn =∑NT

i=1 β
n
i zi.

2.2. Person Identification Results Combination

Let us assume that a person appearing in the video database
V performs an action and that he/she is captured by N ≤ NC

cameras. This results to the creation of N action videos de-
picting him/her from different viewing angles. All these N
videos can be processed by following the above described
procedure and, thus, they can be represented by the corre-
sponding discriminant action vectors ztest,i, i = 1, ..., N .
Each test discriminant action vector ztest,i can be classified
to one person ID class by using a nearest class centroid al-
gorithm, i.e.: ltest,i = argmin

n
‖ztest,i − qn‖2, where ltest,i

denotes the recognized person ID class label corresponding to
test video i.

Since all these N test videos refer to the same action in-
stance performed by the same person, we would like to com-
bine all these classification results in order to recognize the
depicted person. In order to do so, we exploit the labeling



information that is available for the training videos. After de-
termining the discriminant vectors qn representing the person
ID classes, we classify all the training discriminant vectors zi
to the nearest class centroid, and, thus, the corresponding per-
son ID labels li, i = 1, ..., NT are obtained. Using these
labels, the a posteriori probabilities P (li|n), i.e., the proba-
bilities that video i belonging to the person ID class n was
classified to person ID class li, can be calculated. Assuming
that both the training and test discriminant action vectors fol-
low the same distributions, a test action instance depicted in
N action videos can be classified to the person ID class that
provides the maximum a posteriori probability sum [7], i.e.
ltest = argmax

j

∑N
i=1 P (n|ltest,i).

Probabilities P (n|ltest,i) are calculated by using the
Bayes formula:

P (n|ltest,i) =
P (ltest,i|n) · P (n)∑NP

l=1 P (ltest,i|l) · P (l)
. (6)

The a priori probabilities P (n), n = 1, ..., NP can be cal-
culated by using the ratio of the training videos belonging
to person ID class n and the total number of training videos
forming the training set, i.e., P (n) = Nn

NT
.

3. EXPERIMENTAL RESULTS

In this Section we present experiments conducted in order
to assess the performance of the proposed person identifica-
tion method. Since it can be applied in application scenarios
adopting one, or multiple cameras, we present experiments
on a single-view and a multi-view publicly available video
databases containing daily actions.

3.1. The i3DPost multi-view database

The i3DPost eight-view database [8] contains videos depict-
ing eight persons (six males and two females) performing
eight daily actions: ’walk’, ’run’, ’jump in place’, ’jump for-
ward’, ’bend’, ’fall’, ’sit’ and ’wave one hand’. Example
video frames depicting a person of the database are illustrated
in Figure 1. In our experiments we have used the videos be-
longing to action classes ’walk’, ’run’, ’jump in place’, ’jump
forward’ and ’wave one hand’, since each person performed
the remaining actions only once. Binary action videos have
been produced by applying an image segmentation technique
to the action video frames exploiting the properties of the
HSV color-space.

The Leave-One-Instance-Out (LOIO) cross validation
procedure has been performed. It involves training the al-
gorithm by using the videos depicting all but one action
instances of all the persons in the database and testing it on
the videos depicting the remaining action instance. This pro-
cedure is performed multiple times, equal to the number of

Fig. 1. Action video frames of the i3DPost database depicting
a person walking from multiple viewing angles.

action instances appearing in the database. The LOIO cross-
validation has been performed for different number of posture
prototypes K. In order to assess the contribution of the pro-
posed person ID classification results combination strategy,
a second set of experiments has been conducted following a
majority voting person ID classification results combination
strategy. The identification rates obtained for these experi-
ments are illustrated in Figure 2. A person identification rate
equal to 94.38% has been obtained by usingK = 110 posture
vector prototypes. The confusion matrix of this experiment
is illustrated in Figure 3. In Figure 2 it can be seen that,
the proposed combination strategy outperforms the majority
voting one in all the presented experiments. The best person
identification rate, equal to 93.38%, for the majority voting
combination approach has been obtained by using K = 110
posture vector prototypes as well.

Fig. 2. Person identification rates on the i3DPost database.

3.2. The AIIA-MOBISERV single-view database

The AIIA-MOBISERV single-view database [9, 10] contains
videos depicting twelve persons (six males and six females)
having a meal. Four meal intakes have been recorded for each
the person in different days. Thus, four sessions for each per-
son are available. The persons eat using fork, cutlery and
spoon and drink from a cup and a glass. Furthermore, the
persons perform other actions appearing in meal intakes, such
as slicing their food or chewing it. Each person performed
multiple instances of these actions in each meal. We have
applied a color-based image segmentation technique to the
video frames in order to create binary videos depicting the
person’s head and hands [5]. Example binary video frames



Fig. 3. Confusion matrix on the i3DPost database.

Fig. 4. Confusion matrix on the AIIA-MOBISERV database.

are illustrated in Figure 5.
In all the experiments we have used Leave-One-Session-

Out (LOSO) cross validation. That is, the proposed algo-
rithm is trained using data from the three meals in the train-
ing set and the fourth meal is used for testing. This proce-
dure is applied four times in order to complete an experiment.
The LOSO cross validation has been performed for different
number of posture prototypes K. A person identification rate
equal to 87.83% has been obtained by usingK = 230 posture
vector prototypes. The confusion matrix of this experiment is
illustrated in Figure 4. It can be seen by observing the confu-
sion matrices in Figures 3 and 4, that person identification in
the case of actions appearing in meal intakes is more difficult,
compared to person identification from daily actions. This is
reasonable, since variations in execution style between indi-
viduals on such actions are fewer. However, as can be seen,
even in this case, high identification rates have been obtained.

Fig. 5. Binary video frames depicting a person of the AIIA-
MOBISERV database a) eating, b) drinking and c) slicing his
food.

4. CONCLUSION

In this paper we proposed a person identification method ex-
ploiting human motion information. The method performs
single-view person identification on multiple videos depicting
a person from different viewing angles during action execu-
tion. Single-view identification results combination based on
Bayesian learning in the test phase, leads to view-independent
person identification with high identification rates.
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ABSTRACT

In this paper we present a dynamic classification method
involving test sample-specific labeled data selection and
Single-hidden Layer Feedforward Neural (SLFN) network-
based non-linear mapping in multiple levels. The number
of mapping levels is dynamically determined by the test
sample under consideration, while the use of Extreme Learn-
ing Machine (ELM) algorithm for SLFN training leads to
fast operation. The proposed dynamic classification method
has been applied to human action recognition by employing
the dyneme-based action representation providing enhanced
classification performance.

Index Terms— Dynamic classification, Clustering, Single-
hidden Layer Feedforward Neural network, Extreme Learn-
ing Machine

1. INTRODUCTION

Classification methods can be categorized depending on the
way they utilize the available labeled data, in static and dy-
namic methods. Static classification methods employ all the
available labeled data and the corresponding class labels in
order to train a classifier, that will be used in order to classify
any (unknown) test sample. Dynamic classification methods
involve a model adaptation process based either on the train-
ing set structure, or on the test sample to be classified.

By exploiting the information provided by the test sam-
ple under consideration, dynamic classification methods can
provide enhanced classification performance, compared to the
static ones. A dynamic classification method exploiting spar-
sity constraints has been proposed in [1]. A given test sample
is involved in a L1-minimization-based class-independent re-
gression process by using an overcomplete dictionary formed
by all the available labeled data. Multiple reconstruction sam-
ples are, subsequently, produced by exploiting the reconstruc-
tion weights corresponding to each class independently and
the test sample under consideration is classified based on the
minimum reconstruction error classification rule. The Dy-
namic Committee Machine (DCM) has been proposed in [2].
DCM employs five state-of-the-art classifiers in order to de-
termine five classification results for a given test sample. The

obtained classification results are, finally, fused by using test
sample-specific combination weights. A dynamic classifica-
tion scheme has been proposed in [3] for human action recog-
nition. The classification process involved person identifica-
tion and action classification based on a classifier trained by
using labeled samples belonging the recognized person. A
dynamic classification method involving iterative labeled data
selection and Linear Discriminant Analysis (LDA)-based data
projection is proposed in [4]. The iterative procedure used
in order to determine an appropriate training set for LDA-
based data projection and classification is intuitive and ef-
fective. However, the LDA-based classification approach in
this setting sets the assumption of linearly separable classes.
This assumption is not met in several classification problems,
where non-linear classification models are more appropriate.

In this paper we present a dynamic classification method
consisting of two processing steps. In the first one, labeled
data selection is performed by clustering the labeled data and
exploiting the similarity of representative cluster vectors to
a given test sample. In the second step, a non-linear map-
ping process of both the selected labeled data and the test
sample under consideration is determined by training a SLFN
network using the selected training data. Data selection and
SLFN-based data mapping is performed in multiple levels,
which are determined by the test-sample under consideration.
The labeled data selection process is intuitive and effective.
The use of the ELM algorithm [5] for SLFN network train-
ing leads to fast network training, leading to fast and effective
dynamic classification.

The paper is structured as follows. Section 2 describes
the proposed dynamic classification scheme. Section 3 illus-
trates experimental results conducted in order to evaluate its
performance. Finally, conclusions are drawn in Section 4.

2. PROPOSED METHOD

The proposed dynamic classification method consists of two
processing steps. The first one performs test sample-based
labeled data selection. The second step performs non-linear
data mapping to a new feature space determined by the out-
puts of an SLFN network trained by using the selected labeled
data. These two steps are performed multiple times (levels) in



Fig. 1. The proposed dynamic classification method.

order to obtain the recognized class label of a given test sam-
ple. The procedure followed by the proposed dynamic classi-
fication method is illustrated in Figure 1. In the following, we
describe the two above mentioned processing steps and the
proposed dynamic classification method.

2.1. Dynamic Data Selection

The first processing step of the proposed dynamic classifica-
tion method performs test sample-based labeled data selec-
tion. Let ztest ∈ RN denote the test vector under considera-
tion. Let Z = {zi}|Z|

i=1 be a vector set formed by |Z| labeled
vectors zi ∈ RN . In order to determine K vector groups
in Z , we perform K-Means clustering [6] without exploiting
the available labeling information. That is, Z is clustered by
minimizing:

K∑
k=1

Nz∑
i=1

βik∥zi − z̄k∥22. (1)

z̄k is the mean vector of group k and is used to represent the
group.

In order to determine the M most similar to the test vec-
tor ztest vector groups, we calculate the Euclidean distances
between ztest and all the group representative vectors z̄k:

dk = ∥ztest − z̄k∥2. (2)

The obtained distances dk, k = 1, ...,K are sorted in an as-
cending order and the the M most similar to the test vector
ztest vector groups are those providing the M smallest dis-
tance values.

2.2. Data Mapping

Let Ẑ = {ẑi}|Ẑ|
i=1 be a vector set formed by the |Ẑ| labeled

vectors selected by applying the first step of the proposed dy-
namic classification method on the vector set Z . We employ
Ẑ in order to determine a new feature space resulted by a
non-linear mapping process determined by training an SLFN
network. The SLFN network consists of N input (equal to
the dimensionality of ẑi), Q hidden and C output (equal to
the number of classes appearing in Ẑ) neurons. The network
target vectors ti, i = 1, . . . , |Ẑ| are set to tij = 1 for vectors
belonging to class j, and tij = −1 otherwise.

In order to achieve fast operation, we employ the ELM [5]
algorithm for SLFN network training. In ELM, the network
input weights Win ∈ RN×Q and bias values b ∈ RQ are ran-
domly chosen, while the output weights Wout ∈ RQ×C are
analytically calculated. Many activation functions, like the
sigmoid, sine, Gaussian and hard-limiting ones, can be used
for hidden layer neurons’ output calculation. In our experi-
ments we have used the sigmoid function, i.e., in our case:

gij =
1

1 + exp−(wT
j ẑi+bj)

, (3)

where wj denotes the j-th column of Win. By storing
the hidden layer neurons outputs gij , i = 1, . . . , |Ẑ|, j =
1, . . . , Q in a matrix G, i.e.,:

G =

 G(w1, b1, ẑ1) · · · G(w1, b1, ẑ|Ẑ|)

· · ·
. . . · · ·

G(wQ, bQ, ẑ1) · · · G(wQ, bQ, ẑ|Ẑ|)

 , (4)

and using linear activation function for the network output
layer, the network’s output vector corresponding to the la-
beled vector ẑi can be written by oi = WT

outgi, where gi

denotes the i-th column of G. The network’s outputs corre-
sponding to all the labeled vectors forming Ẑ can be written
in a matrix form as O = WT

outG. Finally, by assuming that
the network output vectors oi are equal to the network target
vectors ti, Wout can be calculated by:

Wout =
(
GGT

)−1
GTT . (5)

By observing (5) it can be seen that this equation can be
used for Wout calculation only in the cases where the matrix
Ĝ = GGT is non-singular, i.e., in the cases where |Ẑ| >
Q. However, since we expect the cardinality of Ẑ to be very
small, compared to the dimensionality of the network hidden
layer output vectors, we employ a regularized version of (5)
proposed in [7], i.e.:

Wout =

(
GGT +

1

λ
I

)−1

GTT . (6)

The value of parameter λ is determined by applying the cross-
validation procedure, as it will be described in the experimen-
tal section.



Fig. 2. Classification rates on the Weizmann database for
different values of M (K = 50).

After training the SLFN network, the labeled vectors ẑi
are introduced to the network in order to determine the vector
set O = {oi}|Ẑ|

i=1, where oi is the network output for ẑi. ztest
is, also, introduced to the trained SLFN network in order to
determine its response otest.

2.3. Dynamic Classification

Let X = {xi}|X |
i=1 be a vector set containing vectors xi ∈ RN0

accompanied by class labels ci appearing in a class label set
C. Let xtest ∈ RN0 be a vector representing the test sample
under consideration. X is used in order to determine the M
most similar to xtest vector groups by following the proce-
dure described in subsection 2.1. The obtained vector groups
form the algorithm’s first level labeled data set X̃1. Here we
have introduced an index denoting the algorithm’s level. X̃1

is, subsequently, used in order to train an SLFN network by
following the procedure described in subsection 2.2. After
training the SLFN network, both X̃1 and xtest are introduced
to the trained network in order to obtain O1 and otest,1, re-
spectively. In the general case, after obtaining the l-th SLFN
network outputs Ol and otest,l, the feature vectors forming Ol

are clustered in order to determine K groups and the M most
similar to otest,l groups are determined by following the pro-
cedure described in subsection 2.1. These vector groups are
used to form the l+1-th level labeled vectors set X̃l+1, which
is used in order to train an SLFN network, by following the
procedure described in subsection 2.2.

The above described process is performed for multiple
levels L, until the labeled vectors forming the the SLFN net-
work training set belong to one class only. That is, the number
of mapping levels L depends on the test vector under consid-
eration. In the cases where the classification problem involves
well distinguished classes, we expect the number of mapping
levels L to be low. In the cases of overlapping classes, mul-
tiple mapping levels will be performed in order to obtain the
final classification result.

3. EXPERIMENTS

We have applied the proposed dynamic classification method
on human action recognition by employing the dyneme-based
action representation [8, 9]. Two publicly available action
recognition databases have been used in order to evaluate the
performance of the proposed method. We, briefly, describe
these databases in the following. In all the experiments we
have performed the Leave-One-Person-Out cross-validation
procedure. That is, the algorithm has been trained by using
the videos depicting all but one persons in the database. The
videos depicting the remaining person have been used in order
to test the algorithm’s performance. This procedure has been
applied multiple times (folds), one for each test person, in
order to complete an experiment and the mean action classi-
fication rate, over all folds, has been used in order to measure
its performance.

The optimal parameter values have been determined by
performing a grid search process. The following parameter
values have been used: K = [10, 20, 50], M = kK, k =
0.1, . . . , 1, Q = [100, 200, 500, 1000] and λ = 10r, r =
−6, . . . , 6. Regarding the optimal number of dynemes D used
for action representation, it has been determined by using a
wide range of values D = 10d, d = 1, . . . , 20.

3.1. Weizmann Action Database

The Weizmann action recognition database [10] consists of
90 low-resolution (144 × 180 pixel) videos depicting nine
persons performing ten actions, i.e., ’walk’, ’run’, ’jump in
place’, ’jump forward’, ’jumping jack’, ’gallop sidewise’,
’skip’, ’wave one hand’, ’wave two hands’ and ’bend’. In
order to describe actions by using the dyneme-based action
representation, we have used the binary videos provided by
the database.

3.2. MOBISERV-AIIA Action Database

The MOBISERV-AIIA database [11, 12] consists of low-
resolution (480× 640 pixel) videos depicting actions appear-
ing in meal intakes. A camera has been placed at a distance of
2 meters in frond of a table and the twelve persons have been
asked to have a meal. Four meals have been recorded for each
person, each in a different day. Videos depicting multiple ac-
tion instances have been temporally segmented to smaller
ones, each depicting one instance only. We have formed a
three-class classification problem by using the action videos
depicting two meals of each person. The action classes form-
ing this classification problem are ’eat’, ’drink’ and ’apraxia’.
Action class ’eat’ contains eating instances using a spoon,
a cutlery and a fork. Action class ’drink’ contains drinking
instances using a glass, a cup or a straw. Finally, action class
’apraxia’ contains instances of resting, chewing and slicing
food. In order to describe actions by using the dyneme-based
action representation, we have applied a color-based image



segmentation technique on the video frames in order to keep
the image locations corresponding to the person’s skin, i.e.,
his/her head and hands.

3.3. Experimental Results

Figure 2, illustrates the classification rates obtained by apply-
ing the LOPO cross-validation procedure on the Weizmann
database by using different values of M . As can be seen, by
focusing the classification problem on smaller regions, i.e.,
on the test sample neighborhood, the classification rate is in-
creased. Table 1 illustrates the classification rates obtained by
applying LOPO cross-validation procedure and the proposed
dynamic classification method (noted as Dynamic ELM)
on the videos of the Weizmann and the MOBISERV-AIIA
databases. In this Table we, also, present classification rates
obtained by applying the LOPO cross-validation procedure on
these two databases by following the static classification ap-
proach and ELM-based classification (noted as Static ELM),
LDA-based classification (noted as Static LDA), K-Nearest
Neighbor using K = 3 neighbors, and the dynamic classi-
fication methods proposed in [4] and [1] (noted as Dynamic
LDA and L1min, respectively). As can be seen in this Table,
the proposed dynamic classification method outperforms the
static classification approach. Furthermore, it can be seen
that it compares favorably to other dynamic classification
schemes.

Table 1. Classification rates on the Weizmann and
MOBISERV-AIIA databases.

Method Weizmann MOBISERV-AIIA
Static LDA 95.92% 89.94%
Static ELM 96.15% 89.73%
KNN 94.06% 89.91%
Dynamic LDA [4] 96.29% 92.54%
L1min [1] 92.76% 90.3%

Dynamic ELM 97.8% 93.4%

The confusion matrices obtained by applying the pro-
posed dynamic classification method on the Weizmann and
MOBISERV-AIIA databases are illustrated in Figures 3 and
4, respectively. As can be seen high classification rates have
been obtained for all the action classes. In the Weizmann
database five, out of ten, action classes have been perfectly
classified, while classification rates greater than 92% have
been obtained for all the action classes. The action class
that was more difficult to be correctly recognized is action
class ’wave one hand’, which is confused with action classes
’bend’ and ’jump forward’. Regarding the MOBISERV-AIIA
database, it can be seen that the action class that was more
difficult to be correctly recognized is action class ’drink’,
which is, mainly, confused with action class ’eat’.

Fig. 3. Confusion matrix on the Weizmann database.

Fig. 4. Confusion matrix on the MOBISERV-AIIA database.

4. CONCLUSION

In this paper we presented a dynamic classification method
involving two processing steps. The first one determines an
appropriate labeled vector set based on labeled data group-
ing and the similarity of the test vector under consideration
with the group representative vectors. The second one de-
termines a non-linear mapping to a new feature space deter-
mined by the outputs of an SLFN network trained by using
the selected labeled vectors. The method has been tested on
two publicly available action recognition databases providing
enhanced classification performance compared to the static
classification approach.
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PERSON IDENTIFICATION FROM ACTIONS BASED ON DYNEMES  

AND DISCRIMINANT LEARNING 

 

 

 

 
 

ABSTRACT 

 

In this paper we present a view-independent person 

identification method exploiting motion information. A 

multi-camera setup is used in order to capture the human 

body during action execution from different viewing angles. 

The method is able to incorporate several everyday actions 

in person identification. A comparative study of the 

discriminative ability of different actions for person 

identification is provided, denoting that several actions, 

except walk, can be exploited for person identification. 

 

Index Terms— Action-based person identification, 

Dyneme video representation, Discriminant learning, 

Classification results fusion 

 

 

1. INTRODUCTION 

 

The identification of persons based on visual information is 

an active research field due to its importance in a wide range 

of applications, including intelligent visual surveillance, 

human-computer interaction and content based video re-

trieval. Most methods proposed in the literature employ face 

recognition techniques [1] requiring a restricted identi-

fication scenario, in which the person under consideration 

should stand in front of a camera, having a (near-) frontal 

facial pose and neutral expression. Gait recognition [2], i.e., 

the identification of persons by the way they walk, has 

gained researchers’ attention in the last two decades, since it 

leads to non-invasive person identification. 

       The major disadvantage of gait recognition is the, 

underlying, assumption that the person under consideration 

walks. Based on the fact that gait recognition, mainly, 

focuses on visual surveillance, this assumption is 

reasonable. However, there are several application scenarios 

where this assumption is not met. For example, consider a 

game where the person is free to perform several actions, 

like jump, bend and/or wave his/her hands, and where the 

game is automatically adapted based on the person playing 

the game. In such cases, most gait recognition methods 

would, probably, fail. In order to overcome this 

disadvantage of gait recognition techniques, action-based 

person identification techniques have been, recently, 

proposed [3,4]. These techniques regard ‘walk’ as a special 

case of actions appearing in an action class set. By adopting 

such an identification approach, a less restricted 

identification scenario is required, since the person under 

consideration is free to perform several other actions, except 

‘walk’. 

       An important issue that action based person 

identification methods should be able to face is the fact that 

the human body is quite different when it is observed by 

arbitrary viewing angles. This is the so-called viewing angle 

effect [5] and is closely related with the person 

identification performance. In order to overcome this issue, 

the use of multi-camera setups, i.e., camera setups formed 

by multiple cameras, has been proposed. By capturing the 

human body from different viewing angles, the enriched 

visual information can be exploited in order to obtain a 

view-independent human body representation, leading to 

view-independent person identification. 

 

 
Figure 1: An eight-view (N=8) camera setup 

 

       In this paper we present a person identification method 

exploiting motion information. The person under 

consideration is free to perform several actions, like ‘walk’, 

‘run’ and/or ‘jump’, appearing in an action class set. In 

order to achieve view-independent operation, the proposed 

method employs a multi-camera setup, like the one shown in 

Figure 1, in order to capture the human body from different 

viewing angles. In the training phase all the training videos 

depicting the persons performing actions from different 

viewing angles are employed in order to determine a 

discriminant feature space for view-independent person 

representation. In the test phase, multiple videos depicting 

the person under consideration performing the same action 



instance from different viewing angles are mapped to the 

discriminant space determined in the training phase and 

classified independently. The obtained classification results 

are, subsequently, combined in order to provide the final 

identification result. By adopting this multi-view person 

identification approach, a comparative study for different 

actions is provided, denoting that several actions, except 

from ‘walk’, contain enough discriminative ability for 

person identification. 

       The remaining of the paper is structured as follows. We 

describe the proposed action-specific person identification 

scheme in Section 2. Experiments conducted in order to 

evaluate the proposed approach are provided in Section 3. 

Finally, conclusions are drawn in Section 4. 

 

 

2. PROPOSED METHOD 

 

2.1. Training Phase 

Let U be a video database, created by using a camera setup 

formed by N cameras, containing videos depicting P 

persons, each performing several instances of actions 

appearing in an action class set A formed by A action 

classes. Image segmentation techniques, like color-based 

image segmentation  or background subtraction [6], are 

applied to the video frames of these videos in order to 

produce binary videos, called action videos hereafter, 

depicting the video frame locations corresponding to the 

human body in white and the background in black. The 

obtained binary video frames are centered to the human 

body center of mass, cropped and rescaled in order to 

produce fixed size (H x W pixels) images, the so-called 

posture images. Example posture images for five actions 

observed by different viewing angles are illustrated in 

Figure 2.  

 

 

 

 

 

 
Figure 2: Posture images obtained by processing videos 

depicting actions ‘walk’, ‘run’, ‘jump in place’, ‘jump 

forward’ and ‘wave one hand’ observed by different 

viewing angles. 

 

Posture images corresponding to each action video i are 

represented as matrices, which are vectorized in order to 

produce the so-called posture vectors pij , i=1,…,NT, 

j=1,…,Ni, where NT is the number of the training action 

videos and j runs along the video frames of action video i. 

The posture vectors corresponding to all the NT training 

action veideos are clustered in order to determine D 

representative human body poses vd, d=1,…,D, the so-called 

dynemes. We have employed the K-Means [7] algorithm for 

dynemes calculation, minimizing the intra-cluster scatter: 

 

         
  
            

   
   

 
   , 

 

where aijd = 1 if posture vector pij belongs to cluster d and 

aijd = 0 otherwise. Dynemes   , are determined to be the 

mean cluster vectors: 
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       After dynemes calculation, each posture vector pij is 

mapped to the so-called membership vector uij, by 

employing the fuzzy distances between pij and all the 

dynemes vd : 

 

                  

                 

  

   . 

 

m is the fuzzification parameter (m>1.0), which is set to 1.1 

in all the presented experiments. Membership vectors uij are 

obtained by normalizing the distance vectors dik: 

 

     
   

        
. 

 

Membership vectors representing action video i are used in 

order to calculate the so-called action vector: 
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 Action vectors si, i=1,…,NT are normalized in order to have 

unit l2 norm, zero mean and unit standard deviation.  

       After the calculation of the normalized action vectors, a 

discriminant feature space for view-independent person 

representation is determined by applying Linear 

Discriminant Analysis (LDA) [8] exploiting the person ID 

labels li, i=1,…,NT available for the training action videos. 

LDA determines an optimal projection matrix W* by using 

the following optimization problem: 

 

          
         

         
, 

 

In the above optimization problem, tr{A} is the trace of 

matrix A and Sw, Sb are the within-class and between-class 

scatter matrices: 
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   , 

 

where μk is the mean vector class k, consisted of Nk action 

vectors, and μ is the mean vector of the entire action vector 

set.  

       The abovementioned optimization problem is 

approximated by solving the optimization problem Sww = 

λSbw, λ≠0 [9], which can be solved by performing 

eigenanalysis to the matrix Sw
-1

Sb, in the case where Sw is 

invertible, or Sb
-1

Sw, in the case where Sb is invertible. The 

optimal projection matrix W* is formed by the eigenvectors 

corresponding to the d = P-1 nonzero eigenvalues.    

       After obtaining W*, the training action vectors si are 

mapped to the so-called discriminant action vectors zi by 

applying: 

 

         . 

 

Each person ID class is, finally, represented by the 

corresponding mean discriminant action vector: 
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2.1. Identification (Test) Phase 

Let us assume that a person appearing in the video database 

U performs an instance of an action appearing in the action 

class set A. Let us assume that the person is captured by all 

the N cameras forming the adopted N-camera setup. This 

results to the creation of N test videos depicting the same 

action instance from different viewing angles. Image 

segmentation techniques are applied to the video frames of 

these videos in order to produce N binary test action videos. 

The video frames of the binary action videos are centered to 

the person’s center of mass, cropped and rescaled in order to 

produce fixed size (H x W pixels) posture images. These 

posture images are vectorized in order to produce the 

corresponding posture vectors pij,t, i=1,…,N, j=1,…,Ni,t. pij,t 

are, subsequently, used in order to produce the 

corresponding action vectors si,t, representing the N test 

action videos. si,t are mapped to the test discriminant action 

vectors zi,t by applying: 

 

              . 

 

Each test discriminant action vector zi,t is assigned the 

person ID class label of the closest mean discriminant action 

vector, by using the Euclidean distance: 

 

                         . 

 

In order to obtain the final person identification result, the 

obtained person ID labels are combined by following the 

maximum probability Sum combination rule [10]. 

3. EXPERIMENTS 

 

We have performed experiments on the i3DPost action 

database [11] containing everyday actions. Eight persons 

(six males and two females) have been asked to perform 

several instances of eight actions: ‘walk’, ‘run’, ‘jump in 

place’, ‘jump forward’, ‘bend’, ‘sit on a chair’, ‘fall down’ 

and ‘wave one hand’. The database camera setup, Figure 1, 

is formed by eight cameras having a wide 45
o
 baseline in 

order to provide 360
o
 coverage of the capture volume. The 

studio was covered by a uniform blue background. Example 

video frames depicting a person jumping from all the eight 

cameras are illustrated in Figure 3. Example video frames 

depicting all the persons performing an action instance from 

arbitrary viewing angles are illustrated in Figure 4.  

 

 
Figure 3: Example video frames of the i3DPost database 

depicting a person jumping from all the eight available 

viewing angles 

 

 

 
 

 
 

 
Figure 4: Example video frames depicting all the persons in 

the i3DPost database performing an action. 

 

       In our experiments we have used the action videos 

depicting the persons performing five actions, i.e., ‘walk’, 

‘run’, ‘jump in place’, ‘jump forward’ and ‘wave one hand’, 

since the persons performed the rest actions only once. 

Binary action videos have been created by applying a color-

based image segmentation technique on the color video 

frames in order to discard the blue background. Four 

instances of each action class have been used for each 

person. The algorithm has been trained by using three 

instances of each action class and tested on the fourth set of 



instances. This procedure has been repeated multiple times 

(folds), one for each set of test action instances, in order to 

complete an experiment.  

       Regarding the optimal number of dynemes D, it has 

been determined by performing multiple experiments and 

using different values, i.e., D = 10d, d = 1, …, 20. A person 

identification rate equal to 94.37% has been obtained by 

using D = 110 dynemes. The confusion matrix of this 

experiment is illustrated in Figure 5. As can be seen in this 

Figure, high person identification rates have been obtained 

for all the persons in the database.  

 

 
Figure 5: Confusion matrix on the i3DPost action database 

 

In a second set of experiments we have investigated the 

discriminative ability of each action. Multiple experiments 

have been performed by using previously defined optimal 

number of dynemes D = 110 to this end. The algorithm has 

been trained by using all the action videos of the training 

persons depicting them performing an action from different 

viewing angles and tested by using the action videos of the 

test person depicting him/her performing the same action. 

The person identification rates obtained in all these 

experiments are illustrated in Table 1. As can be seen in this 

Table, several other actions contain significant 

discriminative information for person identification. 

Specifically, it can be seen that the actions ‘jump in place’ 

and ‘wave one hand’ provided the best identification 

performance, equal to 100%. The action class ‘jump 

forward’ resulted to a high person identification rate, equal 

to 96.87%, while the action ‘run’ resulted to a person 

identification rate equal to 90.62%. Finally, it can be seen 

that action ‘walk’ has been rated fifth, providing a person 

identification rate equal to 84.37%. 

 

Table 1: Person identification rates for different actions 

walk run jump in place 

84.37% 90.62% 100% 
 

jump forward wave one hand 

96.87% 100% 

 

 

4. CONCLUSION 

 

In this paper we presented a person identification method 

exploiting motion information. It employs a multi-camera 

setup in order to capture the human body from multiple 

viewing angles and to achieve view-independent operation. 

The method can, naturally, incorporate several actions in the 

identification process. A comparative study of the discri-

minative ability of five actions denotes that several actions, 

except walk, can be exploited for person identification. The 

method has been evaluated on a publicly available database 

containing everyday actions providing satisfactory 

identification rates.  
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Abstract—In this paper, we propose a person identification
method exploiting human motion information. A Self Organizing
Neural Network is employed in order to determine a topographic
map of representative human body poses. Fuzzy Vector Quanti-
zation is applied to the human body poses appearing in a video in
order to obtain a compact video representation, that will be used
for person identification and action recognition. Two feedforward
Artificial Neural Networks are trained to recognize the person
ID and action class labels of a given test action video. Network
outputs combination, based on another feedforward network, is
performed in the case of multiple cameras used in the training
and identification phases. Experimental results on two publicly
available databases evaluate the performance of the proposed
person identification approach.

I. INTRODUCTION

Person identification is one of the most heavily researched
vision based pattern recognition tasks, due to its importance
in many applications, such as human-computer interaction,
video surveillance and security. The majority of methods
proposed in the literature for person identification, employ
face recognition techniques [1]. This approach leads to good
person identification results, setting strong restrictions on the
identification scenario. That is, the person under consideration
should be in front of the camera and look at it, heaving a near
frontal facial pose and neutral expression. However, there are
several important applications, such as video surveillance and
security, where these assumptions can not be met. In these
cases, the cameras are, usually, placed in order to capture a
wide area, capturing the person under consideration from a far
distance, having various human body orientations.

In order to provide non-invasive person identification tech-
niques, researchers have employed other biometrics for person
identification. Gait recognition, i.e., the identification of indi-
viduals by the way they walk, has been extensively studied
to this end [2]. The main idea behind gait recognition is the
exploitation of the differences appearing in human body sizes
and walking style variations among individuals. Persons are,
usually, described by using binary images denoting the human
body image locations. This human body representation has
been widely adopted because it is computationally inexpensive
and, thus, it can be used in the cases where the real-time
operation is important. Gait recognition has been widely used
in video surveillance applications, where it is assumed that
the persons walk. However, this is a strong assumption and is
not, usually, met in most applications. For example, in security
applications, it is expected that the person under consideration

will run, rather than walk, in order to escape. Even in the cases
of video surveillance, it is not unusual that a person will bend
in order to pick up something. Finally, consider a game where
the user should perform a variety of actions, such as jump in
place, wave his/her hands, etc. In these cases, gait recognition
methods will, probably, fail to operate well.

In most applications, the camera viewing angle is not
fixed and the persons are observed from arbitrary camera
viewpoints. This generates several issues, which are related
to the viewing angle effect [3], [4], that should be properly
addressed in order to obtain a view-independent operation.
Camera setups consisting of multiple cameras, which are
referred as multi-camera setups, have been adopted to this
end. By capturing the human body from multiple viewing
angles and combining the obtained human body poses, a
view-independent human body representation is obtained.
Several combination schemes have been proposed for view-
independent human body representation, like the multi-view
postures proposed in [5]. However, such approaches set several
restrictions. In these settings, the person under consideration
should be visible from all the cameras forming the camera
setup. Furthermore, the camera setups used in the training and
identification phases should have the same properties. That
is, both of them should be consisted of the same number of,
synchronized, cameras, placed in the same positions.

In this paper, we propose a method aiming at person
identification exploiting human motion information. Contrary
to gait recognition methods, we do not set the assumption
of one, known, human action in the recognition process.
That is, the person under consideration is allowed to perform
multiple actions, depending on the application scenario. For
example, in surveillance and games, the person may walk,
jump, bend, etc. In different applications, such as nutrition
assistance, the person may eat, drink or slice his/her food.
The persons are described by using binary images denoting
their poses during action execution. In the training phase,
multiple cameras (NC ≥ 1) are used in order to create videos
depicting persons from different viewing angles performing
actions. Such videos are referred as action videos hereafter.
Human body poses coming from all the available viewing
angles are employed in order to train a Self Organizing Map
(SOM), resulting to the determination of human body pose
prototypes. These pose prototypes are, subsequently, used in
order to describe the training action videos. This is achieved
by calculating the fuzzy similarities between all the human



body pose prototypes and the human body poses appearing
in each training action video. By using such an action video
representation and the person ID and action class labels of
all training action videos, we train two feedforward ANNs,
one for person identification and one for action recognition.
We employ single hidden layer feedforward networks trained
by the, recently proposed, Extreme Learning Machine (ELM)
algorithm to this end. In the case of NC > 1, we exploit the
available labeling information of the training action videos,
in order to train another feedforward network that will be
used in the test phase for networks’ output combination. In
the test phase, given 1 ≤ N ≤ NC action videos depicting an
unknown person performing an unknown action, we obtain N
person ID and N action class classification results, which are
introduced to the classification results combination network in
order to provide the recognized person ID label. By capturing
the human body from different viewing angles, the proposed
method performs view-independent person identification. By
performing classification of each test action video indepen-
dently and, subsequently, combining the obtained classification
results, the proposed method can operate by using different
number of cameras in the training and test phases. Finally,
by incorporating multiple action classes in the recognition
process, the proposed method performs action-independent
person identification.

Compared to our previous works [6], [7], the proposed
method employs an ANN-based person ID and action class
classification results fusion scheme, which can automatically
learn nonlinear dependencies between person ID classes. Fur-
thermore, by employing ANNs for person identification and
action recognition, the method is able to better describe the
nonlinear discrimination structure of the person ID and action
classes, leading to increased person identification performance.

The remaining of the paper is structured as follows. We
describe in detail the proposed method in Section II. Ex-
perimental results on two, publicly available, databases are
illustrated in Section III. Finally, conclusions are drawn in
Section IV.

II. PROPOSED METHOD

In this Section, each step of the proposed person identifica-
tion method is described in detail. The preprocessing steps
performed to both the training and test action videos are
described in Subsection II-A. The action video representation
scheme is presented in Subsection II-B. The ELM network
training procedure for multi-class classification is, briefly,
described in Subsection II-C. Finally, the procedures followed
in both the training and identification phases are presented in
Subsections II-D and II-E, respectively.

A. Action Video Preprocessing

The proposed method operates on binary action videos. In
the case of color action videos, moving object segmentation
[8], or color-based image segmentation techniques [9] are
applied to the color action video frames in order to produce
binary action videos denoting the person’s regions of interest

(ROIs) at each video frame. Depending on the application at
hand, these ROIs may differ. For example, in video surveil-
lance binary action video frames may depict the entire human
body, while in nutrition support applications the ROIs may be
the person’s head and hands.

Binary action video frames are centered to the person’s
ROIs center of mass, cropped to the ROIs bounding box
and resized to produce fixed size (NH × NW pixels) binary
images depicting the human body poses. Example human pose
images are illustrated in Figure 1. Human pose images are,
finally, represented as matrices, which are vectorized in order
to produce the so-called posture vectors. That is, each action
video consisting of Nt video frames is represented by Nt
posture vectors. In our experiments the human pose images
have been vectorized column-wise.

B. SOM-based Action Video Representation

Let V be a video database containing NI action instances
performed by NP persons belonging to one of the NA action
classes forming an action class set A. Each action instance is
depicted in NC action videos captured by all the NC cameras
forming the training camera setup. These action videos are
preprocessed following the procedure described in Subsection
II-A in order to produce

∑NI

i=1

∑NC

j=1Nij posture vectors,
pijk ∈ RNH ·NW , i = 1, ..., NI , j = 1, ..., NC , k = 1, ..., Nij .
We use the notation Nij to denote the number of posture
vectors representing action video of the i-th action instance
captured by camera j, since action videos may vary in
duration. Even the action videos depicting the same action
instance may differ in duration, due to differences in cameras
properties, or synchronization errors.

Training posture vectors pijk are used to determine D
action independent human body pose prototypes without ex-
ploiting the available person ID labels for the training action
videos. We train a Self Organizing Map (SOM) [10] to this end
consisting of D = Nx×Ny neurons. Let wd ∈ RNH ·NW , d =
1, ..., D be the D SOM neurons. Its training procedure involves
two phases:

• Competition: For each of the training posture vectors
pijk, its Euclidean distance from every SOM neuron wd

is calculated. Wining neuron is the one providing the
smallest distance, i.e.:

d∗ = arg min
d
‖ pijk −wd ‖2. (1)

• Co-operation: Each SOM neuron is adapted with respect
to its lateral distance from the winning neuron hd, i.e.:

wd(n+ 1) = wd(n) + η(n)hd(n)(pijk −wd(n)), (2)

where hd(n) is a function of the lateral distance between
the winning neuron d∗ and neuron d, rd∗,d, η(n) is an
adaptation rate parameter and n refers to the algorithms
training iteration. Typical choice of hd(n) is the Gaussian
function hd(n) = exp

(
− r2d∗,d

2σ2(n)

)
.



(a) (b) (c) (d) (e) (f) (g) (h)

Fig. 1. Binary human pose images of eight actions taken from various viewing angles: a) walk, b) run, c) jump in place , d) jump forward, e) wave one
hand, f) eat, g) drink and h) slicing food.

Fig. 2. A 14 × 14 SOM obtained by using action videos depicting eight
persons performing multiple instances of actions walk, run, jump in place,
jump forward and wave one hand.

The optimal SOM parameters are determined by performing
the Leave-One-Instance-Out (LOIO) cross-validation proce-
dure, which involves training the method by using all the
action videos depicting all but one action instances in the
database and testing it on the action videos depicting the
remaining one. This procedure is performed multiple times
(folds), equal to the number of action instances appearing in
the database in order to complete one experiment. Multiple
experiments are performed by using different SOM parameter
values and the optimal values are determined to be those
providing the highest person identification performance.

Figure 2 illustrates a SOM lattice obtained by using action
videos depicting eight persons performing multiple instances
of five action classes. As can be seen, the SOM neurons
correspond to representative human body poses during action
execution. Furthermore, it can be observed that each SOM
neuron captures human body shape properties of different
persons in the database. For example, it can be seen that
neuron {14, L} depicts a female waving her hand from a side
view, while neuron {9, I} depicts a male waving his hand from
a back view.

After the SOM determination, each posture vector pijk
is mapped to the so-called membership vector uijk =
[uijk,1uijk,2...uijk,D]T , which denotes the fuzzy similarity
between pijk with all the wd, according to a fuzzification

parameter m > 1. That is:

uijk,d = (‖ pijk − vd ‖2)−
2

m−1 . (3)

The optimal value of m can be, also, obtained by applying
the LOIO cross validation procedure [11]. Action vectors
sijk ∈ RD are calculated as the mean normalized membership
vectors of the corresponding action videos, i.e.:

sij =
1

Nij

Nij∑
k=1

uijk
‖uijk‖1

. (4)

Finally, training action vectors sij are normalized in order
to have unit norm, zero mean and unit variance. Test action
vectors are normalized accordingly.

C. Extreme Learning Machine

Extreme Learning Machine (ELM) [12] is an efficient al-
gorithm for single hidden layer feedforward network training.
Let xi, i = 1, ..., Nx be a set of training vectors, accompanied
with the corresponding class labels ci ∈ C = {1, ..., C}. In
our case, the training vectors set is the set of action vectors
corresponding to the training action videos, i.e., sij , i =
1, . . . , NI , j = 1, . . . , NC . In ELM, the network’s input
weights Win are randomly chosen, while the output weights
Wout are analytically calculated. The network’s outputs cor-
responding to vector xi, oi = [oi1, ..., oiC ]T , are set equal to
oik = 1 for vectors belonging to class k, i.e., when k = ci,
and oik = −1 otherwise.

Let us assume that the network’s hidden layer consists of
L neurons and that b ∈ RL is a vector containing the hidden
layer neurons bias values, which are randomly chosen as well.
For a given activation function G(), the output õi of the ELM
network corresponding to training vector xi is given by:

õik =

L∑
j=1

WT
out,k G(Win,j , bj ,xi), k = 1, ..., C. (5)

Many activation functions G() can be used for the hidden
layer neurons’ output calculation, such as sigmoid, sine, Gaus-
sian and hard-limiting function. In our experiments we have
used the sigmoid function. That is, in our case:

G(Win,j ,b,xi) =
1

1 + exp−(W
T
in,j xi+bj)

, (6)

where Win,j is the j-th column of Win.
By storing the hidden layer neurons outputs in a matrix

G, the network’s outputs can be written in a matrix form
as Õ = GTWout. Finally, by assuming that the network’s
predicted outputs Õ are equal to the network’s desired outputs



O, Wout can be analytically calculated, i.e., Wout = G†O,
where G† is the Moore-Penrose generalized pseudo-inverse of
GT , i.e., G† =

(
GGT

)−1
G.

Huang et. al. [13] have, recently, proposed a constrained
optimization ELM training procedure, aiming to increase the
generalization properties of ELM network, where Wout can
be calculated by:

Wout = (GGT +
1

Λ
I)−1GOT . (7)

After Wout calculation, a test vector xtest can be introduced
to the ELM network and be classified to the class correspond-
ing to the highest network’s output:

ctest = arg max
k

õtest,k. (8)

D. Training Phase

Let us assume that the action videos appearing in the video
database V have been preprocessed following the procedures
described in Subsections II-A and II-B, resulting to NT = NI ·
NC training action vectors sij , i = 1, ..., NI , j = 1, ..., NC ,
followed by the corresponding person ID and action class
labels hij ∈ {1, ..., NP } and aij ∈ {1, ..., NA}, respectively.
By using sij and hij , we train one ELM network having
LP hidden neurons, that will perform person identification
on action videos. Since action execution style variations may
uniquely characterize persons, action class information will,
probably, help the identification process. This coincides with
the human perception, as humans firstly identify that there is
a person walking, for example, and then they may identify
the person’s ID through his/her body shape and walking style
properties. In order to incorporate the action class information
in the identification process, we exploit the action class labels
aij of the training action vectors sij in order to train a second
ELM network having LA hidden neurons, that will be used
for human action recognition on action videos.

In the case of person identification using a multi-camera
setup, it is expected that a test action instance will be captured
by multiple cameras N ≤ NC and, thus, it will be depicted in
N action videos. Since all these N action videos correspond
to the same action instance performed by the same person,
we would like to combine the person identification and action
recognition results corresponding to all these N action videos,
in order to provide the final identification result. To this end,
we exploit the available labeling information of the training
action vectors sij in order to train a third ELM network, having
LC hidden neurons, that will be used for classification results
combination.

After training the person identification and action recogni-
tion ELM networks, we introduce the training action vectors
sij to both these networks and we obtain their outputs,
õij,h ∈ RNP and õij,a ∈ RNA , i = 1, ..., NI , j = 1, ..., NC ,
respectively. ELM outputs õij,h and õij,a corresponding to the
same action instance are used in order to produce feature vec-
tors qi,h and qi,a corresponding to the mean action instance

ELM outputs, that is:

qi,h =
1

NC

NC∑
j=1

õij,h, (9)

qi,a =
1

NC

NC∑
j=1

õij,a. (10)

qi,h and qi,a are concatenated in order to produce the third
ELM network training vectors, i.e., qi = [qi,h qi,a]T ∈
RNP+NA . By using qi and the corresponding person ID labels
hi, we train the third ELM network for person ID and action
class classification results fusion.

E. Person Identification (test phase)

Let a person appearing in the database V perform an action
instance appearing in the action class set A, which is captured
by N cameras. Clearly, in the case of single-view person
identification N = 1, while in the case of multi-view person
identification N ≤ NC . The case N < NC may appear
either when the test camera setup consists of fewer cameras,
compared to the training camera setup, or when the person
under consideration performs the action outside some cameras
field of view, or when he/she is occluded. The resulted N
action videos are preprocessed by following the procedures
described in Subsections II-A and II-B and N action vectors
stest i, i = 1, ..., N are obtained. These vectors are intro-
duced to the person identification and action recognition ELM
networks and the networks’ outputs, õtest i,h and õtest i,a,
are obtained. In the case of single-view person identification,
the recognized person ID is the one corresponding to the
highest person identification ELM output. In the case of multi-
view person identification, the mean ELM output vectors
qtest,h and qtest,a are calculated and concatenated in order to
produce the feature vector qtest. Finally, qtest is introduced
to the recognition results combination ELM network and the
recognized person ID is the one that corresponds to its highest
output.

III. EXPERIMENTAL RESULTS

In this section we illustrate experiments conducted in order
to assess the performance of the proposed person identifi-
cation method. We have used two publicly available action
databases aiming at different application scenarios. The first
one is a multi-view database containing everyday actions,
while the second one is a single-view database containing
actions appearing in meal intakes. In all the experiments
presented in this Section the following parameter values have
been used: NH = NW = 32, m = 1.1, η(0) = 0.1,
σ(0) =

Nx+Ny

2 . Regarding the optimal ELM regularization
parameter value and number of hidden neurons, they have
been determined by performing grid search using the values
Λ = 10λ, λ = −6, . . . , 6, LP = LA = [100, 250, 500, 1000]
and LC = [50, 100, 200].



Fig. 3. Video frames depicting the person of the i3DPost database captured by four viewing angles during action execution.

A. The i3DPost Database

The i3DPost database [14] contains high resolution (1080×
1920 pixels) videos depicting eight persons. The database
camera setup consists of eight cameras, which were placed
in a ring of 8m diameter at a height of 2m above the studio
floor. Each person performs one or more instances of eight
action classes: ’walk’, ’run’, ’jump in place’, ’jump forward’,
’bend’, ’sit’, ’fall’ and ’wave one hand’.

The LOIO cross-validation procedure has been performed
to the i3DPost database by using the action videos belonging
to action classes that contain more than one instances per
person. That is, the action videos used in our experiments
belong to one of the following action classes: ’walk’, ’run’,
’jump in place’, ’jump forward’ and ’wave one hand’. Actions
’bend’, ’sit’ and ’fall’ were not used as each person performs
these actions once. Binary action videos have been created
by applying a color based image segmentation technique
discarding the blue background. In these experiments, the
entire human body is used to describe the human body poses.
Example action video frames depicting all the persons of
the database captured by four different viewing angles are
illustrated in Figure 3.

In our first set of experiments, we have performed the LOIO
cross-validation procedure by using different SOM topologies
and all the eight cameras of the database in both training and
test phases, i.e., N = NC = 8. The optimal SOM topology
was found to be equal to Nx = Ny = 14, which provided
a person identification rate equal to 95.63%. The confusion
matrix of this experiment is illustrated in Figure 4.

In a second set of experiments we tried to simulate the
cases of different cameras setups between the training and test
phases, as well as the cases of person occlusion in one or more
cameras in the test phase. To this end, we performed the LOIO
cross-validation procedure multiple times by using different
numbers of cameras in the test phase. That is, during one
experiment, the algorithm was trained by using all the eight
cameras in the database. In the test phase, only N < NC , ran-
domly chosen, action videos were used to identify the depicted
person. By using only one camera N = 1, an identification

Fig. 4. Confusion matrix on the i3DPost database.

rate equal to 73.125% has been obtained. By using N = 2
and N = 3 cameras during the test phase, identification rates
equal to 80.% and 81.25% have been obtained. In Table I, we
compare the performance of the proposed method with the
methods in [7], [6] for different numbers of test cameras. As
can be seen, by using only one camera in the test phase, i.e.,
when N = 1, the person identification rates are, relatively,
low. This is closely related to the viewing angle effect, since
it is possible that one person when captured from one viewing
angle performing one action will be similar to another person
captured from another camera performing the same or another
action. By using a higher number of cameras during testing,
the viewing angle effect is better addressed and, thus, higher
person identification rates are obtained. Furthermore, in this
Table, it can be seen that the use of nonlinear classification
and classification results fusion schemes can better describe
person ID, as well as, action classes, leading to increased, up
to 9.46%, person identification performance.

B. The AIIA-MOBISERV Database

The AIIA-MOBISERV database [15], [16] contains low
resolution (640×480 pixels) videos depicting twelve persons.



Fig. 5. Video frames depicting six persons of the AIIA-MOBISERV database during a meal.

TABLE I
COMPARISON RESULTS IN THE I3DPOST DATABASE FOR DIFFERENT

NUMBERS OF CAMERAS N

N 1 2 3 8
Method [6] − − − 94.37%
Method [7] 71.68% 70.54% 80.26% 94.34%
Proposed Method 73.125% 80% 81.25% 95.63%

Fig. 6. Confusion matrix on the AIIA-MOBISERV database.

A camera was placed at a distance of 2m in front of them
during a meal. Four meals (instances) were recorded for all
the persons, each for a different day. The persons perform
multiple iterations of the following actions: ’eat’, ’drink’ and
’apraxia’. These actions contain several sub-actions. That is,
the persons eat using a spoon, a fork, or their hands. The
persons can drink from a cup or a glass. Finally, action class
’apraxia’ contains actions ’slicing food’ and ’rest’.

The LOIO cross-validation procedure has been performed
to the AIIA-MOBISERV database by using the action videos
depicting the persons eating using a fork and drinking from
a cup. In this case, the human body ROIs were determined
to be the human body skin regions, i.e., his/her head and
hands. Binary action videos have been created by applying a

color-based image segmentation technique on the action video
frames [9]. Example action video frames depicting six of the
persons of the database are illustrated in Figure 5.

The LOIO cross-validation procedure has been performed
multiple times by using different SOM topologies. A person
identification rate equal to 89.67% has been obtained by using
a 15 × 15 SOM. The confusion matrix of this experiment is
illustrated in Figure 6. Similar to the i3DPost case, it can
be seen that nonlinear classification and fusion schemes can
better describe the nonlinear structure of person ID and action
classes, since the proposed method outperforms the method in
[7], which achieved a person identification performance equal
to 87.83%.

IV. CONCLUSION

In this paper, we presented a person identification method
exploiting human motion information, based on fuzzy action
video representation and ANN based action video classifica-
tion. Action videos are represented by the fuzzy similarity
between the human body poses appearing in them and rep-
resentative human body poses determined by training a self
organizing network. Feedforward networks are responsible for
action video classification. The combination of multiple person
identification and action recognition results corresponding to
the same action instance captured by different viewing angles
leads to view-independent person identification with high
identification rates. The proposed method can be applied to
different application scenarios without any modification.
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ABSTRACT
A novel appearance-based method for visual object tracking
of rigid objects with pose variations and small scale and 2-
dimensional rotation changes is proposed. The algorithm em-
ploys a bank of Gabor filters for computing the salient object
features, which represent the object model. In each frame,
candidate objects of a search region are extracted randomly,
following a 2-dimensional Gaussian distribution. The object
in the current frame is the candidate object whose cosine sim-
ilarity to the detected object in the first frame and the object
instance in a previous frame where significant change in the
object appearance was last observed is maximal.

Index Terms— visual object tracking, local steering ker-
nels, Gabor filters

1. INTRODUCTION

By visual object tracking we define the challenging task of
extracting the trajectory of a moving object in a video, by ex-
ploiting information obtained from the video content without
the use of any sensor data. Tracking algorithms should be able
to handle a number of factors which affect the tracking per-
formance, such as changes in the lighting conditions of the
video, rapid and non-smooth object movements, noise, etc.
Depending on the object representation method, the tracking
algorithms can be divided into four broad categories:

• Model-based algorithms [1], which use 3-dimensional
description models of the object,

• Appearance-based algorithms [2], which employ 2-
dimensional description models of the object texture,

• Contour-based algorithms [3], which perform object
tracking by identifying the object contour, and

• Feature-based algorithms [4], which identify and track
the object salient features.

The research leading to these results has received funding
from the Collaborative European Project MOBISERV FP7-248434
(http://www.mobiserv.eu), An Integrated Intelligent Home Environment for
the Provision of Health, Nutrition and Mobility Services to the Elderly.

Furthermore, there exist hybrid tracking algorithms which
combine more than one object representation methods [5].
Most of the tracking algorithms, including the proposed one,
employ appearance-based representations of the object, as
they are more simple and require less computations than
other methods.

Visual object tracking is a fundamental tool in video con-
tent analysis, as it enables the study of the motion of the en-
tities (i.e., objects, humans) which appear in a video which,
consequently, leads to the extraction of high level descriptions
for the content of the video. For example, human activity
recognition can be performed by analyzing the trajectories of
human body parts, the trajectories of auxiliary objects which
take part in an activity, or the relevant position between more
than one objects of interest which characterize an activity. In
this notion, eating and drinking activity recognition may be
performed by analyzing the trajectories of the human hands
during food intake, the trajectories of kitchen utensils used
for eating and drinking (e.g. glass, fork, etc.), or the relevant
position between the hands and the face.

In this paper, a novel algorithm is introduced for tracking
rigid objects in videos. The objective of the proposed algo-
rithm is to be used in an automatic nutrition support system
for eating and drinking activity recognition. Therefore, the
algorithm was tested in videos depicting meal sessions of hu-
mans. Experimental results showed that the proposed method
is successful in tracking rigid objects which perform smooth
movements with changes in the view angle, 2-dimensional ro-
tations and small changes in scale.

2. PROBLEM STATEMENT

Dementia is a syndrome which affects a high percentage of
the geriatric population over the age of 65, which causes ei-
ther a static or a progressive loss of the patient’s cognitive
ability. At an early stage, dementia may cause deterioration
of the nerves, apraxia (i.e. loss of the patient’s ability to use
tools) and agnosia (i.e. loss of the patient’s ability to identify
other persons, objects, smells, sounds, or shapes). As a re-
sult, the patients lose the ability of executing activities of day



living, such as eating and drinking, by themselves. In order
to prevent dehydration and underfeeding of patients suffering
from early stage of dementia, the development of a monitor-
ing system is required, which detects the time instances when
the patient eats or drinks and measures their duration. If the
system detects that the patient hasn’t eaten or drunk anything
in a certain period of time, a robotic unit reminds him to eat
or drink. The monitoring system should process only visual
data obtained by surveillance cameras, as body warn sensors
or markers on the patient’s hands and face may cause distur-
bance to the patient.

3. LOCAL STEERING KERNEL DESCRIPTORS

Locals Steering Kernels (LSKs) [6] are descriptors of the
salient features of an image, which represent how similar
a pixel is with its surrounding pixels in a locally defined
P ×P window, by taking into account both their illumination
difference (their pixel value) and the distance between the
neighboring pixels:

K(pl − p) =

√
det(Cl)

2π · exp
{
− (pl−p)TCl(pl−p)

2

}
,

l = 1, . . . , P 2, (1)

where p denotes the image pixel coordinates, pl denotes the
neighboring pixels coordinates, and Cl is a covariance matrix,
which is estimated from the matrix Jl:

Jl =

 zx(p1) zy(p1)
...

...
zx(pP 2) zy(pP 2)

 , (2)

which consists of the gradient vectors of the image in a P ×P
window around pl, by applying SVD according to equations
(3)-(5) [7]:

Jl = Ul ·
[

s1 0
0 s2

]
·
[

vT
1

vT
2

]
l

. (3)

Cl = γ

2∑
q=1

a2qvqv
T
q , (4)

a1 =
s1 + 1

s2 + 1
, a2 =

s2 + 1

s1 + 1
, γ =

(
s1s2 + 10−7

P 2

)a

. (5)

In equation (2), z(p) = [zx(p), zy(p)]
T denotes the image

gradient vector along x and y axes at the position p, while in
equations (5), a is a parameter that restricts γ. In our experi-
ments a takes the value 0.008.

4. LSK COMPUTATION VIA A BANK OF GABOR
FILTERS

Gabor filters are band-pass filters, widely used in image pro-
cessing for edge detection, therefore they can be used for es-
timating the gradient vector of an image along some direction
φ. In the 2-D space, a Gabor filter is defined as a complex
sinusoid s(x, y) (i.e. the carrier) modulated by a Gaussian
kernel function g(x, y) (i.e. the envelope) [8]:

f(x, y) = s(x, y) · g(x, y), (6)

where the Gaussian kernel function is defined as:

g(x, y) =
K2

σ2
exp

(
−K2(x2 + y2)

2σ2

)
(7)

and the complex sinusoid is given by:

s(x, y) = exp (jK(x cosφ+ y sinφ))− exp (−σ2/2). (8)

In equations (7), (8) K/2 denotes the magnitude and φ de-
notes the direction of the spatial frequency, while σ2 is a scal-
ing parameter.

A bank of 12 Gabor filters with 4 orientations (0, 45, 90
and 135 degrees) and 3 scales may be used in order to com-
pute the LSK descriptors given by (1) as follows. At first, we
average the responses of the Gabor filters with the same orien-
tation and different scales. Let us consider the averaged filter
responses at 0 and 90 degrees as the image gradient vectors
of (2) along x and y-axes, respectively. In the same notion,
the averaged filter responses at φ and φ + 90 degrees (in our
case 45 and 135 degrees) can be considered as the image gra-
dient vectors z in the rotated by φ degrees coordinate system.
Therefore, the LSK descriptors (1) in the rotated coordinate
system will be given by:

Kφ(pl − p) =

√
det(Cl)

2π exp

{
− (pl−p)TRT

φClRφ(pl−p)

2

}
,

l = 1, . . . , P 2, (9)

where Rφ is the rotation matrix

Rφ =

[
cosφ − sinφ
sinφ cosφ

]
, (10)

and Cl is given by equations (2)-(4). It is straightforward to
show that equation (1) is derived by equation (9) for φ = 0.

5. THE PROPOSED TRACKING FRAMEWORK

The proposed method performs object tracking in a video
by employing the modified locally adaptive regression kernel
descriptors first introduced in [6] for object representation.
The algorithm computes the similarity of candidate objects
(patches) in a search region T ∈ ℜMx×My of the target frame



with the object instance in the first frame (initial query im-
age I ∈ ℜNx×Ny ) and the object instance in a previous frame
(query image Q ∈ ℜNx×Ny ), where significant change in the
object appearance was last observed. The size of the candi-
date objects is equal to the size of the query object and the ini-
tial query object. The proposed algorithm starts by initializa-
tion of the position of the object at the initial video frame. The
object initialization can be achieved in two ways: automati-
cally, by using an object detection algorithm, or manually, by
inserting the object coordinates in the initial frame. Then, the
algorithm executes the following three iterative steps. In the
first step, the 1st order Kalman filter is applied for predicting
the new object position, the new search region is determined
and the candidate objects are initialized. In the second step,
the local steering kernel descriptors of the initial query im-
age, the query image, and the candidate objects are extracted.
Finally, the similarities of the candidate objects to the initial
query image and the query image are calculated and exploited
in order to determine the new position of the object.

5.1. Candidate objects selection

In this step, the object position is predicted through the 1st

order Kalman filter. Given that xt = [px, py, dx, dy]
T is the

state of the object at frame t, the position x̂t+1 of the object
at frame t + 1 is estimated from the motion state estimation
model xt+1 = Axt + nt according to the equations:

x̂t+1 = Ax̂t, (11)
P̂t+1 = AP̂tA

T +Qs, (12)

and the measurement model zt+1 = Hxt+1+vt+1 is adjusted
according to the equations:

Kt+1 = P̂tH
T (HP̂tH

T +Qm)−1 (13)
x̂t+1 = x̂t +Kt+1(zt+1 −Hx̂t+1) (14)
Pt+1 = (I−Kt+1H)Pt+1, (15)

where A is the transition matrix of the system, nt is the pro-
cess noise with covariance matrix Qs, P̂t is the error covari-
ance matrix, zt = [px, py]

T is the system measurement, H
is the measurement matrix, vt is the measurement noise with
covariance matrix Qm, and Kt is the Kalman gain.

The search region in frame t is then defined around x̂t+1

with size Mx × My = fNx × fNy, where f is a factor
which determines the search region size. The value of f de-
pends on the maximum velocity of the object and it should
be large enough to keep track on the object in the selected
search region. Finally, a candidate objects Yt+1 are selected
randomly, according to:

Yt+1 =
{
y1
t+1, . . . ,y

a
t+1

}
∼ N(x̂t+1, σ), (16)

σ = diag[Mx/4,My/4]. In out experiments we set a = 150.

5.2. Salient features extraction

The salient feature of the initial query image, the query image,
and the search region are extracted from equation (9) for φ
equal to 0 and 45 degrees. For an image pixel p, equation
(9) is computed for each neighboring pixel pl, l = 1, . . . , P 2,
meaning that for each image pixel we export two LSK feature
vectors K0(p),K45(p) ∈ ℜP 2×1. The final feature vector is
extracted by concatenating the two feature vectors:

K(p) = [K0(p)
TK45(p)

T ]T ∈ ℜ2P 2×1. (17)

The resulting LSK feature vector becomes invariant to bright-
ness and contrast changes by using L-1 normalization:

N(p) =
K(p)∑2P 2

l=1 |K(pl − p)|
∈ ℜ2P 2×1. (18)

Finally, the LSK feature vectors of the n = NxNy pixels of
the query image, the initial query image and the candidate
objects are ordered column-wise to form the LSK feature ma-
trices NQ ∈ ℜ2P 2×n, NI ∈ ℜ2P 2×n and Nyi ∈ ℜ2P 2×n,
i = 1, . . . , a, respectively.

5.3. Similarity measure and decision extraction

After extracting the LSK feature matrices NQ, NI , Nyi ∈
ℜ2P 2×n, i = 1, . . . , a, we measure the similarity of the can-
didate objects to the query image and the initial query image.
At first, we proceed to dimensionality reduction of the initial
query image by PCA, producing the matrix FI = AINI ∈
ℜd×n, where AI ∈ ℜd×2P 2

is the projection matrix. In our
experiments we set d = 3. The LSK feature matrices NQ,
Nyi , i = 1, . . . , a of the query image and the candidate ob-
jects are then projected to the space created by the projection
matrix as follows:

FQ = AINQ ∈ ℜd×n, Fyi = AINyi ∈ ℜd×n. (19)

Then, the similarity of the candidate objects to the query im-
age and the initial query image is estimated by the cosine sim-
ilarity:

sQi = s(FQ,Fyi), sIi = s(FI ,Fyi), i = 1, . . . , a, (20)

where

s(F1,F2) =

n,d∑
l=1,j=1

F1(l, j)F2(l, j)√∑n,d
l=1,j=1 |F1(l, j)|2

∑n,d
l=1,j=1 |F2(l, j)|2

,

(21)
and F1(l, j), F2(l, j) denote the (l, j) elements of matrices
F1 and F2 respectively. The final decision for the new object
position in frame t+ 1 is taken by:

pt+1 = argmaxyi {sQi, sIi} . (22)



If the maximum similarity of the detected object at frame t+1
is smaller that the 80% of the maximum similarity at frame t,
then a significant change in the object appearance is detected,
and the detected object at frame t + 1 is considered the new
query image Q.

6. EXPERIMENTAL RESULTS

The performance of the proposed tracking algorithm was
tested on videos depicting eating and drinking activities from
the MOBISERV/AIIA eating and drinking activity recogni-
tion database [9]. The database consists of videos depicting
12 subjects, 6 male and 6 female, during 4 meal sessions,
recorded in 4 different days. In each session, the subject eats
and drinks in all possible ways: he eats with a spoon, or a
fork, or knife and fork, or with one hand, or with both hands;
he drinks from a cup, or a glass, or a glass with a straw. The
ultimate goal is to recognize the motion patterns which take
part in eating and drinking activities, so that later they will be
exploited in a nutrition support system. More precisely, eat-
ing activity can be identified by the up and down movement
of the hands during bites and/or their relevant distance from
the person’s face. In the same notion, drinking activity can be
characterized by the trajectory of the auxiliary utensil which
takes part in the activity (i.e. the glass) and/or the relevant dis-
tance between the glass and the head. Moreover, the motion
patterns of the head during eating and drinking can also be
examined through profile-face tracking or, equivalently, ear
tracking. Therefore the algorithm performance was tested on
tracking the glass and the face during drinking activity, and
the hand, the face and the ear during a meal. The glass-face
tracking experiment was performed in a video captured by
the frontal camera, where the view of the objects of interest is
optimal. The hand-face tracking experiment was performed
in a video captured by the upper-frontal camera, where there
is no hand occlusion. Finally, the ear tracking experiment
was performed in the video captured by the profile camera,
which best captures the vertical head movement.

Experimental results are shown in Figure 1. The proposed
algorithm is compared to the state-of-the-art appearance-
based tracking method [10] (called FT tracker) which is based
on integral histograms. The tracking results of the proposed
algorithm and the FT tracker are depicted with green (first
row) and yellow (second row) bounding boxes, respectively.
In Figure 1a) we notice that the proposed framework tracks
successfully the transparent rigid object (the glass) and the
tracking performance is more stable than the one of the FT
tracker. In the case of face tracking, the performance of both
methods is equivalent. Figure 1b) shows that, the proposed
method tracks successfully the hand during the meal, despite
the changes in the hand appearance. On the other hand,
the FT tracker looses track of the hand during the drink-up
activity. The face tracking in the upper-frontal camera is
successful in both methods, however the proposed algorithm

performance is more stable. Finally, in Figure 1c) we notice
that, the proposed tracker is able to track rigid objects with
color similar to the background, in contrast to the FT tracker,
which is based on color information and, therefore, looses
track of the human ear.

7. CONCLUSION

In this paper we presented a novel appearance-based method
for visual object tracking which employs local steering ker-
nels estimated from a bank of Gabor filters for image repre-
sentation. Experimental results showed the effectiveness of
the proposed tracking scheme in tracking successfully any
rigid object under pose variations and small changes in scale
and 2-d angle and its superiority against a state-of-the-art
method. The objective of the proposed tracking scheme is to
be used in an automatic nutrition assistance framework.
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Fig. 1. Tracking results in videos depicting eating and drinking activities
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ABSTRACT

In this paper, a new framework for facial expression recogni-
tion is presented. A Support Vector Machine (SVM) variant
is proposed, which makes use of robust statistics. We inves-
tigate the use of statistically robust location and dispersion
estimators, in order to enhance the performance of a facial
expression recognition algorithm by using the support vector
machines. The efficiency of the proposed method is tested for
two-class and multi-class classification problems. In addition
to the experiments conducted in facial expression database
we also conducted experiments on classification databases to
provide evidence that our method outperforms state of the art
methods.

1. INTRODUCTION

Recent advances in image and video processing are often ori-
ented towards human centered analysis of the image content.
Face is perhaps the most important element of the human
body since it is the basic means through which humans recog-
nize other humans. Moreover the face and its expressions are
the main channels humans use to communicate their feelings.
Many algorithms have been built in order to detect, track and
recognize human faces. In [1], Ekman has established, under
an anthropological investigation, six main facial expressions
which are used in order to communicate emotions between
humans. Those are until now considered as the most inter
racially interpretable facial expressions. Most of the efforts
in facial expression recognition are targeted at recognizing
those six facial expressions or a subset of them. These ex-
pressions, which stem from the early years of homo sapiens,
where evolved due to the need of communication between
humans before spoken language development and are used
until now but in a different context and more or less subcon-
sciously. Those six facial expressions are related to the emo-
tions of anger, surprise, happiness, disgust, fear and sadness

The research leading to these results has received funding from the Euro-
pean Community’s Seventh Framework Programme (FP7/2007-2013) under
grant agreement no 248434 (MOBISERV)

[1]. Often in facial expression recognition, a seventh class is
considered which models the neutral face.

The most recent and successful classification methods are
the margin machines (MMs) [2], which maximize the margin
between the data and the empirically calculated separation hy-
perplane. Support vector machines (SVMs) are a special case
of MMs that achieve good classification performance. In the
SVMs framework a maximization of the margin of the planes
separating different classes is performed. In a later version of
the SVMs in [3], the Fisher ratio was used in the SVM op-
timization problem, in a way, that the classes dispersion will
be taken into account, and thus, achieve a more accurate cal-
culation of the separation hyperplanes (i.e. the support vec-
tors). In [2], it is noted that a slight affine data transformation
can produce major changes in the SVM classification perfor-
mance. To overcome such a problem, the dispersion of the
data in the SVM framework can be used. However, when first
and second order statistics are used in order to calculate the
dispersion and the location of the data, an assumption is made
on the data that in order for the estimator to be optimal, the
data need to follow the Gaussian distribution. Alas, this is not
always true. Based on these two remarks, a trade off between
standard and dispersion-based SVMs was proposed in [2].

It is well known, that data dispersion estimators suffer
in the presence of outliers [4]. Sample covariance estima-
tion may vastly degenerate in the presence of only one out-
lier. Many approaches exist, which deal with data outliers
[5]. Their main goal is, firstly, to find a robust location and/or
dispersion estimator with high breakdown value (i.e., the per-
centage of outlying samples that the estimator can tolerate)
and, secondly, to construct an estimator possessing the affine
equivariance property [4]. A good survey for multivariate ro-
bust estimators can be found in [4]. The minimum covariance
determinant (MCD) estimator, is a robust dispersion estima-
tor proposed in [6].

The novelty of this paper consists mainly of the integra-
tion of robust covariance estimators in the SVM optimiza-
tion problem for both two class and multi-class problems. We
shall prove that the use of robust statistics can be applied in
such a framework, only under the affine equivariance property

978-1-4673-1026-0/12/$31.00 c⃝2012 IEEE



of the dispersion and location estimation.
The paper is organized as follows. The SVM optimization

problem is outlined in Section 2. The integration of robust
dispersion estimator is presented and the corresponding SVM
optimization problem is solved in Section 3. In Section 4,
the multi-class version is presented. Experimental results are
shown and discussed in Section 5.

2. PROBLEM STATEMENT

Support Vector Machines (SVMs) is a classification tech-
nique used with great success in many application areas. In
a two-class classification problem, it is defined as follows:
let {(x1, y1), (x2, y2), ..., (xN , yN )} with xi, be a set of N
labeled d-dimensional vectors ∈ Rd and their corresponding
labels yi ∈ {−1, 1}, i = [1, .., N ]. The aim is to find an
optimal separation hyperplane in Rd, which can separate the
two-class data with a maximum margin. Formally, the SVM
is derived by solving the following optimization problem [7]:

min
w,b

1

2
wTw, (1)

subject to

yi(w
Txi + b) ≥ 1 ,with i = 1, .., N, (2)

where w, b are the normal vector and the corresponding bias
term of the SVM hyperplane. Throughout the paper, we have
omitted proofs with error bounds (slack variables) for bet-
ter equation readability and consequently of the paper, since
all proofs that follow can be easily transformed to integrate
slack variables. The slack variables trick is straightforward
and does not alter in any way our results. However, we have
to mention that it has some well known implication on the
Lagrange multipliers, which, in the case of non separable
classes, will be bounded from above by a positive constant
[7]. In [3], the authors, inspired from the Fisher discriminant
ratio [8], proposed its integration in the SVM optimization
problem, by modifying (1) as:

min
w,b

wTSww. (3)

The minimization of (3) subject to (2) leads to the so-called
minimum covariance SVMs (MCVSVMs), where Sw is the
intra-scatter matrix, as defined in [3].

In our approach, we modify the SVM optimization prob-
lem (3) using the MCD estimator in order to handle outlying
training data in a more systematic way. Moreover, the use of
MCD assumes only that the data follow an elliptical distri-
bution, which is a much larger class of distributions than the
Gaussians ones. This relaxes the Gaussian assumption in [2]
to the more general elliptical distributions.

The general SVM optimization can be written as follows:

min
w,b

wTAw (4)

with the same separability criterion as in (2), where A is a
dispersion matrix of the initial data, e.g. the intra-scatter ma-
trix [3], or a whitening operator [2], or MCD (in our case). It
can be solved using the Lagrangian function:

L(A,w, b,α) = wTAw −
N∑
i=1

αiyi(w
T
i xi + b− 1), (5)

its gradient with respect to w must be equal to 0:

∂L(A,w, b,α)

∂w
= 2Aw −

N∑
i=1

αiyixi = 0, (6)

in order to find the optimal hyperplane wo, assuming that A
is non singular:

wo =
1

2
A−1

N∑
i=1

αi,oyixi, (7)

where αi,o are the Lagrange multipliers for the optimal solu-
tion that can be found by the dual problem defined as:

max
α

N∑
i=1

αi −
1

2

N∑
i=1

N∑
j=1

αiαjyiyjx
T
i A

−1xj , (8)

subject to the constraints:

N∑
i=1

αiyi = 0 and αi ≥ 0. (9)

By writing (8) in a matrix form, we obtain:

max
α

αT1− 1

2
αTGα, (10)

where G, the matrix with elements Gij =
1
2αiαjyiyjx

T
i A

−1xj

and 1 is a vector containing ones. By comparing the dual of
the SVM optimization problem (8) with the one in the stan-
dard case, we deduce that samples xi can be transformed
with the use of A. In the standard SVM formulation, the
matrix G′ is used with elements G′

ij = 1
2αiαjyiyjx

T
i xj . By

comparing G, G′ we see that samples xi can be transformed
as:

x′
i = A− 1

2xi, (11)

where x′
i the transformed samples. The criterion of the dual

problem is derived from the well known Karush-Kuhn-Tucker
conditions (KKT) [9]. These conditions imply that, for a sad-
dle point, the followings equations must hold:

∇wL|w=wo = 0

∂L
∂b

|b=bo = 0

αi,o ≥ 0, bi,o ≥ 0 (12)



Finally, the optimal separation hyperplane parameter bo can
be easily deduced by averaging equation (2) for all support
vectors xi, i ∈ D = {i : ao,i > 0}:

bo =
1

N

∑
i∈D

(yi −
1

2

N∑
j=1

yjαjx
T
j A

−1xi) (13)

As can be seen in (7), matrix A must be non singular. This
constraint, though, is very restrictive in many problems espe-
cially in image processing due to the so-called “curse of di-
mensionality”, when we have less training samples than data
dimensions. We shall see later on, in detail, how to overcome
this issue in the proposed SVM scheme. A second more sub-
tle constraint for A is that it has to operate in the same way
on both the data as well as on their projections, in order to be
able to formulate the SVM optimization problem as in (4) and
minimize the robust dispersion of the projected samples. This
interpretation summarizes in that in the projective space the
data dispersion needs to be optimized through the SVM op-
timization problem. If affine equivariance does not hold for
the dispersion estimator, the corresponding criterion does not
represents the robustly estimated projected data dispersion.
A is an affine equivariant estimator of the data dispersion [4],
if it can be properly transformed under data rotation, transla-
tion and scaling. Let S(·), m(·) be a dispersion and location
estimator respectively, S(·), m(·) are affine equivariant iff :

m(RX+ t) = Rm(X) + t (14)
S(RX+ t) = RS(X)RT , (15)

where R, t, are arbitrary rotation matrix and translation vec-
tor, respectively, while X denotes the matrix of all samples
xi, i = 1, .., N . Then the estimator holds its properties in the
projection plane. Unfortunately, most of the univariate robust
estimators for location and dispersion are not affine equivari-
ant in their multivariate form. In our case, we shall use the
MCD covariance estimator, due to its high breakdown value,
in comparison to other covariance estimators and the fact that
it has the affine equivariance property. Then we shall integrate
it to the support vector minimization problem (4).

3. MCVSVM WITH ROBUST STATISTICS
(ROBMCVSVM)

The minimum covariance determinant dispersion and location
estimator finds the subset E ⊆ X , that has a covariance matrix
with minimal determinant among all possible subsets of X
[6]. Therefore, the sample covariance matrix and the sample
mean of this subset E are returned as dispersion and location
estimations of the original data.

Although MCD calculation is proven to be NP-hard , a
fast version has been proposed in [10]. Since then, MCD has

attracted a lot of attention. In the case of RobMCVSVM, the
inner-class scatter matrix AR is defined as :

AR =
K∑

k=1

MCD(Ck), (16)

where Ck is the subset of X containing samples from the k-th
class, K the total number of classes and MCD(Ck) is the ro-
bustly estimated dispersion of class k calculated by the MCD
estimator. It is straightforward to apply AR to the SVM min-
imization problem as in (4).There is a subtle difference be-
tween outlier trimming before using MCVSVM and RobM-
CVSVM. The latter uses equation (16) for robust dispersion
estimation and therefore uses all the samples in (8), whereas
outlier trimming followed by MCVSVM can possibly results
in support vectors trimming since true support vectors are in
class periphery and tend to outlay. Therefore, it can be eas-
ily guessed that outlying samples are probable candidates for
support vectors. Therefore, their exclusion may lead in recog-
nition accuracy drop.

3.1. The “curse” of dimensionality

One often refers to the “curse” of dimensionality for cases,
where the number of training samples is less than the data
dimension. Its implication is the singularity of the sample
covariance matrix. A typical way to tackle such problems is
the use of dimensionality reduction methods such as Principal
Components Analysis (PCA). In [11], the authors prove that
an equivalent minimization problem can be deduced through
PCA projections, which subsequently leads to the optimal
separating hyperplanes. Since PCA uses the non-robust sam-
ple covariance matrix, in the case of robust SVMs, we pro-
pose to use a robust version of PCA [12]. Therein, a MCD-
based calculation of PCA is proposed, with an additional cri-
terion of a projection pursuit calculated mean, firstly proposed
in [13]. Therefore, RobMVCSVM can be calculated effi-
ciently using (16).

4. MULTICLASS ROBUST SUPPORT VECTOR
MACHINES

In the case of multi-class SVMs, the minimization problem is
defined so that all separation hyperplanes are integrated in the
same minimization problem. Let (x1, l1), (x2, l2), .., (xN , lN )
be the training data having labels li ∈ [1, ..,K] where K is
the total number of data classes. A general formulation of the
multi-class SVMs is:

min
wk,bk

K∑
k=1

1

2
wT

k wk, (17)



subject to the constraints:

(wT
lixi + bli) ≥ (wT

k xi + bk),

i = 1, .., N,

k = 1, ..,K,

To solve the multi-class SVM minimization problem we
make use of the Lagrangian, which can be defined as in the
case of two classes. However, in this case, all wk are in-
volved. In [14], the minimization problem (17) was enriched
with the data dispersion information in the same manner as
in [11], with the exception that multi-class SVMs were con-
sidered. Therein, the minimization problem for multi-class
SVMs is solved and decision functions are extracted for the
multi-class case. The minimization problem takes the form:

min
wk,bk

K∑
k=1

wT
k Swwk, (18)

s.t.

(wT
lixi + bli) ≥ (wT

k xi + bk)− 2

i = 1, .., N

k = 1, ..,K,

where Sw defined as in [3]. In the case of RobMCVSVM, the
application is straightforward by simply using equation (16)
to calculate AR in the place of Sw.

5. EXPERIMENTAL RESULTS

We performed experiments in publicly available databases for
classification benchmarking to show that on these databases
our method outperforms other SVM variants. Moreover, we
have conducted facial expression recognition experiments, on
the Cohn-Kanade [15] database. We have used the libsvm
software in all our experiments, a very efficient SVM imple-
mentation [16].

5.1. Experiments with Standard Classification Databases

For these experiments, we have used the publicly available
datasets from the machine learning repository of University
of California Irvine (UCI) [17]. More precisely, we have used
the wine, statlog and iris datasets. For the wine and iris dataset
5-fold cross validation has been performed, while for the stat-
log dataset, there is an already provided training and testing
dataset. The wine dataset consists of 178 samples of dimen-
sion 13 and 3 different classes of wines. The iris dataset has
150 samples of dimension 4 and 3 different classes. Finally,
statlog is a set of satellite images with 6435 samples of dimen-
sion 35. From this dataset, 4435 samples are used for training
and the rest 2000 are used for testing. Overall, 6 different
classes are contained in the statlog dataset. Classification re-
sults from these datasets for different classifiers are shown in
Table 1.

Table 1. Classification accuracy on various classification
databases for RobMCVSVMs, MCVSVMs and SVMs.

wine iris statlog
RobMCVSVMs 97% 97.2% 84.1%

MCVSVMs 96.6% 96% 81.65%
SVMs 95.5% 95.3% 83.75%

Fig. 1. Samples of the Cohn-Kanade database.

5.2. Experiments on Facial Expression Recognition

We have performed facial expression recognition on Cohn-
Kanade [15] database using previously mentioned SVM vari-
ants. The Cohn-Kanade database is a video database of fa-
cial expressions. We have extracted 407 different facial ex-
pression images (with different number of entries in each fa-
cial expression class) from 100 different individuals. In this
database, people vary in age, race and sex. Sample facial im-
ages of the database are illustrated in Figure 1.

We have conducted a person-out based five fold cross val-
idation. More specifically, we exclude 20% of the individuals
present in the database and therefore we train our classifiers
with the remaining 80% of the individuals and test with the
excluded set. Moreover, based on the work in [18], we have
used the so called enriched database. It consists of manu-
ally adding translated images into the training set in order
to enrich it. Experiments in [18], have proven that this ap-
proach does ameliorate the classification rates with respect
to the original training datasets. Even in this case though,
the person-out rule is followed. That is, transformed images
of the excluded 20% individuals are also excluded from the
training set in each fold of the cross-validation.

Due to the high data dimensionality (1200 dimensions for
each image) we first perform PCA and retain 94% of the total
energy for the enriched dataset. This results in a lower data
dimensionality, since only 70 dimensions are retained. PCA,
though, is very sensitive to outliers and, therefore, our robust
SVMs cannot be compared in a fair way. For this reason, we
use ROBPCA, a robust version of the PCA [13].

For the simple case, where only the original datasets are
used, the performed principal components analysis must be
more restricted. Only 80% of the total energy may be re-



Table 2. Person out 5-fold cross validation results for the
Cohn-Kanade [15] database.

Cohn-Kanade [15]
RobMCVSVMs 67.45%
MCVSVMs [3] 63.40%

SVMs 62.15%

tained, due to MCD calculation inside every class, since the
number of samples therein should be at least twice the data
dimension [10]. For instance, in Cohn-Kanade the cardinal-
ity of the class “Anger” in a five fold cross-validation pro-
cess does not exceed 34, which limits the dimensionality to
at most 17. This drawback, cannot be attributed to the pro-
posed method, but rather to the small size of the database. In
real situations, at least for the training set, one should create
a convenient training dataset.

Classification accuracies, for all the above mentioned ex-
periments, are illustrated in Table 2. It is clear that in all cases,
the RobMCVSVM method outperforms all other ones. Com-
pared with the other classifiers, we conclude that using robust
covariance matrix calculation and a class specific approach,
boosts the SVMs performance in facial expression recogni-
tion.

6. CONCLUSIONS

A novel robust SVM framework has been proposed in this pa-
per. The use of robust statistics in the calculation of the data
dispersion provides better classification results in facial ex-
pression recognition. Thorough benchmarking we provided
evidence that the proposed method performs better than pre-
viously published methods in various classification tasks.
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Maximum Margin Random Projection Subspace
Pursuit

Symeon Nikitidis, Anastasios Tefas and Ioannis Pitas

Abstract—We propose a novel dimensionality reduction
method called Maximum Margin Random Projections, which
aims to identify a low dimensional projection subspace, where
samples form classes that are better discriminated i.e., are
separated with maximum margin. To perform data embedding,
the proposed algorithm directly works with random features
obtained using an orthogonal Gaussian random projection matrix
and exploits the separating hyperplanes obtained from training
a Support Vector Machine classifier in the identified low dimen-
sional space. Experimental results on both artificial datasets as
well as on on popular face databases for facial expression and
face recognition verified the superiority of the presented method
against various competing embedding algorithms.

I. I NTRODUCTION

ONE of the most crucial problems that every facial image
analysis algorithm encounters is the high dimensionality

of the image data, which can range from several hundreds
to thousands of extracted image features. Directly dealing
with such high dimensional data is not only computational
inefficient, but also yields several problems in subsequently
performed statistical learning algorithms, due to the so-called
“curse of dimensionality”. Thus, various techniques have been
proposed for efficient data embedding (or dimensionality re-
duction) that obtain a more manageable problem and alleviate
computational complexity. Such a popular category of methods
is the subspace image representation algorithms which aim
to discover the latent image features by projecting linearly
or non-linearly the high-dimensional input samples to a low-
dimensional subspace, where an appropriately formed criterion
is optimized.

The most popular dimensionality reduction algorithms can
be roughly categorized, according to their underlying opti-
mization criteria, into two main categories. Those that form
their optimization criterion based on geometrical arguments
and those that attempt to enhance data discrimination in the
projection subspace. The goal of the first category methods is
to embed data into a low-dimensional space, where the intrin-
sic data geometry is preserved. Principal Component Analysis
(PCA) [1] is such a representative method that exploits the
global data structure, in order to identify a subspace where
the sample variance is maximized. While PCA exploits the
global data characteristics Euclidean space, the local data
manifold structure is ignored. To overcome this deficiency,
manifold-based embedding algorithms assume that the data
reside on a submanifold of the ambient space and attempt
to discover and preserve its structure. Such representative
methods include e.g. ISOMAP [2], Locally Linear Embedding

(LLE) [3], Locality Preserving Projections [4], Orthogonal
Locality Preserving Projections (OLPP) [5] and Neighborhood
Preserving Embedding (NPE) [6].

Discrimination enhancing embedding algorithms aim to
identify a discriminative subspace, in which the data samples
from different classes are far apart from each other. Linear
Discriminant Analysis (LDA) [7] and its variants, are such
representative methods that extract discriminant information
by finding projection directions that maximize the ratio of the
between-class and the within-class scatter. Margin maximizing
embedding algorithms [8], [9], [10] inspired by the great suc-
cess of Support Vector Machines (SVMs) [11] also fall in this
category, since their goal is to enhance classes discrimination
in the low dimensional space.

The Maximum Margin Projection (MMP) algorithm [9] is
an unsupervised embedding method that attempts to find dif-
ferent subspace directions that separate data points in different
clusters with maximum margin. To do so, MMP seeks for such
a data labelling, so that, if an SVM classifier is trained, the
resulting separating hyperplanes can separate different clusters
with the maximum margin. Thus, the projection direction
of the corresponding SVM trained on such an optimal data
labelling, is considered as one of the directions of the seeked
subspace, while considering different possible data labellings
and enforcing the constraint that the next SVM projection
direction should be orthogonal to the previous ones, several
projections are derived and added to the subspace. He et. al [8]
proposed a semisupervised dimensionality reduction method
for image retrieval that aims to discover both geometrical and
discriminant structures of the data manifold. To do so, the
algorithm constructs a within-class and a between-class graph
by exploiting both class and neighborhood information and
finds a linear transformation matrix that maps image data to
a subspace, where, at each local neighborhood, the margin
between relevant and irrelevant images is maximized.

Recently significant attention has been attracted on Com-
pressed Sensing (CS) [12] that combines data acquisition
with data dimensionality reduction performed by Random
Projections (RP). RP are a desirable alternative of traditional
embedding techniques, since they offer certain advantages.
Firstly, they are data independent and, consequently, do not
require a training phase. Secondly, as it has been shown
in the literature [13], [14], an orthogonal Gaussian random
projection matrix preserves the pairwise distances between
data points in the projection subspace and, thus, can be
effectively combined with distance-based classifiers, such as
SVMs. Another important aspect for real life applications



2

using sensitive biometric data is the provision of securityand
user privacy protection mechanisms, since the use of random
features, instead of the actual biometric data for e.g. person
identification, protects the original data [15] from malicious
attacks.

In this paper we integrate optimal data embedding and SVM
classification in a single framework to be called Maximum
Margin Random Projections (MMRP) algorithm. MMRP di-
rectly operates on the random features extracted using an or-
thogonal Gaussian RP matrix and derives an optimal projection
matrix such that the separating margin between the projected
samples of different classes is maximized, by exploiting the
decision hyperplanes obtained from training a SVM classifier.
The MMRP approach brings certain advantages, both to data
embedding and classification. Since it is combined with a
classification method, MMRP is appropriately tuned towards
improving classification performance. Furthermore, in contrast
to the conventional classification approaches, which consider
that the training data points are fixed in the input space, the
SVM classifier is trained over the projected data samples in
the projection subspace determined by MMRP. Thus, working
on low dimensional data reduces the required computational
effort. Moreover, since the decision hyperplane identifiedby
SVM training is explicitly determined by the support vectors,
data outliers and the overall data samples distribution inside
classes do not affect MMRP performance, in contrast to
other discriminant subspace learning algorithms, such as LDA
which assumes a Gaussian data distribution for optimal class
discrimination. There are only a few works in the literaturethat
classify data acquired by CS techniques [13], [15], [16], [17]
and, to our knowledge, the proposed MMRP method is the
first one that attempts to learn a projection subspace directly
working on the random features, instead of the original high
dimensional data.

In summary, the novel contributions of this paper are the
following:

• A discrimination enhancing subspace learning method,
called MMRP, that works directly on the compressed
samples is proposed.

• The MMRP algorithm integrates data embedding and
classification into a single method, thus possessing cer-
tain desired advantages (good classification performance,
computational speed and robustness to data outliers).

• MMRP is derived both for two class and multiclass data
embedding problems.

• The MMRP non-linear extension that seeks to identify
a projection matrix that separates different classes in the
feature space with maximum margin is also demonstrated.

• The superiority of the proposed method against various
state-of-the-art embedding algorithms for facial image
characterization problems is demonstrated by several sim-
ulation experiments.

The rest of the paper is organized as follows. Section
II presents the proposed MMRP dimensionality reduction
algorithm, for a two-class linear classification problem and
discusses its initialization using an orthogonal Gaussianran-
dom projection matrix, in order to form the basis of the

projection subspace. MMRP extension to a multiclass prob-
lem is presented in section III, while its the non-linear
extension considering either a Gaussian Radial Basis or an
arbitrary degree polynomial kernel function is derived in
section IV. Section V describes the conducted experiments
and presents experimental evidence regarding the superiority
of the proposed algorithm against various state-of-the-art data
embedding methods for facial expression and face recognition.
Finally, concluding remarks are drawn in Section VI.

II. M AXIMUM MARGIN RANDOM PROJECTIONS

The MMRP algorithm aims to identify a low-dimensional
projection subspace, where samples form classes that are better
discriminated, i.e., are separated with maximum margin. Todo
so, MMRP involves three main steps. The first step, performed
during the initialization of the MMRP algorithm, extracts the
random features from the initial data and forms the basis of
the low-dimensional projection subspace using RP, while the
second and the third steps involve two optimization problems
that are combined in a single iterative optimization framework.
More precisely, the second step identifies the optimal decision
hyperplane that separates different classes with maximum mar-
gin, in the respective subspace determined by the projection
matrix, while the third step updates the projection matrix,so
that the identified separating margin between the projected
samples of different classes is maximized. Next, we first
formulate the optimization problems considered by MMRP,
discuss algorithm initialization performed using an orthogonal
Gaussian random projection matrix and demonstrate the itera-
tive optimization framework considering both a two class and
a multiclass separation problem. Subsequently, we derive the
non-linear MMRP algorithms extension and propose update
rules considering polynomial and Gaussian kernel functions
to project data into Hilbert spaces, using the so-called kernel
trick.

A. MMRP Algorithm for the Binary Classification Problem

Given a setX = {(x1, y1), ..., (xN , yN )} of N training data
pairs, wherexi ∈ Rm, i = 1, ..., N are them-dimensional
input feature vectors andyi ∈ {−1, 1} is the class label
associated with each samplexi, a binary SVM classifier at-
tempts to find the separating hyperplane that separates training
data points of the two classes with maximum margin, while
minimizes the classification error defined according to which
side of the decision hyperplane training samples of each class
fall in. Considering that each training sample ofX is firstly
projected from the initialm-dimensional input space to a low-
dimensional subspace using a projection matrixR ∈ Rr×m,
wherer ≪ m and performing the linear transformatiońxi =
Rxi, the binary SVM optimization problem is formulated as
follows:

min
w,ξi

1

2
wTw+ C

N∑
i=1

ξi (1)

subject to the constraints:

yi
(
wTRxi + b

)
≥ 1− ξi (2)

ξi ≥ 0, i = 1, . . . , N, (3)
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where w ∈ Rr is the normal vector of the separating hy-
perplane, which isr-dimensional, since training is performed
in the projection subspace,b ∈ R is its bias term,ξ =
[ξ1, . . . , ξN ]T are the slack variables, each one associated with
a training sample andC is the term that penalizes the training
error.

The MMRP algorithm attempts to learn a projection matrix
R, such that the low-dimensional data sample projection
is performed efficiently, thus enhancing the discrimination
between the two classes. To quantify the discrimination power
of the projection matrixR, we formulate our MMRP algo-
rithm based on geometrical arguments. To do so, we employ
a combined iterative optimization framework, involving the
simultaneous optimization of the separating hyperplane nor-
mal vectorw and the projection matrixR, performed by
successively updating the one variable, while keeping the other
fixed. Next we first discuss the derivation of the optimal
separating hyperplane normal vectorwo, in the projection
subspace determined byR and subsequently, we demonstrate
the projection matrix update with respect to the fixedwo.

1) Finding the optimalwo in the projection subspace
determined byR: The optimization with respect tow, is
essentially the conventional binary SVM training problem
performed in the projection subspace determined byR, rather
than in the input space. To solve the constrained optimization
problem in (1) with respect tow, we introduce positive
Lagrange multipliersαi and βi each associated with one of
the constraints in (2) and (3), respectively and formulate the
Lagrangian functionL(w, ξ,R,α,β):

L(w, ξ,R,α,β) =
1

2
wTw + C

N∑
i=1

ξi

−
N∑
i=1

αi

[
yi
(
wTRxi + b

)
− 1 + ξi

]
−

N∑
i=1

βiξi. (4)

The solution can be found from the saddle point of the
Lagrangian function, which has to be maximized with respect
to the dual variablesα and β and minimized with respect
to the primal onesw, ξ and b. According to the Karush-
Kuhn-Tucker (KKT) conditions [18] the partial derivativesof
L(w, ξ,R,α,β) with respect to the primal variablesw, ξ and
b vanish deriving the following equalities:

∂L(w, ξ,R,α,β)

∂w
= 0 ⇒ w =

N∑
i=1

αiyiRxi, (5)

∂L(w, ξ,R,α,β)

∂b
= 0 ⇒

N∑
i=1

αiyi = 0, (6)

∂L(w, ξ,R,α,β)

∂ξi
= 0 ⇒ βi = C − αiyi. (7)

By substituting the terms from the above equalities into (4), we
switch to the dual formulation, where the optimization problem
in (1) is reformulated to the maximization of the following

Wolfe dual problem:

max
α

N∑
i=1

αi −
1

2

N∑
i,j

αiαjyiyjx
T
i R

TRxj . (8)

subject to the constraints:

N∑
i=1

αiyi = 0, αi ≥ 0, ∀ i = 1, . . . , N. (9)

Consequently, solving (8) forα the optimal separating hy-
perplane normal vectorwo in the reduced dimensional space
determined byR, is subsequently derived from (5).

2) Maximum margin random projection matrix update for
fixed wo: At each optimization roundt we seek to update
the projection matrixR(t−1), so that its new estimateR(t)

improves the objective function in (8) by maximizing the
margin between the two classes. To do so, we first project the
high dimensional training samplesxi from the input space to a
low dimensional subspace, using the projection matrixR(t−1)

derived during the previous step, and subsequently, train the
binary SVM classifier in order to obtain the optimal Lagrange
multipliersαo specifying the normal vector of the separating
hyperplanew(t)

o .
To formulate the optimization problem for the projection

matrix R, we exploit the dual form of the binary SVM
cost function defined in (8). However, since term

∑N

i=1 αi

is constant with respect toR, we can remove it from the cost
function. Moreover, in order to retain the geometrical correla-
tion between samples in the projection subspace, we constrain
the derived updated projection matrixR(t) to be orthogonal.
Consequently, the constrained optimization problem for the
projection matrixR update can be summarized as follows:

max
R

O(R) = −
1

2

N∑
i,j

αi,oαj,oyiyjx
T
i R

TRxj , (10)

subject to the constraints:

RRT = I, (11)

whereI is a r × r identity matrix.
The simplest approach to take the constraintRRT = I into

account, is to updateR using any appropriate unconstrained
optimization algorithm, and then to projectR back to the
constraint set [19], which is the approach we have followed
in this work. More precisely, we first solve (10), without the
orthogonality constraints on the columns of the projection
matrix and obtainŔ. Consequently, the projection matrix
update is accomplished orthonormalizing the columns ofŔ
by performing a Gram-Schmidt procedure. Thus, we solve
(10) for R keepingw(t)

o fixed, by applying a steepest ascent
optimization algorithm, which, at a given iterationt, invokes
the following update rule:

Ŕ(t) = R(t−1) + λt∇O(R(t−1)), (12)

whereλt is the learning step parameter for thet-th iteration
and ∇O(R(t−1)) is the partial derivative of the objective
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function in (10) with respect toR(t−1), evaluated as:

∇O(R(t−1)) = −
N∑
i,j

αi,oαj,oyiyjR
(t−1)xix

T
j

= −
N∑
i=1

αi,oyiw
(t)
o xT

i . (13)

Thus,Ŕ(t) is derived as:

Ŕ(t) = R(t−1) − λt

(
N∑
i=1

αi,oyiw
(t)
o xT

i

)
. (14)

Obtaining the projection matrix́R(t) that improves the objec-
tive function i.e., it increases the separating margin between
the two classes in the projection subspace, we subsequently
orthonormalize its columns to deriveR(t).

An efficient approach for setting an appropriate value to
the learning step parameterλt based on the Armijo rule [20]
[21], is adopted in this work. According to this strategy, the
learning step takes the formλt = βgt , wheregt is the first
non-negative integer value found satisfying:

O(R(t))−O(R(t−1)) ≥ σ〈∇O(R(t−1)),R(t) −R(t−1)〉,
(15)

where operator〈., .〉 is the Frobenius inner product. Parameters
β and σ in our experiments have been set toβ = 0.1 and
σ = 0.01, which is an efficient parameter selection, as has
been verified in other studies [21], [22].

After deriving the new projection matrixR(t), the previ-
ously identified separating hyperplane is no longer optimal,
since it has been evaluated in the projection subspace deter-
mined byR(t−1). Consequently, it is required to re-project
the training samples usingR(t) and retrain the SVM classifier
to obtain the current optimal separating hyperplane and its
normal vector. Thus, MMRP algorithm iteratively updates
the projection matrix and evaluates the normal vector of the
optimal separating hyperplanewo in the projection subspace
determined byR, until the algorithm converges.

In order to verify whether the learned projection matrixR(t)

at each iteration roundt is optimal or not, we track the partial
derivative value in (13) to identify stationarity. The following
stationarity check step is performed, which examines whether
the following termination condition is satisfied:

||∇O(R(t))||F ≤ eR||∇O(R(0))||F , (16)

whereeR is a predefined stopping tolerance satisfying:0 <
eR < 1. In our conducted experiments, we considered that
eR = 10−3. The combined iterative optimization process of
the MMRP algorithm for the binary classification problem is
summarized in Algorithm 1.

B. MMRP algorithm initialization

In order to initialize the iterative optimization framework, it
is first required to train the binary SVM classifier and obtain
the optimalwo in a low dimensional subspace determined by
an initial projection matrixR(0), used in order to perform
dimensionality reduction and form the basis of the projection

Algorithm 1 Outline of the Maximum Margin Random
Projections Algorithm Considering a Binary Classification
Problem.

1: Input: The setX = {(xi, yi), i = 1, . . . , N} of N

m-dimensional two class train data samples.
2: Output: The optimal maximum margin projection matrix

Ro and the optimal separating hyperplane normal vector
wo.

3: Initialize: t = 1 and R(0) ∈ Rr×m as an orthogonal
Gaussian random projection matrix.

4: repeat
5: Project xi to a low dimensional subspace performing

the linear transformation:
x́i = R(t−1)xi ∀i = 1, . . . , N .

6: Train the binary SVM classifier in the projection sub-
space by solving the optimization problem in (8) subject
to the constraints in (9) to obtain the optimal Lagrange
multipliersαo .

7: Obtain the normal vector of the optimal separating
hyperplane as:
w

(t)
o =

∑N

i=1 αi,oyiR
(t−1)xi.

8: Determine learning rateλt.
9: Evaluate gradient ∇O(R(t−1)) =

−
∑N

i=1 αi,oyiw
(t)
o xT

i .
10: Update projection matrixR(t−1) givenw

(t)
o as:

R(t) = Orthogonalize
(
R(t−1) −

λt

∑N

i=1 αi,oyiw
(t)
o xT

i

)
.

11: t = t+ 1, Ro = R(t) andwo = w(t).
12: until ||∇O(R(t))||F ≤ 10−3||∇O(R(0))||F ,

subspace. To do so, we constructR(0) as an orthogonal
Gaussian random projection matrix. To deriveR(0), the fol-
lowing procedure is applied. We create am×m matrix G of
i.i.d., zero-mean, unit variance Gaussian random variables and
partition it into them×r matrixQ and them×(m−r) matrix
P, thusG = [Q P]. Consequently, we orthogonalize the rows
of G and create an orthonormal matrixG⊥ = [Q⊥ P⊥]. To
do so, we normalize the first row ofG and orthogonalize
the remaining rows with respect to the first, via a Gram-
Schmidt procedure. This procedure results in the Gaussian
random projection matrixR(0) = QT

⊥ having orthonormal
columns that can be used for the initialization of the iterative
optimization framework.

III. MMRP A LGORITHM FOR MULTICLASS

CLASSIFICATION PROBLEMS

The dominant approach for solving multiclass classification
problems using SVMs has been based on reducing the mul-
ticlass task into multiple binary ones and on building a set
of binary classifiers, where each one distinguishes samples
between one pair of classes [23]. However, adopting such an
one-against-one multiclass SVM classification schema to our
MMRP algorithm requires to learn one projection matrix for
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each of thek(k − 1)/2 binary SVM classifiers that handle a
k-class classification problem. Clearly, this approach becomes
impractical for classification tasks involving a large number
of classes, as for instance, in face recognition.

A different approach to generalize SVMs to multiclass
problems is to handle all available training data together
forming a single optimization problem by adding appropriate
constraints for every class [24], [25]. However, the size of
the generated quadratic optimization problem may become
extremely large, since it is proportional to the product of
the number of training samples multiplied by the number of
classes in the classification task at hand. Crammer and Singer
[26] proposed an elegant approach for multiclass classification,
by solving a single optimization problem, where the number
of added constraints is reduced and remains proportional tothe
number of the available training samples. More importantly,
such an one-against-all multiclass SVM formulation enables us
to learn a single maximum margin random projection matrix
common for all training samples, independently of the class
they belong to. Therefore, we adopt this multiclass SVM
formulation [26] in this work.

In the multiclass classification context, the training samples
xi are assigned a class labelyi ∈ {1, . . . , k}, wherek is the
number of classes. We extend the multiclass SVM formulation
proposed in [26], by considering that all training samples are
first projected in a low-dimensional subspace determined by
the projection matrixR. Our goal is to solve the MMRP
optimization problem and to learn a common projection matrix
R for all classes, such that the training samples of different
classes are projected in a subspace, where they are separated
with maximum margin, and also, to derivek separating hy-
perplanes, where thep-th hyperplanep = 1, . . . , k determined
by its normal vectorwp ∈ Rr, separates the training vectors
of the p-th class from all the others with maximum margin.

The multiclass SVM optimization problem in the projection
subspace is formulated as follows:

min
wp,ξi

1

2

k∑
p=1

wT
p wp + C

N∑
i=1

ξi, (17)

subject to the constraints:

wT
yi
Rxi −wT

p Rxi ≥ bpi − ξi, i = 1, . . . , N p = 1, . . . , k.
(18)

Here bias vectorb is defined as:

bpi = 1− δpyi
=

{
1 , if yi 6= p
0 , if yi = p,

(19)

whereδpyi
is the Kronecker delta function which is1 for yi = p

and0, otherwise.
Similar to the binary classification case, we employ a

combined iterative optimization framework that successively
optimizes either variableswp, p = 1, . . . , k keeping matrix
R fixed, (thus, training the multiclass SVM classifier in
the projection subspace determined byR) or updates the
projection matrixR, so that it improves the objective function
i.e., it projects the training samples in a subspace where the
margin that separates the training samples of each class from
all the others, is maximized. Next, we first demonstrate the

optimization process with respect to the normal vectors of
the separating hyperplanes in the projection subspace ofR
and subsequently, we discuss the projection matrixR update,
while keeping the optimal normal vectorswp,o fixed.

1) Finding the optimalwp,o in the projection subspace
determined byR: Since the derivation of the following
dual optimization problem is rather technical, we will briefly
demonstrate it and refer the interested reader to [27], [28]for
the complete exposition. To solve the constrained optimization
problem in (17) we introduce positive Lagrange multipliersαp

i ,
each associated with one of the constraints in (18). Note that
it is not required to introduce additional Lagrange multipliers
regarding the non-negativity constraint applied on the slack
variablesξi. This is already included in (18), since, foryi = p,
bpi = 0, the inequalitiesξi ≥ 0 hold. The Lagrangian function
L(wp, ξ,R,α) takes the form:

L(wp, ξ,R,α) =
1

2

k∑
p=1

wT
p wp + C

N∑
i=1

ξi

−
N∑
i=1

k∑
p=1

αp
i

[(
wT

yi
−wT

p

)
Rxi + ξi − bpi

]
.

(20)

Switching to the dual formulation, the solution of the
constrained optimization problem in (17) can be found from
the saddle point of the Lagrangian function in (20), which
has to be maximized with respect to the dual variablesα and
minimized with respect to the primal oneswp andξ. To find
the minimum over the primal variables we require that the
partial derivatives ofL(wp, ξ,R,α) with respect toξ and
wp vanish, which gives the following equalities:

∂L(wp, ξ,R,α)

∂ξi
= 0 ⇒

k∑
p=1

αp
i = C, (21)

∂L(wp, ξ,R,α)

∂wp

= 0 ⇒ wp =
N∑
i=1

(
Cδpyi

− αp
i

)
Rxi

⇔ wp =

N∑
i=1

(
αp
i −

k∑
p=1

αp
i δ

p
yi

)
Rxi.

(22)

By substituting terms from (21) and (22) into (20), and
expressing the corresponding to thei-th training sample
bias terms and Lagrange multipliers in a vector form as
bi = [b1i , . . . , b

k
i ]

T andαi = [α1
i , . . . , α

k
i ]

T , respectively and
performing the substitutionni = C1yi

− αi, (where1yi
is

a k-dimensional vector with all its components equal to zero
except of theyi-th, which is equal to one) the saddle point
of the Lagrangian is reformulated to the minimization of the
following Wolfe dual problem:

min
n

1

2

N∑
i,j

xT
i R

TRxjn
T
i nj +

N∑
i=1

nT
i bi, (23)
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subject to the constraints:

k∑
p=1

np
i = 0, np

i ≤

{
0 , if yi 6= p
C , if yi = p

∀ i = 1, . . . , N , p = 1, . . . , k. (24)

By solving (23) forn, and consequently, deriving the optimal
value of the actual Lagrange multipliersαo, the normal
vectorwp,o is derived from (22), corresponding to the optimal
decision hyperplane that separates the training samples ofthe
p-th class from all the others with maximum margin in the
projection subspace ofR.

2) Maximum margin projection matrix update for fixed
wp,o: Similar to the binary classification case, we formulate
the optimization problem by exploiting the dual form of the
multiclass SVM cost function in (23). To do so, we remove
term

∑N

i=1 n
T
i bi from (23), since it is independent of the

optimized variableR and, also, impose additional constraints
on the orthogonality of the derived projection matrixR(t):

min
R

O(R) =
1

2

N∑
i,j

xT
i R

TRxjn
T
i nj , (25)

subject to the constraints:

RRT = I. (26)

To derive a new estimate ofRo at a given iterationt the
steepest descent update rule is invoked, where∇O(R(t−1)) is
the partial derivative of (25) with respect toR(t−1):

∇O(R(t−1)) =

N∑
i,j

R(t−1)xix
T
j n

T
i,onj,o

= −
N∑
i=1

k∑
p=1

αp
i,o

(
w(t)

yi,o
−w(t)

p,o

)T
xi.(27)

Thus,Ŕ(t) is updated as:

Ŕ(t) = R(t−1) + λt

(
N∑
i=1

k∑
p=1

αp
i,o

(
w(t)

yi,o
−w(t)

p,o

)T
xi

)
.

(28)
The projection matrix update is followed by the orthonor-
malization of the columns of́R(t), in order to to satisfy
the imposed constraints. Similar to the binary classification
task, MMRP algorithm for multiclass classification problems
successively updates the maximum margin projection matrix
R and evaluates the normal vectorswp,o p = 1, . . . , k of the
k optimal separating hyperplanes in the projection subspace
determined byR. The involved learning rate parameterλt is
set using the previously presented methodology for the binary
classification case, while the iterative optimization process is
terminated by tracking the partial derivative value in (27)and
examining the termination condition in (16).

IV. N ON-LINEAR MAXIMUM MARGIN RANDOM

PROJECTIONS

When the data can not be linearly separated in the initial
input space, a common approach is to perform the so-called

kernel trick, using a mapping functionφ(.) that maps (usually
non-linearly) the input feature vectorsxi to a possibly high
dimensional spaceF , called feature space, which usually has
the structure of a Hilbert space [29][30], where the data
are supposed to be linearly or near linearly separable. The
exact form of the mapping function is not required to be
known, since all required subsequent operations of the learning
algorithm are expressed in terms of dot products between the
input vectors in the Hilbert space performed by the kernel trick
[31].

To derive the non-linear extension of the MMRP algorithm,
we assume that the low dimensional training sample repre-
sentations are non-linearly mapped in a Hilbert space usinga
kernel function and seek to identify such a projection matrix
that separates different classes in the feature space with maxi-
mum margin. Next we will only demonstrate the derivation of
the update rules for the maximum margin random projection
matrix R, both for the two class and the multiclass classi-
fication problems, considering two popular kernel functions:
an arbitrary degree polynomial kernel function and the Radial
Basis Function (RBF). However, it is straightforward to extend
the non-linear MMRP algorithm, such as to exploit other
popular kernel functions using the presented methodology.

A d-degree polynomial kernel function is defined as:
K(xi,xj) = (xT

i xj + 1)d. Considering that training samples
are first projected into the low dimensional subspace deter-
mined byR, the d-degree polynomial kernel function over
the projected samples takes the form:

K(Rxi,Rxj) =
(
(Rxi)

T
Rxj + 1

)d
. (29)

Consequently, the partial derivative∇O(R(t−1)) of the objec-
tive function for the binary classification case in (10) is given
by:

∇O(R(t−1)) =
− 1

2

∑N

i,j αi,oαj,oyiyjK(R(t−1)xi,R
(t−1)xj)

∂R(t−1)

= −d
N∑
i,j

αi,oαj,oyiyj

×

((
R(t−1)xi

)T
R(t−1)xj + 1

)d−1

R(t−1)xix
T
j ,

(30)

while for the multiclass formulation is evaluated using thecost
function in (25) as:

∇O(R(t−1)) =
1
2

∑N

i,j K(R(t−1)xi,R
(t−1)xj)n

T
i nj

∂R(t−1)

= d

N∑
i,j

((
R(t−1)xi

)T
R(t−1)xj + 1

)d−1

× R(t−1)xix
T
j n

T
i,onj,o. (31)

On the other hand, the RBF kernel function is defined using
the projected samples as:K(Rxi,Rxj) = e−γ||Rxi−Rxj ||

2

,
whereγ is the Gaussian spread. Similarly, the partial derivative
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of (10), with respect toR(t−1) is evaluated as follows:

∇O(R(t−1)) = −2γR(t−1)
N∑
i,j

αi,oαj,oyiyj
(
xix

T
i + xjx

T
j

)
× K(R(t−1)xi,R

(t−1)xj), (32)

while, for the multiclass separation problem, it is evaluated
from (25):

∇O(R(t−1)) = 2γR(t−1)
N∑
i,j

(
xix

T
i + xjx

T
j

)
× K(R(t−1)xi,R

(t−1)xj)n
T
i,onj,o. (33)

The update rules for the maximum margin projection ma-
trix are subsequently derived by substituting the respective
partial derivatives in (12). Moreover, similar extensionscan
be derived for other popular non-linear kernel functions, by
simply evaluating their partial derivatives with respect to
the projection matrixR and by modifying accordingly the
respective update rules.

V. EXPERIMENTAL RESULTS

We compare the performance of the proposed method for fa-
cial expression and face recognition, with several state-of-the-
art dimensionality reduction techniques extracting holistic face
features, such as Eigenfaces (PCA) [32], Fisherfaces (LDA),
Laplacianfaces (LPP), Orthogonal Laplacianfaces (OLPP) and
the linear approximation of the LLE algorithm called Neigh-
borhood Preserving Embedding (NPE). Moreover, in this
comparison, we have also considered Randomfaces, resulting
by projecting facial images using RP and also directly feeding
the initial high dimensional samples to a multiclass SVM clas-
sifier, to serve as our baseline testing methods. Experiments
have been performed on the Cohn-Kanade database [33] for
facial expression recognition and on the Extended Yale B [34]
and AR Datasets [35] for face recognition.

As our classification features, we either consider only
the facial image intensity information or its Gabor wavelet
representation, which provides robustness to illumination and
facial pose variations [36]. The exploited Gabor features were
extracted by convolving each facial image with a Gabor kernel
considering5 different scales and8 directions. Thus, for each
facial image, we extract40 Gabor wavelet representations
which are first downsampled and normalized, so as to have
zero mean and unit variance and, subsequently, are concate-
nated into a single Gabor feature vector.

In order to train the proposed MMRP algorithm and derive
the maximum margin projection matrix, we have combined our
optimization algorithm with LIBLINEAR [37], which provides
an efficient implementation of the considered multiclass linear
kernel SVM formulation. Moreover, for the fairness of the
experimental comparison, the discriminant low-dimensional
facial representations derived from each examined algorithm
were also fed to the same multiclass SVM classifier imple-
mented in LIBLINEAR for classification. We should note
that, by adopting LIBLINEAR we explicitly exploit a linear
kernel. However, as it has been shown in the literature [16],

linear SVMs are already appropriate for separating different
classes and also makes it possible to directly compare between
different algorithms and draw trustworthy conclusions regard-
ing their efficacy. Nevertheless, better performance couldbe
achieved by MMRP algorithm by projecting the input high
dimensional samples non-linearly and using non-linear kernel
SVMs for their classification.

A. Facial Expression Recognition in the Cohn-Kanade
Database

The Cohn-Kanade AU-Coded facial expression database is
among the most popular databases for benchmarking methods
that perform facial expression recognition. Each subject in
each video sequence of the database poses a facial expression,
starting from the neutral emotional state and finishing at the
expression apex. To form our data collection we discarded
the intermediate video frames depicting subjects perform-
ing each facial expression in increasing intensity level and
considered only the last video frame depicting each formed
facial expression at its highest intensity. Face detectionwas
performed on these images and the resulting facial Regions Of
Interest (ROIs) were manually aligned with respect to the eyes
position. Subsequently, they were anisotropically scaledto a
fixed size of150×200 pixels and converted to grayscale. Thus,
in our experiments, we used in total 407 images depicting
100 subjects, posing 7 different expressions (anger, disgust,
fear, happiness, sadness, surprise and the neutral emotional
state). Figure 1 shows example images from the Cohn-Kanade
dataset, depicting the six basic facial expressions arranged in
the following order: anger, fear, disgust, happiness, sadness,
surprise and the neutral emotional state.

Fig. 1. Sample images depicting facial expressions in the Cohn-Kanade
database.

To measure the facial expression recognition accuracy, we
randomly partitioned the available samples into5-folds and a
cross-validation has been performed by feeding the projected
discriminant facial expression representations to the linear
SVM classifier. This resulted into such a test set formation,
where some expressive samples of an individual were left
for testing, while his rest expressive images (depicting other
facial expressions) were included in the training set. This
fact significantly increased the difficulty of the expression
recognition problem, since person identity related issuesarose.

Table I summarizes the best average facial expression recog-
nition rates achieved by each examined embedding method,
across different subspace dimensionalities varying from3
to 500, both for the considered facial image intensity and
the Gabor features. The mean facial expression recognition
rates attained by directly feeding the initial data to the linear
SVM classifier are also provided in Table I. Considering the
facial image intensity as the chosen classification features,
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TABLE I
BEST AVERAGE EXPRESSION RECOGNITION ACCURACY RATES(%) IN COHN-KANADE DATABASE . IN PARENTHESES IT IS SHOWN THE DIMENSION THAT

RESULTS IN THE BEST PERFORMANCE FOR EACH METHOD.

SVM PCA LDA LPP OLPP NPE RP MMRP

Intensity 73.4(30, 000) 77.3(325) 74.2(6) 76.6(6) 75.2(6) 76.4(6) 75.2(500) 80.4(150)
Gabor 77.8(48, 000) 85.2(325) 86.5(6) 85.5(6) 83.3(6) 84.8(6) 79.8(500) 89.7(325)

MMRP outperforms, in terms of recognition accuracy, all other
competing embedding algorithms by more than3% compared
against the second best performing method, which is PCA. The
best average expression recognition rate attained by MMRP is
80.4% using150-dimensional discriminant representations of
the initial 30,000-dimensional input samples. Gabor features
also significantly improved the recognition performance of
the MMRP algorithm by more than9% reaching an average
recognition rate of89.7%. Again MMRP had the best per-
formance, outperforming the second best method (LDA) by
approximately3%.

It is significant to highlight the difference in expression
recognition performance between PCA, RP and the proposed
algorithm in low dimensional projection spaces. Figure 2
shows the average facial expression recognition accuracy at-
tained by each method when the projection subspace dimen-
sionality varies from3 to 325. As it can be observed, MMRP
not only performs robustly independently of the size of the
projection space, but also the gain in recognition accuracy
goes up to50% in very low dimensional projection spaces (i.e.
considering a 3D projection space), where the other methods
appear to attain a significantly degraded performance. Figure 3
demonstrates the attained by MMRP average facial expression
recognition rate when the initial 88,000 dimensional Gabor
wavelet representations are projected on a 3D space, versus
the number of MMRP algorithms iterations. As it can be
observed, since MMRP at the first iteration exploits the initial-
ized orthogonal Gaussian random projection matrix, its initial
recognition performance is40.2%, identical to that achieved
using RP. However, as MMRP algorithm enhances classes
discrimination in the projection space after each iteration, the
mean expression recognition rate radically increases reaching
a highest recognition rate of88.3%.
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Fig. 2. Average facial expression recognition rates in the Cohn-Kanade
database for low dimensional projection spaces.
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Fig. 3. Average facial expression recognition rates attained by MMRP versus
the number of algorithms iterations. The initial 88,000 dimensional Gabor
wavelet representations derived from Cohn-Kanade database are projected on
a 3D space.

B. MMRP Algorithms Convergence

To investigate MMRP optimization performance, we exam-
ined its ability to minimize the cost function in (25) in every
optimization round, thus maximizing the separating margin
between the projected samples of different classes. We also
investigated whether MMRP is able to reach a stationary
point by monitoring the gradient magnitude in (27). In the
conducted experiments, we used the Gabor features derived
from half of the Cohn-Kanade samples, in order to learn a
100-dimensional projection subspace. As can be seen in Figure
4b MMRP required 304 iterations in order to converge (i.e.
to satisfy the termination condition in (16)). In Figure 4a,
the objective function value versus the number of iterations
is plotted, which is monotonically decreasing, verifying that
the separating margin increases per iteration. Moreover, the
gradient Frobenious norm after each update is demonstrated
in Figure 4b which tends to zero, a fact that proves that MMRP
algorithm converges to a stationary limit point.

To visualize the ability of MMRP algorithm to estimate
useful subspaces that enhance data discrimination, we run the
proposed algorithm, aiming to learn a 2D projection space in
a two class toy classification problem, using artificial data. To
generate our toy dataset we collected 600 300-dimensional
samples for each class, with the first class features drawn
randomly from a standard normal distributionN (0, 1) and the
second class drawn from aN (0.2, 1) normal distribution and
used 500 of them for training, while the rest were used to
compose the toy test set. The video file provided as a supple-
mentary material shows the 2D projection of the two classes
data samples after each iteration of the MMRP algorithm,
where circled samples denote the identified support vectors. As
can be observed, the proposed algorithm was able to linearly
separate perfectly the two classes, by continuously maximizing
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(a) (b)
Fig. 4. MMRP convergence results using Gabor features derived from half of the Cohn-Kanade images; a) Objective function value versus the number of
iterations, b) Gradient Frobenious norm plotted versus thenumber of iterations.

the separating margin after a few iterations. Moreover, as aside
effect of MMRP algorithm, we observed that the SVM training
process converges faster and into a more sparse solution
after each iteration of MMRP algorithm, since the number
of identified support vector decreases as class discrimination
increases.

C. Face Recognition in the Extended Yale B Database

Extended Yale B database consists of2, 414 frontal fa-
cial images of38 individuals, captured under64 different
laboratory controlled lighting conditions. The database ver-
sion used in this experimental evaluation has been manually
aligned, cropped and then resized to168× 192 pixels by the
database creators. For our experimental comparison, we have
considered three different experimental settings, by randomly
selecting10%, 30% and50% of the available images for each
subject for training, while the rest of the images were used
for testing. Table II presents the highest face recognitionrate
achieved by each method, using facial image intensity values
as classification features. As can be observed, the proposed
MMRP method achieves the best performance among all
examined data embedding algorithms across all considered
experiments.

D. Face Recognition in the AR Database

AR database is much more challenging than the Extended
Yale B dataset and exhibits significant variations among its
facial image samples. It contains color images corresponding
to 126 different subjects, depicting their frontal facial view
under different facial expressions, illumination conditions and
occlusions (sunglasses and scarf). For this experiment we
used the pre-aligned and cropped version of the AR database
containing in total2, 600 facial images of size120×165 pixels,
corresponding to100 different subjects captured during two
sessions, separated by two weeks time. Thus,13 images are
available for each subject per each session.

In order to investigate MMRP algorithms robustness, we
have conducted three different experiments with increasing
degree of difficulty. For the first experiment, we formed our

training set by considering only those facial images with illu-
mination variations captured during the first session, while for
testing we considered the respective images captured during
the second recording session. For the second experiment, we
used for training facial images with both varying illumination
conditions and facial expressions from the first session andthe
respective images from the second session for testing. Finally,
for the third experiment, we used all the first session images
for training and the rest for testing. For all examined methods
and for each applied experimental scenario, we searched for
the optimal projection subspace dimensionality in the interval
[30, 500].

Table III summarizes the highest attained recognition rate
and the respective subspace dimensionality, by each method
in each performed experiment. The proposed method achieved
recognition rates equal to93.5% 91.0% and 87.4% in each
experiment respectively using the facial image intensities,
while for the Gabor features attained recognition rates equal
to 97.5% 96.2% and93.7% which are the best or the second
best among all examined methods.

VI. CONCLUSION

We proposed a discrimination enhancing subspace learn-
ing method called Maximum Margin Random Projections
algorithm that aims to identify a low dimensional projection
subspace where samples form classes that are separated with
maximum margin. The proposed method directly works with
random features obtained using an orthogonal random Gaus-
sian projection matrix and exploits the separating hyperplanes
obtained from training a SVM classifier in the identified low
dimensional space. We also demonstrated the non-linear ex-
tension of our algorithm that identifies a projection matrixthat
separates different classes in the feature space with maximum
margin. Finally we showed that it outperforms current state-
of-the-art embedding methods for facial expression and face
recognition on three popular face databases.
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TABLE II
FACE RECOGNITION ACCURACY RATES(%) IN EXTENDED YALE B DATABASE. IN PARENTHESES IT IS SHOWN THE DIMENSION THAT RESULTS IN THE

BEST PERFORMANCE FOR EACH METHOD.

SVM PCA LDA LPP OLPP NPE RP MMRP

Training 10% 90.6(32, 256) 90.9(262) 97.0(37) 97.0(37) 97.2(37) 97.0(37) 90.9(300) 97.2(100)

Training 30% 94.5(32, 256) 96.5(500) 99.7(37) 99.7(37) 99.7(37) 99.7(37) 96.5(500) 99.8(500)

Training 50% 94.7(32, 256) 96.2(500) 100.0(37) 100.0(37) 99.8(37) 99.9(37) 96.8(300) 100.0(150)

TABLE III
FACE RECOGNITION ACCURACY RATES(%) IN THE AR DATABASE. IN PARENTHESES IT IS SHOWN THE DIMENSION THAT RESULTS IN THE BEST

PERFORMANCE FOR EACH METHOD.

SVM PCA LDA LPP OLPP NPE RP MMRP

Experiment 1
Intensity 82.0(19, 800) 91.5(399) 93.3(99) 93.5(99) 93.5(99) 93.5(99) 88.3(500) 93.5(150)
Gabor 85.6(88, 000) 93.3(399) 96.5(99) 96.7(99) 96.7(99) 96.5(99) 89.4(500) 97.5(500)

Experiment 2
Intensity 79.7(19, 800) 85.4(500) 88.7(99) 90.1(99) 93.0(99) 90.4(99) 85.6(500) 91.0(100)
Gabor 81.9(88, 000) 91.7(500) 92.4(99) 92.7(99) 93.9(99) 93.1(99) 86.9(500) 96.2(150)

Experiment 3
Intensity 76.4(19, 800) 82.4(500) 85.2(99) 85.1(99) 87.9(99) 84.7(99) 81.3(500) 87.4(150)
Gabor 80.2(88, 000) 89.2(500) 89.9(99) 90.1(99) 91.0(99) 89.3(99) 81.5(500) 93.7(150)

gramme (FP7/2007-2013) under grant agreement no 248434
(MOBISERV)
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Class Specific Nonnegative Subspace Learning for

Facial Image Analysis

Symeon Nikitidis, Anastasios Tefas and Ioannis Pitas

Abstract

Current Nonnegative Matrix Factorization methods obtain a common low dimensional projection subspace for

all data samples and yield basis images that participate in the reconstruction of every data sample, independently

of the class it belongs to. However, samples that are assigned to different classes may exhibit significant variations,

which can not been captured during conventional NMF decomposition. In this work we follow a different approach

pursuing to identify unique projection subspaces for each class, which are implicitly learned from its training

samples. Moreover, we combine our decomposition method with a classifier that enables us to exploit these class

specific subspaces. The developed algorithm has been applied to face and facial expression recognition on two

popular databases verifying its superior performance.

I. INTRODUCTION

It is common knowledge that facial image dimensionality is much higher than that exploited by many

facial image analysis applications. This fact necessitates to seek for efficient dimensionality reduction

methods for appropriate facial feature extraction, which will alleviate computational complexity and boost

the performance of succeeding facial feature analysis algorithms. Nonnegative Matrix Factorization (NMF)

[1], is a popular subspace learning algorithm widely used in image processing. It is an unsupervised data

matrix decomposition method that requires both the data matrix being decomposed and the yielding factors
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to contain non-negative elements. This limitation distinguishes NMF from many other traditional dimen-

sionality reduction methods, such as Principal Component Analysis (PCA) [2], Independent Component

Analysis (ICA) [3], [4] and Singular Value Decomposition (SVD) [5].

Most of the existing NMF algorithm variants focus on the data matrix factorization and ignore the

data class label information. Current attempts to acquire a discriminant data representation in the low

dimensional projection subspace resulted in supervised NMF training algorithms, which fall in two main

categories. They either incorporate discriminant factors inspired by the Fisher discriminant ratio [6], [7] in

the NMF cost function or attempt to retain the training data manifold structure in the projection subspace

[8], [9], [10], [11], thus achieving discrimination. In this paper, we follow a different approach and propose

a novel supervised NMF decomposition method that incorporates class label information as constraints in

the cost function.

The proposed method attempts to identify discriminant information from the decomposed data and to

derive basis images that are exclusively appropriate for the reconstruction of the data samples of a single

class. Conventional NMF decomposition algorithm yields basis images that reconstruct every image in the

database. That is, each basis image participates with a certain weight to the reconstruction of all images

contained in the training set. However, images that are assigned to different classes may exhibit significant

variations, which can not be captured by conventional NMF decomposition. To remedy this deficiency,

we constrain each basis image to participate in the reconstruction of the images of a certain class, thus

resulting in a class specific training algorithm. Moreover, in other to extract discriminant information

during training, we constrain our algorithm, so as the obtained class specific bases are inappropriate for

the reconstruction of any other class samples. As a result, the basis images yielded during training represent

the samples of a certain class efficiently, while at the same time are less efficient for the representation

of the samples belonging to any other class, yielding high reconstruction error.

The rest of the paper is organized as follows. The NMF algorithm is briefly reviewed in Section II.

Section III introduces the proposed Class Specific NMF algorithm, formulates its optimization problem,
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derives novel multiplicative update rules and demonstrates their convergence. Moreover, Section III

demonstrates the combination of our method with a popular sparse representation classifier. Section IV

presents experimental evidence and verifies the efficiency of our algorithm for face and facial expression

recognition. Finally, concluding remarks are drawn in Section V.

II. NONNEGATIVE MATRIX FACTORIZATION

The basic idea of NMF is to approximate a facial image by a linear combination of elements the so

called basis images that correspond to facial parts. Let I be a facial image database comprised of L images

belonging to Nc different classes and X ∈ RF×L
+ be the data matrix, whose columns are F -dimensional

feature vectors obtained by scanning row-wise each facial image in the database. Thus xi,j is the i-th

element of the j-th column vector (facial image) xj . NMF considers factorizations of the form:

X ≈ ZH, (1)

where Z ∈ RF×M
+ is a matrix containing the basis images, while matrix H ∈ RM×L

+ contains the coefficients

of the linear combinations of the basis images required to reconstruct each original facial image in the

database. Useful factorizations correspond to linear subspace transformations that project data from the

original F -dimensional space to a reduced M -dimensional subspace (M � F ).

To measure the cost of the decomposition in (1), one popular approach is to use the matrix Frobenius

norm. The NMF cost function ONMF (X||ZH) is defined as:

OF (X||ZH) , ||X− ZH||2F =
L∑

j=1

F∑
i=1

(
xi,j −

M∑
k=1

zi,khk,j

)2

(2)

where ||.||F is the Frobenius norm and NMF algorithm factorizes the data matrix X into ZH, by solving

the following optimization problem:

min
Z,H
O(X||ZH) (3)

subject to: zi,k ≥ 0 , hk,j ≥ 0, ∀i, j, k.
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Using an appropriately designed auxiliary function, it has been shown in [12] that the following multi-

plicative rules update, at iteration t, hk,j and zi,k while guarantee a non increasing behavior of the cost

function:

h
(t)
k,j = h

(t−1)
k,j

[Z(t−1)T X]k,j
[Z(t−1)T Z(t−1)H(t−1)]k,j

, z
(t)
i,k = z

(t−1)
i,k

[XH(t)T ]i,k
[Z(t−1)H(t)H(t)T ]i,k

. (4)

III. CLASS SPECIFIC NMF

In this section, we introduce a novel nonnegative matrix decomposition method, called Class Specific

Nonnegative Matrix Factorization (CSNMF). Most NMF-based data decomposition methods obtain a

common low dimensional projection subspace for all samples independently of the class they belong to.

In this work we follow a different approach pursuing to identify unique projection subspaces for each class

implicitly learned from its training samples. To do so, we form the basis images matrix Z such as to have a

class specific structure considering that it is composed by Nc submatrices Z = [Z1Z2 . . .ZNc ] where each

submatrix Zi ∈ R
F×Mi
+ ,

∑Nc

i=1Mi = M is associated with the i-th class and its basis images are exclusively

involved in the reconstruction of the i-th class data samples. Let us define the following M ×M diagonal

basis image selection matrix Si i = 1, . . . , Nc for the i-th class created, so that [Si]k,k = 1, k = 1, . . . ,M ,

if basis image zk (corresponding to the k-th column of matrix Z) is associated with the reconstruction of

the i-th class and [Si]k,k = 0, otherwise. Similarly we can define a L×L diagonal i-th class data sample

selection matrix Ri created so that [Ri]j,j = 1, j = 1, . . . , L, if data sample xj (corresponding to the

j-th column of data matrix X) belongs to the i-th class and [Ri]j,j = 0, otherwise. Using these selection

matrices, CSNMF minimizes the decomposition error inside each class by employing the class specific

basis images and the respective data samples as follows:

min
Nc∑
i=1

||XRi − ZSiHRi||2F . (5)

On the other hand, in order to acquire class-discriminant basis images, we force the class specific bases to

be inappropriate for the reconstruction of the data samples of any other class by maximizing the following
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reconstruction error:

max
Nc∑
i=1

||X (I−Ri)− ZSiH (I−Ri) ||2F (6)

where I is a L×L identity matrix. The CSNMF cost OCSNMF (X||ZH) is defined by combining equations

(5) and (6) into a single cost function:

OCSNMF (X||ZH) ,
1

2

Nc∑
i=1

(
(1− λ) ||XRi − ZSiHRi||2F

− λ||X (I−Ri)− ZSiH (I−Ri) ||2F
)
, (7)

where the parameter λ ∈ (0, 1) is used to balance the contribution of the two norms in the optimization

problem, while the term 1
2

in used to simplify subsequent mathematical derivations. Thus, the optimization

problem for the CSNMF algorithm can be summarized by:

min
Z,H
OCSNMF (X||ZH) (8)

subject to: zi,k ≥ 0 , hk,j ≥ 0, ∀i, j, k.

A. Optimization Algorithm and Multiplicative Update Rules

In order to solve the constrained optimization problem in (8), we introduce Lagrange multipliers Φ ∈

RF×M
+ = [φi,k] and Ψ ∈ RM×L

+ = [ψk,j], each associated with a non-negativity constraint zi,k ≥ 0, hk,j ≥ 0,

respectively. Consequently, we formulate the Lagrangian function L as follows:

L =
1

2

Nc∑
i=1

(
(1− λ)

(
Tr(XRiX

T )− 2Tr(ZSiHRiX
T ) + Tr(ZSiHRiH

TSiZ
T )
)

− λ
(
Tr(X(I−Ri)X

T )− 2Tr(ZSiH(I−Ri)X
T )

+ Tr(ZSiH(I−Ri)H
TSiZ

T )
))

+ Tr(ΦZT ) + Tr(ΨHT ). (9)

The optimization problem in (8) is equivalent to the minimization of the Lagrangian function arg min
Z,H
L.

It should be noted that each optimized variable h
(m)
k,j can be considered as the k-th feature of the j-th

projected sample of the m-th class, while z(m)
i,k can be considered as the i-th element of the k-th basis
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image associated with the reconstruction of the m-th class data samples. By setting the partial derivatives

of L with respect to z(m)
i,k and h(m)

k,j equal to zero, we obtain:

∂L
∂h

(m)
k,j

= (1− λ)
(
[SmZTZSmHRm]k,j − [SmZTXRm]k,j

)
+ λ
( Nc∑
l 6=m

[SlZ
TX(I−Rl)]k,j

−
Nc∑
l 6=m

[SlZ
TZSlH(I−Rl)]k,j

)
+ ψk,j = 0 (10)

∂L
∂z

(m)
i,k

= (1− λ)
(
[ZSmHRmHTSm]i,k − [XRmHTSm]i,k

)
+ λ
(
[X(I−Rm)HTSm]i,k

− [ZSmH(I−Rm)HTSm]i,k
)

+ φi,k = 0. (11)

According to the KKT conditions [13], it holds that ψk,jh
(m)
k,j = 0 and φi,kz

(m)
i,k = 0. Thus, by solving (10)

and (11) for h(m)
k,j and z(m)

i,k , respectively, we derive the following multiplicative update rules:

h
(m)
k,j = h

(m)
k,j

(1− λ)[SmZTXRm]k,j + λ
∑Nc

l 6=m[SlZ
TZSlH(I−Rl)]k,j

λ
∑Nc

l 6=m[SlZTX(I−Rl)]k,j + (1− λ)[SmZTZSmHRm]k,j
, (12)

z
(m)
i,k = z

(m)
i,k

(1− λ)[XRmHTSm]i,k + λ[ZSmH(I−Rm)HTSm]i,k
λ[X(I−Rm)HTSm]i,k + (1− λ)[ZSmHRmHTSm]i,k

. (13)

Parameter λ is adjusted after each iteration round as:

λ =

∑Nc

i=1 ||XRi − ZSiHRi||2F∑Nc

i=1

(
||XRi − ZSiHRi||2F + ||X (I−Ri)− ZSiH (I−Ri) ||2F

) . (14)

B. Proof of Convergence

Theorem 1: The objective function OCSNMF in (7) is non-increasing under the element-wise update

rule in (12)-(13).

To prove Theorem 1, we define an appropriate auxiliary function G which bounds the objective function

from above G(H,H(t−1)) ≥ OCSNMF (H) and also satisfies the condition G(H,H) = OCSNMF (H). Using

such an auxiliary function G, we can show that the update rule:

H(t) = arg min
H

G(H,H(t−1)) (15)

will never increase the objective function, since the following inequality holds:

OCSNMF

(
H(t)

)
≤ G

(
H(t),H(t−1)) ≤

G
(
H(t−1),H(t−1)) = OCSNMF

(
H(t−1)) . (16)
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Lemma 1: The function:

G(h, h
(m)
k,j ) = F

h
(m)
k,j

(h
(m)
k,j ) + F ′

h
(m)
k,j

(h− h(m)
k,j )

+
λ
∑Nc

l 6=m[SlZ
TX(I−Rl)]k,j + (1− λ)[SmZTZSmHRm]k,j

2h
(m)
k,j

(h− h(m)
k,j )2 (17)

is an auxiliary function for F
h
(m)
k,j

, which is the part of (7) that is only relevant to h(m)
k,j .

Proof: Let us denote the first and second order derivatives of F
h
(m)
k,j

with respect to h(m)
k,j by F ′

h
(m)
k,j

and

F ′′
h
(m)
k,j

, respectively which are evaluated as:

F ′
h
(m)
k,j

= (1− λ)
(
[SmZTZSmHRm]k,j − [SmZTXRm]k,j

)
+ λ

( Nc∑
l 6=m

[SlZ
TX(I−Rl)]k,j −

Nc∑
l 6=m

[SlZ
TZSlH(I−Rl)]k,j

)
, (18)

F ′′
h
(m)
k,j

= (1− λ)[SmZTZSm]k,k. (19)

Obviously, according to the definition of the auxiliary function in (17) it holds: G(h, h) = F
h
(m)
k,j

(h).

Consequently, we only need to show that G(h, h
(m)
k,j ) ≥ F

h
(m)
k,j

(h). In order to do this, we compare

G(h, h
(m)
k,j ) with the up to second order Taylor series expansion of F

h
(m)
k,j

(h) defined as:

F
h
(m)
k,j

(h) = F
h
(m)
k,j

(h
(m)
k,j ) + F ′

h
(m)
k,j

(h− h(m)
k,j ) +

1

2
F ′′
h
(m)
k,j

(h− h(m)
k,j )

2. (20)

By substituting (19) into (20) and comparing it with (17), we derive that, instead of showing that

G(h, h
(m)
k,j ) ≥ F

h
(m)
k,j

(h), we can equivalently prove that:

λ
∑Nc

l 6=m[SlZ
TX(I−Rl)]k,j + (1− λ)[SmZTZSmHRm]k,j

h
(m)
k,j

≥ (1− λ)[SmZTZSm]k,k. (21)

To prove the above inequality, we shall compare each term in (21) separately:

[SmZTZSmHRm]k,j =
M∑
i=1

[SmZTZSm]k,i[HRm]i,j ≥ [SmZTZSm]k,k[HRm]k,j

≥ [SmZTZSm]k,kh
(m)
k,j , (22)

Nc∑
l 6=m

[SlZ
TX(I−Rl)]k,j =

Nc∑
l 6=m

L∑
i=1

[SlZ
TX]k,i[I−Rl]i,j

≥
Nc∑
l 6=m

[SlZ
TX]k,j[I−Rl]j,j ≥ 0, (23)
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which is valid since all matrix elements are non-negative and

[I−Rl]j,j ≥ 0, ∀j ∈ 1, . . . , L. (24)

Summing up the above inequalities completes the proof. �

Proof of Theorem 1: Substituting G(h, h
(m)
k,j ) of (17) into (15) we derive:

h
(m)
k,j = arg min

h
G(h, h

(m)
k,j )⇔

h
(m)
k,j = h

(m)
k,j

(1− λ)[SmZTXRm]k,j + λ
∑Nc

l 6=m[SlZ
TZSlH(I−Rl)]k,j

λ
∑Nc

l 6=m[SlZTX(I−Rl)]k,j + (1− λ)[SmZTZSmHRm]k,j
. (25)

Consequently, (17) is an auxiliary function of (7) and OCSNMF is non-increasing under the update in

(12).

Next we define the auxiliary function G(z, z
(m)
i,k ) of F

z
(m)
i,k

which is similarly the part of (7) relevant to

z
(m)
i,k :

G(z, z
(m)
i,k ) = F

z
(m)
i,k

(z
(m)
i,k ) + F ′

z
(m)
i,k

(z − z(m)
i,k )

+
λ[X(I−Rm)HTSm]i,k + (1− λ)[ZSmHRmHTSm]i,k

2z
(m)
i,k

(z − z(m)
i,k )2.

(26)

The proof regarding the non-increasing behavior of (7) under the updates in (13) is similar and is omitted

here due to space limitation.

C. Classification Exploiting the Class Specific Projection Subspaces

Given a new test sample xtest we first compute its projection to the low dimensional subspace and

extract its discriminant features using the pseudo-inverse Z† = (ZTZ)−1ZT :

x́test = Z†xtest. (27)

However, instead of using this discriminant representation for classification as it is performed by most

of the current NMF-based algorithms we follow a different approach. Since the discriminant feature

vector can be also considered as the coefficients of the linear combination of the learned basis images
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that reconstructs the original test facial image, we follow a classification approach similar to the Sparse

Representation-based Classification (SRC) algorithm proposed in [14]. That is, for each class i, we use

the linear combination coefficients and only the basis images associated with the reconstruction of the

i-th class data samples, and approximate the given test sample as: x́
(i)
test = ZSix́test. Consequently, based

on these approximations, we then assign xtest to the class that minimizes the residual error between xtest

and x́
(i)
test:

arg min
i
||xtest − x́

(i)
test||F . (28)

IV. EXPERIMENTAL RESULTS

We compare the performance of the proposed CSNMF method with those of the NMF, DNMF [6],

and NPAF [8] algorithms for face and facial expression recognition on two popular datasets, namely the

Extended Yale B [15] and the Cohn-Kanade [16]. Moreover, in order to measure the recognition accuracy

attained by the NMF, DNMF and NPAF algorithms, we feed the projected facial representations to a

linear SVM classifier, while for the CSNMF method we have applied the classification scheme presented

in subsection III-C, which enables us to exploit the learned class specific projection subspaces.

A. Face Recognition in the Extended Yale B Dataset

Extended Yale B database consists of 2, 414 frontal face images of 38 individuals, captured under

various laboratory controlled lighting conditions. Similarly to the experimental setup applied in [14], we

have randomly selected for each subject half of the images for training, while the rest were used for testing.

All facial images were anisotropically scaled to a fixed size of 40× 30 pixels and vectorized in order to

form the data matrix to be decomposed. Searching for the optimal projection subspace, we have trained all

algorithms considering subspace dimensionality varying from 50 to 200. Table I summarizes the highest

performance achieved by each examined method and the respective projection subspace dimensionality.

CSNMF is superior to NMF and its discriminant variants, outperforming NMF, DNMF and NPAF by

10.6%, 7.0% and 6.0%, respectively.
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TABLE I

BEST FACE RECOGNITION ACCURACY RATES IN EXTENDED YALE B DATABASE

NMF DNMF NPAF CSNMF

85.9%(170) 89.5%(120) 90.5%(110) 96.5%(200)

B. Facial Expression Recognition in the Cohn-Kanade Dataset

The Cohn-Kanade AU-Coded facial expression database is among the most popular databases for

benchmarking methods that perform facial expression recognition. Each subject in each video sequence

of the database poses a facial expression, starting from the neutral emotional state and finishing at the

expression apex. To form our data collection, we neglected the intermediate video frames depicting subjects

performing each facial expression in increasing intensity level and considered only the last video frame

depicting each formed facial expression at its highest intensity. To form our data collection, face detection

was performed and the resulting facial Regions Of Interest (ROIs) were manually aligned with respect

to the eyes position and anisotropically scaled to a fixed size of 40 × 30 pixels. Finally, each grayscale

facial image was scanned row-wise, so as to form a feature vector which was used to compose either the

training or the test set.

To measure the facial expression recognition accuracy, we randomly partitioned the available samples

into 5-folds and performed a cross validation. This resulted into such a test set formation where some

expressive samples of an individual were left for testing, while his rest expressive images (depicting other

facial expressions) were included in the training set. In our experiments we used 407 images depicting 100

subjects, posing in 7 different emotional states (anger, disgust, fear, happiness, sadness, surprise and the

neutral emotional state). Figure 1 shows example images from the Cohn-Kanade dataset, depicting the six

basic facial expressions arranged in the following order: anger, fear, disgust, happiness, sadness, surprise

and the neutral emotional state. Table II summarizes the highest performance achieved by each examined

method and the respective projection subspace dimensionality. CSNMF was found to outperform both
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Fig. 1. Sample images depicting the different facial expressions from the Cohn-Kanade database.

NMF and DNMF algorithms, while a marginal improvement was also attained compared to NPAF.

TABLE II

BEST AVERAGE EXPRESSION RECOGNITION ACCURACY RATES IN COHN-KANADE DATABASE

NMF DNMF NPAF CSNMF

64.9%(180) 65.6%(190) 69.3%(170) 69.7%(200)

V. CONCLUSION

In contrary to current NMF-based algorithms that obtain a common low dimensional projection subspace

for all samples, independently of the class they belong to, the presented CSNMF method identifies unique

projection subspaces for each class learned from its training samples. To solve the CSNMF minimization

problem, we developed novel multiplicative update rules and proved their convergence. Moreover, in

order to exploit the learned class specific projection subspaces, we combined our method with a classifier

inspired by the SRC algorithm. We compared the performance of the proposed method with that of other

competing methods for face and facial expression recognition verifying its effectiveness in both tasks.
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