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1 Executive Summary 

 

This is the document 4.1. Report on the selected image descriptors, that is the output of the 
task 4.1. In this document we analyse different descriptors that can be suitable to describe  
histo-pathological images in a similar way as pathologists do and we select and test some low-
level descriptors as candidates for their use in BIOPOOL. 

 

Histological image description architecture is proposed where these descriptors are combined, 
quantified (into Bags-of-Visual-Words, BoW) and weighted, in order to optimize their 
descriptive capabilities. 

 

Based on this architecture several tests using different descriptor sets have been performed in 
order to check the viability of these descriptors for visual description of the histological images. 

 

All the low-level descriptors explained in this deliverable have been coded and adapted 
specifically for BIOPOOL project by people of Tecnalia. Some of them were already in our 
background, but others have been coded and adapted by means of the information available in 
different references that are properly indicated in each section. The high-level descriptors 
architecture, which is named Bag-of-Words has also been specifically designed and developed 
by Tecnalia trying to solve this specific problem in BIOPOOL.  

 

In the description of the tests carried out, only the visual results over one image is shown. We 
have thought that is was going to be more visual to compare the effects of every descriptor 
over the same input image, in order to appreciate which of them are providing more relevant 
information. In next deliverables, such as D4.2 - Report on visual indexing and search module, 
scheduled by M12, it will contain the retrieval search engine of images by similarity, by means 
of which the initial configuration of the sets of low-level descriptors will be tuned. At that 
moment, whole set of images will be available for evaluating results accuracy according to the 
measure indicators described in D1.4 - Validation plan. 
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2 Glossary 

 

BoW Bag of Words 

CD Configuration of Descriptor 

CMY Cyan Magenta Yellow 

DCT Discrete Cosine Transform 

DSIFT Dense Scale Invariant Feature Transform 

EHD Edge Histogram Descriptor 

GLCM  Gray Level Co-occurrence Matrix 

HSI Hue Saturation Intensity 

HSV Hue Saturation Value 

LAB Lightness A (green-red) B (blue-yellow) 

LBP Local Binary Pattern 

LBPF Local Binary Pattern Low Pass Filtering 

LDA Linear Discriminative Analysis 

MRF Markov Random Field 

PCA Principal Components Analysis 

RGB Red Green Blue 

SIFT Scale Invariant Feature Transform 
Table 2-1 – Glossary of terms 
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3 Problem outline 

 

An image consists of an ordered representation of a real world scene where each pixel is 
composed by three colour channels and represents a specific region of the visual scene. As a 
result, a single image contains a great amount of unstructured information. 

 

First research approaches tried to use this unstructured information for characterization and 
classification tasks. Due to its very large dimensionality (Hughes phenomena) the amount of 
training data required for developing robust characterization models failed into properly 
characterize an image. 

 

Because of that, different mathematical visual descriptors where created in order to 
characterize or to pre-adapt the data contained in an image and to extract information related 
to colour, texture, shape, border distributions that are closer to the way the Human Visual 
System works.  

 

In this way, we can define an image descriptor as a method or algorithm that transforms an 
image or a part of it in such way that it can model or describe visual features or image 
properties into high level concepts in a quantitative way (normally as a vector). 

 

In this document we analyse different descriptors that can be suitable to describe a histo-
pathological image in a similar way as pathologists do and we select and test some low-level 
descriptors as candidates for their use in BIOPOOL. 

 

Besides this, we propose a histological image description architecture where these descriptors 
are combined, quantified (BoW) and weighed optimizing their descriptive capabilities. 
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4 State of the Art of Histopathology Content based Image 
Retrieval Systems 

 

Medical image annotation and characterization problem presents much more difficulties than 
annotation for natural images where the images are described globally by the use of different 
descriptors that normally take into account the description of salient points and global features 
that gives an idea of the objects and of the concepts related to an image. 

 

However, this approach is not valid for histological image description as the expert 
interpretation of them is not based on global features but on the structure and architecture of 
certain zones in the image that do not fall into normality making this problem harder to solve. 
Because of these, several approaches have been made to adapt generic image retrieval 
algorithms for their use for histological image classification. 

 

In this way, Müller et al1 reviewed different content-based image retrieval systems for medical 
images extracts colour related features such as RGB, Luv, Lab and descriptors that correct the 
illumination variability. Texture descriptors such as Gabor filters, wavelets or Co-occurrence 
matrices information have been also used to capture the information included on the image. 

 

Desealers et al2 analyses different features to be included on a generic medical CBIR system and 
groups them into different types: (a) colour representation, (b) texture representation, (c) local 
features and (d) shape representation. 

 

Feature Name Type 

Appearance-based Image Features a,b,c,d 

Colour Histograms a 

Tamura features b 

Global Texture Descriptor b 

Gabor Histogram b 

Gabor Vector b 

Invariant Feature Histograms ab 

LF Patches  

 Global search ac 

 Histograms ac 

 Features ac 

LF Sift  

 Global search cd 

 Histograms cd 

 Features cd 
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MPEG 7: scalable colour a 

MPEG 7: colour layout ad 

MPEG 7: edge histogram b 

 

Desealers et al also checked these descriptors among different databases. Checking Figure 4-1, 
it can be appreciated that Irma database containing biomedical images is the one that performs 
worse results. 

 

 
Figure 4-1: Comparison of precision among different databases 

2
 

 

Previous results state that specific CBIR has to be designed for its use among histological 
images. In this way, Doyle et al3 proposes a classification system that divide the image in 
different regions and extract different feature descriptors such as Gray-level statistics, Haralick 
texture features, Gabor filter banks and develop Probabilistic Boosting Trees in order to 
optimize the weights among the different features. Although this has been used for 
classification purposes rather than for image retrieval, feature weighting can help adapt the 
system to respond in a similar way than pathologists and thus, should be included in a CBIR 
model.  

 

Caicedo et al4 first attempts on histological classification propose different feature vectors that 
are calculated for different regions in a histological image. They compute 7 different 
frequencies for Gabor filtering convolution, contrast, directionality and coarseness of Tamura 
textures and Zernike moments. Apart from these feature vectors values they calculate a 

                                                      
2
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codebook by clustering these feature vector value obtaining a dictionary histogram. Three 
different codebooks are created for this: 1) one based on the textural information, 2) another 
one based on SIFT based dictionary and 3) another based on DCT of each RGB channel. Their 
results states that colour features based on DCT perform best. However, combination of the 
different features deal to lower classification accuracies.  

 

Caicedo et al5 proposed a histopahology image classification system that quantifies the 
variability of the feature vector into a codebook (bag of words). This approach allows 
representing the subtle features differences that arise in the histological images. Each 
codebook is generated by clustering the collection of feature vectors that locally describe a 
micro-region of an image in terms of colour, texture and edges. Depending on which features 
are described by a vector, the codebook will be composed by words that represent different 
characteristics in that image sub-region. 

 

 
Figure 4-2: Histological images description for classification 

 

In order to describe each sub-region, the image is densely sampled and each point is described 
by a 9x9 neighbourhood creating a raw block for different scales. Second approach uses SIFT for 
location of salient points and its description. After that, codebook is generated and composed 
by clustering (using kmeans and Euclidean distance) (150 codebooks are used). Each image is 
then represented as the frequency of each codebook. In other approximations, Caicedo and his 
group6 include semantic information analysing the co-occurrence between text and visual 
characteristics. In their most recent work7, they propose a codeword selection based approach 
where the selected codewords present a high correlation or mutual information with some of 
the classes and they use bi-clustering analysis in order to associate each specific codewords 
with semantically connected images. Other authors weight the different codewords using a 
weak classifying approach based on boosting8. 
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Figure 4-3: Bi-clustering analysis 

 

As a conclusion, Histological CBIRs have not been deeply researched although there are 
different adaptations from traditional image retrieval systems. These adaptations lack of 
flexibility, capability to self-learning, adaptability and robustness. 
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5 General overview of possible image descriptors 

 

An image descriptor is a way of representing an image by its characteristics. There are several 
ways of classifying these characteristics, but in the current document the categories selected 
are: color, edge and texture. The descriptors introduced in the ‘color’ category, are those 
related with the color information of the image and those additional variables that may affect 
the color perception (e.g. intensity, brightness, etc). The descriptors explained in the ‘edge’ 
category, are those dedicated to identify the edges and bounds of objects in the image, the 
gradient, abrupt changes between adjacent pixels, etc. Finally, the ‘texture’ category describes 
the algorithms that are dedicated to find specifics objects in the image, patters, surface type, 
roughness, coarseness, etc. 

 

The image descriptors can be utilized either to obtain global or local characteristics. This means 
that the image descriptor can be calculated for the whole image or just for a specific region of 
it. It is also very common to divide the input image in regions of the same size, calculate the 
descriptors for each region separately, and then group the information of all the regions using a 
different image descriptor. Additionally, sometimes the image descriptor is calculated over 
different scaled versions of the same input image. This allows determining which characteristics 
can be obtained from each scale. 

 

There are hundreds of algorithms and approaches defined in the literature with the purpose of 
obtaining images descriptors related with the color, edges and texture characteristics of an 
image. Due to this, in the current section, we only describe the ones that we consider most 
important and that have been developed for BIOPOOL system.  

 

In order to illustrate all the algorithms and approaches that are described in this section, we will 
use the image shown in figure 5.1¡Error! No se encuentra el origen de la referencia.. This will 
help us to compare which are the visual results after applying the different filters presented. 
This image belongs to BIOEF repository. 
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Figure 5-1: Example image in RGB colours 

NOTE: From now on, and all over the document, we will use the image presented in figure 5.1  
to include examples about the different concepts that are explained. 

 

5.1 Raw image based algorithms 

5.1.1 Appearance based image features 

This approach directly uses the pixel values of the images as features by the use of the raw pixel 
values of a given block of the image. However, this approach tends to be no tolerant to 
variability and illumination changes. Sometimes, approaches like PCA or LDA are used to extract 
its textural and colour features in order to diminish the dimensionality of the structure. 

 

5.1.2 Discrete Cosine Transform 

A discrete cosine transform (DCT)9 expresses a finite sequence of data points in terms of a sum 
of cosine functions oscillating at different frequencies. This transform is similar to the discrete 
Fourier transform (DFT), but using only real numbers. The DCT-II is the most commonly used 
form and plays an important role in coding signals and images, e.g. in the widely used standard 
JPEG compression. Two related transforms are the discrete sine transform (DST), which is 
equivalent to a DFT of real and odd functions, and the modified discrete cosine transform 
(MDCT), which is based on a DCT of overlapping data. 

The DCT, and in particular the DCT-II, is often used in signal and image processing, especially for 
lossy data compression, because it has a strong "energy compaction" property. This is possible 
because most of the signal information tends to be concentrated in a few low-frequency 
components of the DCT.   

The DCT can be calculated for different dimensions.  For example, a two-dimensional DCT-II of 
an image or a matrix is simply the one-dimensional DCT-II, performed along the rows and then 
along the columns (or vice versa). The two dimensional (2D) DCT-II transform for an N by M 
image is defined by the following equation:  
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¡Error! No se encuentra el origen de la referencia.This shows the combination of horizontal 
and vertical frequencies for an 8 x 8 two-dimensional DCT. Each step from left to right and top 
to bottom is an increase in frequency by 1/2 cycle. For example, moving right one from the top-
left square yields a half-cycle increase in the horizontal frequency. Another move to the right 
yields two half-cycles. A move down yields two half-cycles horizontally and a half-cycle 
vertically. The source data (8x8) is transformed to a linear combination of these 64 frequency 
squares. 

 
Figure 5-2: 2-D Discrete Cosine transform basic functions 

The process to apply the DCT transform is as follows. The DCT compare the input images with 
each of the base images show in figure 5.2 ¡Error! No se encuentra el origen de la referencia., 
and then the F(u,v) coefficients counts the number of base images that form part of the input 
image.  Finally, each basis function is multiplied by its coefficient and then this product is added 
to the final image. 

 

Using the example image presented before, we can analyse how the energy is distributed all 
over the image. The results are presented in ¡Error! No se encuentra el origen de la 
referencia.figure 5.3. At first sight it’s possible to identify some relationship between the 
energy values and the basic functions of the transform depicted in figure 5.2¡Error! No se 
encuentra el origen de la referencia.. 
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Figure 5-3: DCT energy distribution 

When reconstructing the image after applying the DCT transform it’s possible to observe some 
effects of the compression, such as noise. ¡Error! No se encuentra el origen de la referencia. 
Figure 5.4 shows these results. The effects of the compressions are easily identifiable in the 
parts of the image with light colours. This transformation has been successfully applied to 
Image retrieval for histological images10 

 
Figure 5-4: Compressed image after DCT over Intensity plane 

 

5.2 Colour 

5.2.1 Colour spaces/models 

 

Each pixel that forms part of a digital image has an associated pixel value, which describes the 
brightness or colour of the pixel. In the simplest type of images, the binary images, the value of 
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the pixel can only be 1 or 0, which indicates either foreground or background. In grayscale 
images, the pixel value is a single number that represents the brightness of the pixel and with a 
range of possible values from 0 to 255. On the other hand, in the case of colour images, the 
pixel value is divided in different channels. For example, in RGB images, the pixel value is 
represented by a vector of 3 elements that includes the values of the red, green and blue 
channels independently. There are other types of images that can contain even more than 
three components for each pixel, as for example multi-spectral images. In any case, the pixel 
value an image is obtained by specifying a concrete position in the X and Y axis, and depending 
of the type of image, pixel will be defined by a single value or by a vector of elements.  

The purpose of a colour model is to facilitate the specification of the colours in a standardized 
way. In essence, a colour model is a specification of a 3D axis system and a sub-space within 
that systems where is colour is represented by a point. When working with colour images, it is a 
very common practice to convert the image to different colour spaces with the aim to obtain 
additional information about it. 

It’s mandatory to mention, that any of the descriptors that are presented in section 5 could be 
utilized with any of the colour spaces that are described below. The utilization of one or 
another colour model will depend on the typology of images at hand and the kind of 
information that is expected to obtain after applying the filter or algorithms. Hence, it’s not 
possible to make a generalization on this. 

 

A brief summary of different colour spaces and their main characteristics is presented below. 
There are more colour models that the ones described below, but only the most representative 
ones (with respect to the typology of images in the project), will be described. 

 

RGB 

From the point of view of the human eye, all the colours are seen as variable combinations of 
the three primary colours: Red (R), Green (G) and Blue (B). Hence, this colour space is based on 
the principle that the combination of these colours can produce all the possible visible colours. 
These colours can be mixed to product the light secondary colours: Cyan (C), Magenta (M) and 
Yellow(Y), which is another well-known colour space. The mixture of the three primary or 
secondary colours in equal proportions produces the white colour.   

This model is based on the Cartesian coordinates system. The subspace of colours of interest is 
show in figure 5.5¡Error! No se encuentra el origen de la referencia.. The primary colours RGB 
are shown in three of the vertices of the cube, the secondary colours in another three vertices, 
and the white and black colours are located in the remaining vertices. As depicted in the figure, 
the black is located in the origin of the axes, whereas the white colour is the point located at 
the furthest point from the origin. The diagonal line that connects the black and white colours 
represents the grey scale. Assuming that all the vectors are normalized, and that the colour are 
represented within the range [0, 1], the images of this model are described as the combination 
of the red, green, and blue channels in different proportions. So for example, a totally red pixel 
would be defined by (1,0,0), the green colour as (0,1,0) and the blue as (0,0,1). 
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Figure 5-5: RGB colour cube

1
 

 

Sometimes is necessary to work with the information of each channel separately. Figure 
5.6¡Error! No se encuentra el origen de la referencia. shows the information of each channel 
one by one. By doing this, it’s possible to see what colours are predominant in each region or 
the objects contained in a specific image. 

 
Figure 5-6: RGB channels of example image separately 

 

                                                      
1
 This figure belongs to 

http://homepages.inf.ed.ac.uk/rbf/CVonline/LOCAL_COPIES/OWENS/LECT14/lecture12.html 

http://homepages.inf.ed.ac.uk/rbf/CVonline/LOCAL_COPIES/OWENS/LECT14/lecture12.html
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HSI 

The HSI model is defined by the Hue (H), Saturation (S) and Intensity (I) values of the image.  
The hue is the colour attribute denoted by the following terms: red, yellow..., whereas the 
saturation is the colour attribute that establishes the difference with an achromatic stimulus 
without taking into account its brightness. This model is very useful for two different reasons: 
1) the intensity component can be obtained separately from the colour information of the 
image, 2) The hue and saturation components are highly related to the way human perceive 
the colour. These characteristics make the HSI model very suitable when developing algorithms 
based on any of the colour perception of the human visual system. 

The components of the models are defined with respect to the colour triangle shown in figure 
5.7¡Error! No se encuentra el origen de la referencia.. As depicted in the right side of the 
figure, the hue H is the degree with respect to the red axis. So for example, if H=0º the colour is 
red, if H=60º the colour is yellow, or if H=120º then the colour is green and so on. On the other 
side, the saturation S is proportional to the distance of the colour point to the centre of the 
triangle. As the colour point gets away from the centre W and gets closer to any of the sides of 
the triangle, the saturation degree is higher. Finally, as depicted in the left side of the figure, 
the intensity I is measured with a line perpendicular to the colour triangle. The intensity values 
which are below the triangle approximate to the black colour, and the ones above it progress to 
the white colour. 

 
Figure 5-7: HSI model triangles

2
 

 

The decomposition of the example image in the different channels of the HSI model is shown in 
¡Error! No se encuentra el origen de la referencia. figure 5.8. 

 

                                                      
2
 This figure belongs to 

http://homepages.inf.ed.ac.uk/rbf/CVonline/LOCAL_COPIES/OWENS/LECT14/lecture12.html 

http://homepages.inf.ed.ac.uk/rbf/CVonline/LOCAL_COPIES/OWENS/LECT14/lecture12.html
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Figure 5-8: Example image in the HSI colour space 

HSV 

HSV stands for Hue (H), Saturation (S) and Value (V). This colour space is very similar to the HSI 
model, with the difference that the intensity varies from black to white in a unique prism, 
instead of the double prism of the HSI model. The models corresponding to the HSV model is 
show in Figure 5-9. 

 
Figure 5-9: HSV model prism 

The result of converting the example image from RGB to HSV, and the value of each channel 
separately, is presented in figure 5.10¡Error! No se encuentra el origen de la referencia.. 
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Figure 5-10: Example image in the HSV color space 

 

L*a*b 

The L*a*b (CIELAB) is another colour space representation, where dimension ‘L’ represent 
lightness and ‘a’ and ‘b’ colour-opponent dimensions. Lab colour is designed to approximate 
human vision. It aspires to perceptual uniformity, and its L component closely matches human 
perception of lightness. It can thus be used to make accurate colour balance corrections by 
modifying output curves in the a and b components, or to adjust the lightness contrast using 
the L component. 

Figure 5.11¡Error! No se encuentra el origen de la referencia. shows a representation of the 
L*a*b model. The central vertical axis represents lightness L whose values run from 0 (black) to 
100 (white). The colour axes are based on the fact that a colour can't be both red and green, or 
both blue and yellow, because these colours oppose each other. On each axis the values run 
from positive to negative. On the a/a' axis, positive values indicate amounts of red while 
negative values indicate amounts of green. On the b/b' axis, yellow is positive and blue is 
negative. Neutral grey is a zero in both axes. 
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Figure 5-11: L*a*b model 

3
 

Figure 5.12¡Error! No se encuentra el origen de la referencia. shows the example image 
converted to the L*a*b colour model and the decomposition of each channel separately: 

 
Figure 5-12: Example image in the L*a*b colour space 

5.2.2 Mean and Variance  

The mean of a data set is simply the arithmetic average of the values in the set, obtained by 
summing the values and dividing by the number of values. The mean is a representation of the 
average gray levels of the image or of a region and gives information about its brightness. A 
bright image has high mean values and vice versa. 

Being ‘g’ the intensity levels of the image, the occurrence probability P(g) of a concrete level g is 
calculated in the following way: 

     
    

 
 

                                                      
3
 This figure belongs to http://dba.med.sc.edu/price/irf/Adobe_tg/models/cielab.html 

http://dba.med.sc.edu/price/irf/Adobe_tg/models/cielab.html
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where ‘M’ Is the number of pixels of the image and ‘N(g)’ is the number of pixel with intensity 
level g. Then, the formula employed for the calculation of the mean is: 

 

            
      

 
  

   

   

 

 

where ‘L’ is the total number of gray levels. For example, in an image with gray levels in the 
range [0, 255], the value of L would be 256. 

 

The result of calculating the mean over the green channel of the RBG image, and with a 
neighbourhood mask of 9x9, is shown below. 

 
Figure 5-13: Mean of Green channel with 9x9 mask 

 

On the other side, the variance of a data set is the arithmetic average of the squared 
differences between the values and the mean. In other words, it’s a measure of how far each 
value in the data set is from the mean. The variance is related to the contrast of the image. If 
the contrast of the image is high, it corresponds to a high variance value and vice versa. 

 

For obtaining of descriptors in BIOPOOL, we calculate the mean and the variance of different 
channels or space colours for a given neighbourhood. 

 

The formula utilized to calculate the variance is the following: 
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The result of calculating the variance over the green channel of the RBG image, and with a 
neighbourhood mask of 9x9, is shown¡Error! No se encuentra el origen de la referencia. below. 

 
Figure 5-14: Variance of Green channel with 9x9 mask 

 

5.2.3 Histogram 

 

The histogram of an image is a discrete function that represents the number of pixels in the 
image with respect to the intensity levels. It’s a graphical representation of the number of 
pixels for each tone value, very useful in order to see the tonal distribution at a glance. 

The horizontal axis of the graph represents the tonal variations, while the vertical axis 
represents the number of pixels in that particular tone. The left side of the horizontal axis 
represents the black and dark areas, the middle represents medium grey and the right hand 
side represents light and pure white areas. The vertical axis represents the size of the area that 
is captured in each one of these zones. Thus, the histogram for a very dark image will have the 
majority of its data points on the left side and centre of the graph. Conversely, the histogram 
for a very bright image with few dark areas and/or shadows will have most of its data points on 
the right side and centre of the graph. 

 

Gray-scale histogram 

The gray-scale histogram of an image represents the distribution of the pixels in the image over 
the gray level scale. It can be visualised as if each pixel is placed in a bin corresponding to the 
colour intensity of that pixel. All of the pixels in each bin are then added up and displayed on a 
bar graph, which is the histogram of the image. An example of this histogram can be seen in 
figure 5.16¡Error! No se encuentra el origen de la referencia., and the original image in gray 
colour is show in figure 5.15¡Error! No se encuentra el origen de la referencia.. 
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Figure 5-15: Example image in gray colour 

 
Figure 5-16 : Gray-scale histogram 

 

The histogram is a key tool in image processing. It is one of the most useful techniques in 
gathering information about an image. It is especially useful in viewing the contrast of an 
image. If the grey-levels are concentrated near a certain level the image is low contrast. 
Likewise if they are well spread out, it defines a high contrast image.  

The images can be modified by changing the characteristics of the histogram applying different 
operations. For example, if the histogram is equalized, the contrast of the image is enhanced. 
An example of this operation is depicted in figures 5.17¡Error! No se encuentra el origen de la 
referencia. and 5.18¡Error! No se encuentra el origen de la referencia.. Another type of 
operation that is usually applied is histogram normalization, where the histogram is stretched 
and shifted to cover all the 256 bins of the histogram. 
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Figure 5-17: Grey image equalized 

 
Figure 5-18: Gray-scale histogram equalized 

 

RGB Colour histogram 

A colour histogram11 is a representation of the distribution of colours in an image. This 
histogram represents the number of pixels that have colours in each of a fixed list of colour 
ranges, which span the image's colour space, the set of all possible colours. In other words, a 
histogram of an image is produced first by discretization of the colours in the image into a 
number of bins, and counting the number of image pixels in each bin. In this case, the 
histogram is calculated over the RGB channels.  

When working with RGB images, the histograms are calculated by each channel separately, and 
then comparisons among then can be made by overlapping the three histograms. The 
histograms are usually represented as bar charts, the X axis represents the categories (or in this 
case bins) and the Y axes represents the number of element in each category. The values on the 
RGB channels range between 0 and 255, so the bins of the histograms are also represented 
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with this range. The taller is a bar in the graph, the more pixels reside at that particular tonal 
range. An example of histogram can be seen in figures 5.19, 5.20 and 5.21¡Error! No se 
encuentra el origen de la referencia.. 

 
Figure 5-19 : Red channel histogram 

 
Figure 5-20: Green channel histogram 
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Figure 5-21: Blue channel histogram 

 

For description tasks we propose to calculate these histograms at different channels for a given 
neighbourhood in order to describe local regions. 

 

5.3 Gradient/ Edges 

 

Gradient based filters tend to characterize the edges and border distribution of an image or a 
region. This approach usually selects a bank of filters with different properties (scale, 
orientation…).  Each filter in the bank generates a filtered image that enhances specific features 
that are related to the properties of the filter. 

 

This means that we will get an N-channels filtered image where N is the number of filters that 
are present. In order to describe the image (or region) several solutions are proposed: 

- The use of the vector at certain pixel position as a descriptor (this vector is composed by 

the values of the N filtered channels at a given position (x,y)) 

- To measure certain measures from the neighbourhood of the pixel to be described  

o Mean and variance of the filtered channel at the neighbourhood of the pixel to 

be described. 

o Energy of the filtered channels 

o Histogram of the filtered channel in the neighbourhood of the pixel to be 

described. 

o Specific metrics that assure certain properties (affine, rotation invariance…) 

 



 Deliverable 4.1 v1.0 

28/02/2013 296162 29 

5.3.1 Sobel 

This operator12 calculates the gradient of the image intensity at each point, giving the direction 
of the largest possible increase from light to dark and the rate of change in that direction. The 
result therefore shows how "abruptly" or "smoothly" the image changes at that point and 
therefore how likely it is that that part of the image represents an edge, as well as how that 
edge is likely to be oriented.  

The operator uses two 3×3 kernels which are convolved with the original image to calculate 
approximations of the derivatives - one for horizontal changes, and one for vertical.  

 

    
    
    
    

             
      
   
   

  

 

The horizontal and vertical values can be combined to give the gradient magnitude. And 
therefore, the gradient direction can be extracted from the x and y gradient values. 

The result of the Sobel operator is a 2-dimensional map of the gradient at each point. It can be 
processed and viewed as though it is itself an image, with the areas of high gradient (the likely 
edges) visible as white lines. An example of this operation is show in figure 5.22¡Error! No se 
encuentra el origen de la referencia.. 

 
Figure 5-22 : Sobel edge detection 

 

5.3.2 Kirch 

This operator13 uses eight different kernel masks to compute the edge gradient magnitude and 
direction. There is an initial mask that is rotated with 45º increments, which results in eight 
masks representing the compass directions: N, NW, W, SW, S, SE, E, and NE. An example of 
these masks is attached below: 
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All the masks are computed for each point of the image. The edge magnitude is defined by the 
mask that produces the maximum value and the direction is the one of the mask that produces 
that maximum edge magnitude. 

 

 
Figure 5-23: Kirch edge detection 

5.3.3 Canny 

This operator14 is defined as a multi-stage algorithm, since the edge detection is obtained after 
applying different steps. For this reason, this algorithm is usually known as the optimal edge 
detector, since it combines other existing methods with the aim to enhance the results. In 
order to achieve this goal, the first step that is performed in the input image is a smoothing 
with a Gaussian filter to eliminate all the possible noise. Then, the second step is to calculate 
the gradients magnitudes in the same way as in the Sobel operator and highlight the regions 
with the highest spatial derivatives.  In the third step, the algorithm tracks along these regions 
and suppresses any pixel that is not at the maximum (non-maximum suppression).Then the 
gradient array is now further reduced by hysteresis. Hysteresis is used to track along the 
remaining pixels that have not been suppressed. Hysteresis uses two thresholds and if the 
magnitude is below the first threshold, it is set to zero (made a non-edge). If the magnitude is 
above the high threshold, it is made an edge. And if the magnitude is between the 2 thresholds, 
then it is set to zero unless there is a path from this pixel to a pixel with a gradient above T2. 
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Figure 5-24: Canny edge detection 

5.3.4 Gabor 

 

The Gabor filters15 have been found particularly appropriate for the problem of edge and 
texture discrimination because the frequency and orientation representations are similar to 
those of the human visual system. The advantage of using Gabor filters appears to stand in the 
ability of such filters to provide some degree of invariance to intensity, translation, and 
orientation. 
 
This filter is represented with a Gaussian kernel function modulated by a sinusoidal plane wave. 
This is an advantage in order to make some frequencies stand out at certain positions or 
directions. The Gabor filters are self-similar since all filters can be generated from one mother 
wavelet by dilation and rotation. 
 
The filter has a real and an imaginary component representing orthogonal directions. ¡Error! No 
se encuentra el origen de la referencia. Figure 5.25 shows the graphical representation of the 
real and imaginary parts independently. Both parts are normally combined to form the Gabor 
filter. The formula utilized for its calculation is illustrated in figure 5.26¡Error! No se encuentra 
el origen de la referencia.. Then, the Gabor filter is applied to the image with different 
frequencies and orientations in order to extract the desired features of the image. Generally, 
the Gabor filter is applied with 3 different spatial frequencies and eight different orientations. 
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Figure 5-25: Real (left) and Imaginary (right) components of Gabor filter

4
 

 
Figure 5-26: Gabor filter formulation 

When working with Gabor filter, it’s usual to create banks of filters with various scales and 
rotations of the original Gabor filter. The filters are convolved with the signal, resulting in a so-
called Gabor space. This process is closely related to processes in the primary visual cortex of 
the human. ¡Error! No se encuentra el origen de la referencia. Figure 5.27 below shows an 
example of Gabor filter bank with six different orientations and same scale. 

 

 

Figure 5-27: Example of Gabor filter with different orientations 
5
 

 

The results of filtering the example image with a bank of 4 Gabor filters (with the orientation 
0º, 45º, 90º and 135º) are illustrated in Figure 5-28. 

                                                      
4
 This figure belongs to http://www4.comp.polyu.edu.hk/~csajaykr/myhome/research/agabor.html 

5
 This figure belongs to http://www4.comp.polyu.edu.hk/~csajaykr/myhome/research/palmcode.html 

http://www4.comp.polyu.edu.hk/~csajaykr/myhome/research/agabor.html
http://www4.comp.polyu.edu.hk/~csajaykr/myhome/research/palmcode.html
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Figure 5-28: Example image filtered with Gabor 

 

Once the image has been filtered using the different filters in the filter bank we get K filtered 
images, where K is the number of filters. There are several ways to describe a specific 
filter16,17,18: 

 

- To use the K dimensional vector obtained by the values at a specific filter. 

- To calculate the Energy (real and imaginary part) of the filtered image. 

- To calculate the mean and variance of the neighbourhood of the pixel to be described. 

- To calculate the histogram of the filtered image at the neighbourhood. 

- To add the response of similar filters at the different orientations and use some of the 

above approaches to get rotation invariance. 

 

5.3.5 Wavelets 

 

The use of Wavelets is an approach very common in signal processing. Their main advantage is 
that they allow multi-resolution analysis at different scales or resolutions. A wavelet is a wave 
of limited length with an average value or zero. The wavelets analysis consists of the 
decomposition of an arbitrary signal in different scaled and translated versions of the original 
wave.  The idea behind the wavelets transform is to represent any arbitrary function as a 
superposition of a set of wavelets or base functions.  

There are several approaches that implements the wavelets transform, but the best-well knows 
are Haar and Daubechies. These filters are explained below. 

 

Haar Wavelet 

The Haar wavelet19 is one of the earliest and simplest examples of wavelet transform. It’s a 
square-like function, defined by an odd rectangular pulse pair, as show in mother wavelet at 
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the left side of Figure 5-29¡Error! No se encuentra el origen de la referencia..  The technical 
disadvantage of the Haar wavelet is that it is not continuous, and therefore not differentiable. 
However, this can be an advantage in the analysis of signals with sudden transitions, as for 
example, the detection of edges in an image. This type of wavelets is also usually employed to 
eliminate noise in the input images or signals and to compress the data contained within it. 

 

The Haar mother wavelet is described by the following function: 

      

            

   
 

 
    

            

  

 

The wavelets can be utilized at different scales or translation as shown in the right side of figure 
5.29¡Error! No se encuentra el origen de la referencia.. There are also various levels of the 
Haar wavelet, which are not described in this document for simplification. 

 

 
Figure 5-29: Haar wavelet 

 

Daubechies Wavelet 

The Daubechies wavelet transforms are defined in the same way as the Haar wavelet 
transform, the only difference between them consists in how these scaling signals and wavelets 
are defined. For the Daubechies wavelet transforms, the scaling signals and wavelets have 
slightly longer supports, i.e., they produce averages and differences using just a few more 
values from the signal. This slight change, however, provides a tremendous improvement in the 
capabilities of these new transforms. They provide us with a set of powerful tools for 
performing basic signal processing tasks. These tasks include compression and noise removal 
for audio signals and for images, and include image enhancement and signal recognition. 

 

Daubechies orthogonal wavelets D2-D20 are commonly used. The index number refers to the 
number N of coefficients. Each wavelet has a number of zero moments or vanishing moments 
equal to half the number of coefficients. For example, D2 (which is actually the Haar wavelet) 
has one vanishing moment, D4 has two, etc. A vanishing moment limits the wavelet's ability to 
represent polynomial behaviour or information in a signal. For example, D2, with one moment, 
easily encodes polynomials of one coefficient, or constant signal components. D4 encodes 
polynomials with two coefficients, i.e. constant and linear signal components; and D6 encodes 
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3-polynomials, i.e. constant, linear and quadratic signal components. A couple of examples 
showing the shape of this wavelet are depicted in figure 5.30¡Error! No se encuentra el origen 
de la referencia.. 

 
Figure 5-30: Daubechies wavelet 

 

5.3.6 SIFT 

The Scale Invariant Feature Transform20 is an algorithm that detects interesting and invariant 
points in the objects of an image and creates their corresponding feature descriptors. Then, 
these descriptors can be utilized to recognize a specific object in similar images containing so 
many other objects. In order to achieve this, it’s important to ensure that the extracted 
features are identifiable under changing conditions, such us the scale of the image, noise or 
different illumination. For that reason, these descriptors are usually located in regions of the 
image with high-contrast, for example, in the edges. 

Another characteristic to take into account when extracting these features is that the relative 
positions between in the original image should not change from one image to another. 
Otherwise, the object recognition will fail. This is especially difficult to ensure with features 
located in articulated or flexible objects if any change in their internal geometry happen 
between images. However, with the aim to reduce the errors caused by these possible 
variations, the SIFT algorithm detects and uses large numbers of features. 

 



 Deliverable 4.1 v1.0 

28/02/2013 296162 36 

 
Figure 5-31 : SIFT calculation steps summary

6
 

 

The process of generating the set of image features can be summarized in the following stages: 

1. Scale-space extreme detection. A Gaussian blur is applied at different scales with the 

goal to identify potential interest points that are invariant to scale and orientation. 

2. Keypoint localization. The previously detected candidates are analysed and the 

keypoints are selected based on their stability. 

3. Orientation assignment. One or more orientations are assigned to each keypoint based 

on their local image gradient directions. 

4. Keypoint descriptor. The gradients are measured at the selected scale and transformed 

into a representation that will define its fingerprint.  

The process of automatically locating the keypoints in the example image returns the results 
shown in 5.32¡Error! No se encuentra el origen de la referencia. below. The orientations 
assigned to the identified keypoints are additionally shown in 5.33¡Error! No se encuentra el 
origen de la referencia.. 

                                                      
6
This figure belongs to http://eecs.vanderbilt.edu/cis/crl/wm.shtml 

http://eecs.vanderbilt.edu/cis/crl/wm.shtml
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Figure 5-32: SIFT keypoints localization 

 
Figure 5-33: SIFT keypoints orientations assignment 

5.3.7 DSIFT 

The Dense SIFT21 is a variation of the normal SIFT, based on the assumption that a larger set of 
image descriptor provide in a dense grid provide more information than the descriptors 
calculated for a sparser set of points. This approach has shown better classification results than 
the normal SIFT, and for this reason is considered as the state of the art approach for visual 
object classification. 
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Figure 5-34: DSIFT calculation approach

7
 

The only requisites to apply this algorithm are the definition of the sampling step and the 
bounding box. The “sampling step” variable establishes the separation between the keypoints 
of the image, which are calculated with a regular basis. On the other side, the “bounding box” 
defines the area of interest of the image in which the DSIFT algorithm will be applied. It’s also 
possible to define the size of the bin around the keypoint. Then, the keypoint descriptors are 
normally calculated in the same ways as in the SIFT operator, taking also into account the bin 
size. Alternatively, some variations of the algorithm present in the literature skips the 
normalization in the calculation of the descriptor. These concepts are illustrated in the picture 
above. 

 

5.3.8 Colour SIFT 

 

This is another variation of the basic SIFT algorithm, which considers colour gradients rather 
than intensity gradients. However, the representation of the colour gradient is not 
straightforward and involves making some decisions. The variables affecting the colour 
descriptor may be many, and their choice usually depends on the specific problem to solve. 
Some usual alternatives are the normalized colour descriptor, the raw opponent colour 
descriptor, or the HSV descriptor. 

The feature descriptor of the basic SIFT algorithm was a vector of 128. In the case of the Colour 
SIFT22 (at least in the approach presented in the referenced paper), the descriptor is always 
composed by 3 vectors of 128 values, independently of the variable alternatives previously 
selected. The first vector is exactly the original SIFT descriptor, based on intensity values.  The 
other two vectors a colour based. Hence, the intensity, shadow and shading effects are present 
in the intensity vector, whereas the pure chromatic information if located in the additional 
colour vectors. 

 

                                                      
7
This figure belongs to http://www.vlfeat.org/api/dsift.html 

http://www.vlfeat.org/api/dsift.html
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5.3.9 Edge Histogram descriptor (EHD) 

The idea behind the Edge Histogram Descriptor23 is that of local processing. The image is 
divided into 4×4 sub-images and each sub-image is further divided into smaller image blocks 
(typically 4×4 pixels). The standard allows for having vertical, horizontal, diagonal (45 and 135 
degrees) and non-directional edges. If the image block is a monotone, no edge is counted. 
Simple filtering of the image blocks allows obtaining the most prominent edge in the block. A 
histogram of 5 bins (1 for each edge type, as shown in figure 5.35¡Error! No se encuentra el 
origen de la referencia.) is computed over all the image blocks in the sub-image. This 
procedure is repeated for all the 16 sub-images and hence we obtain 80 histogram coefficients. 
The standard proposes non-linear quantisation for the sake of storage (3 bits / coefficient). 

 
Figure 5-35: EHD edges types 

5.4 Texture 

5.4.1 LBP 

The local binary pattern (LBP)24 texture analysis operator is defined as a gray-scale invariant 
texture measure, derived from a general definition of texture in a local neighbourhood. The LBP 
operator can be seen as a unifying approach to the traditionally divergent statistical and 
structural models of texture analysis.  

LBP is a binary code that describes the local texture pattern. It is built by thresholding a 
neighbourhood by the gray value of its centre. The basic LBP takes into account the 8 
neighbours that are located around the pixel to compute, creating a pattern of binary values. If 
the value of the neighbour is lower than the value of the current pixel, then the pattern value is 
0. If the value is equal or higher, then the pattern value is 1. Next, the calculated pattern is 
multiplied by a pre-calculated mask that contains the weights of each neighbour. Finally, the 
LBP value of the pixel is the sum of the values obtained in the previous multiplication. The idea 
is illustrated in the figure below.  

 

Figure 5-36 : LBP calculation example
8
 

                                                      
8
This figure belong to referenced paper 
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Through its recent extensions, the LBP operator has been made into a really powerful measure 
of image texture, showing excellent results in terms of accuracy and computational complexity 
in many empirical studies. Perhaps the most important property of the LBP operator in real-
world applications is its robustness to monotonic gray-scale changes caused, for example, by 
illumination variations. 

 
Figure 5-37: LBP values of example image 

 

5.4.2 Multi-scale LBP 

 

There are several extensions of the LBP in the literature but the current one25 is specially 
designed for achieving gray-scale and rotation invariant texture classification. The definition of 
circular symmetric neighbourhoods of gray values derives an operator that is invariant against 
any monotonic transformation of the gray scale. Then, rotation invariance is achieved by 
recognizing that the operator incorporates a fixed set of rotation invariant patterns. 

 

The success of this approach lies in the identification of “uniform” patterns, which refers to the 
uniform appearance of the local binary patterns. The most frequent uniform patterns 
correspond to primitive micro textures, such as edges, corners and spots, so they are usually 
regarded as features detector. A local binary pattern is called uniform if the binary pattern 
contains at most two bitwise transitions from 0 to 1 or vice versa when the bit pattern is 
traversed circularly. For example, the patterns 00000000 (0 transitions) and 01110000 (2 
transitions) are uniform, whereas 11001001 (4 transitions) and 01010010 (6 transitions) are 
not. 

 

This operator allows detecting uniform local binary patterns at circular neighbourhoods of any 
quantization of the angular space and at any spatial resolution. Then, the operator is defined as 
the circular symmetric neighbour of P members within a circle or radius R. An example of this is 
shown below: 
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Figure 5-38 : LBP circular symmetric neighbourhood

9
 

 

As output of the operator, an occurrence histogram of the uniform patterns is calculated. For 
example, when using (8,R) neighbourhood, there are a total of 256 patterns, 58 of which are 
uniform, which yields in 59 different labels in the histogram. The computation of this 
histograms allow to combine structural and statistical approaches, since the LBP detects 
microstructures (e.g., edges, lines, spots, flat areas) whose underlying distribution is estimated 
by the histogram. 

 

The performance of the operator is enhanced when it is combined with rotation invariant 
variance measures, which characterizes the contrast of local image texture. Finally, the multi 
resolution analysis can be accomplished by combining the information provided by multiple 
operator of varying (P, R). For more information about this, please check the reference. 

 

5.4.3 LBPF 

Sometimes, the simple LBP operator results inadequate to represent an image signal because of 
aliasing problems. The cause if the noise sensitivity of the operation when sampling is made at 
single pixel positions. This instability of the LBP in sparse sampling can be addressed by mixing 
the LBP with Gaussian low-pass filtering.  

As mentioned before in the document, the LBP operator can be combined with multi-scale 
filtering in a straightforward way. Then, using Gaussian low-pass filters, each sample in the 
neighbourhood can be made to collect intensity information from an area larger than the 
original single pixel. The filters and sampling positions are designed to cover the neighbourhood 
as well as possible while minimizing the amount of redundant information. As a consequence, 
the radius of the LBP operators used in the multi-resolution version grows exponentially.  
 
The procedure used in building a multi-resolution filtered LBP is very similar to that used in the 
multi-scale LBP25. The only difference is in that neighbourhood samples with radius greater than 
one are obtained via low-pass filtering. Furthermore, neighbourhood radius are not chosen 
arbitrarily, but so that the effective areas touch each other. This approach is illustrated below. 

 

                                                      
9
This figure belongs to the paper referenced in OJALA02 

25
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Figure 5-39: Approach of Low Pass LBP (LBPF) 

 

5.4.4 Co-occurrence matrices 

The co-occurrence matrix is a statistical approach very popular because of their good 
performance.  This approach was originally created for the description of image texture and 
posterior classification. These matrices contain elements that are counts of the number of pixel 
pairs that reach some condition. An example of this matrix for gray level values is depicted in 
the right side of figure 5.40¡Error! No se encuentra el origen de la referencia..  

 

 
Figure 5-40: Co-occurrence matrix example 

The figure below shows the results of calculating a gray-level co-occurrence matrix for a 4x5 
image. Element (1,1) in the GLCM contains the value 1 because there is only one instance in the 
image where two, horizontally adjacent pixels have the values 1 and 1. Element (1,2) in the 
GLCM contains the value 2 because there are two instances in the image where two, 
horizontally adjacent pixels have the values 1 and 2, and so on. 
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The Haralick and original approach is explained with more detail below. Some other 
approached were presented after Haralick with the aim to improve the description capability. 
Examples of this are the Grey-level difference statistics (also known as first order statistics) and 
the second order statistics26. Other approaches include the statistical feature matrix, which 
have the advantage of faster generation. 

 

Grey-level co-occurrence matrix (Haralick) 

This approach27 usually takes the name of his author since he was the person that originally 
proposed this method. However, it’s also mentioned in the literature as Grey-level co-
occurrence matrix. 

 

Let’s define I as the whole grey scale image and N as the total number of gray levels in it. Then, 
the results matrix G, will be a square matrix of order G, where the (i, j) the entry of G represents 
the number of occasions a pixel with intensity i is adjacent to a pixel with intensity j. The 
normalized co-occurrence matrix is obtained by dividing each element of G by the total number 
of co-occurrence pairs in G. The adjacency can be considered in any of the eight directions that 
are shown in figure 5.41¡Error! No se encuentra el origen de la referencia.. The adjacency 
distance of the pixels in the image can also be configured. 
 

 
Figure 5-41: Grey-level co-occurrence matrices directions 

The combination of various matrices with different directions and adjacency distances lead to 
the definition of texture descriptors that can be utilized afterwards in classification tasks.  

 

5.4.5 Tamura histogram 

Tamura features28 are related to human visual perception: coarseness, contrast, directionality, 

line-likeness, regularity, and roughness that can be used to generate an histogram to describe 
the texture29. 
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6 Histological Images Description Architecture (HIDEA) 

 

Previously described descriptors by themselves are not capable of properly describe the 
intrinsic variability of a histological image. This is due to the image’s nature and by the fact that 
the different regions of the histological images present very variable colour, textural and edge 
characteristics. Besides this, the similarity perceived by the histopathologists is not related just 
to the colour, edge and textural properties at a specific zone on an image, but to the relations 
that exist among the different sub-zones, the architectural distribution and relationship 
between the different elements (tissue, cells, stroma…) in the image.  

 

The proposed histological image description architecture has to be able to be adapted to the 
way the pathologists perform and to automatically emphasise the strength among the different 
descriptors to be adapted to the pathologist evaluation and analysis of the images. 

 

6.1 Proposed architecture 

Histopathology image classification is not dependant on the overall properties of the whole 
histological slide. Actually, a histological slide presents zones that can be classified in a different 
way (normal, benign…) than others (pathology and stadium). In addition to this, the histological 
image analysis has to be addressed at different scales in order to capture the overall 
architectural appearance of the image as well as  capturing the subtle little appearance 
differences that are present on the more precise scales. 

 

In the proposed architecture we propose to analyse the histological images in a multi-scale 
pyramidal way at different scales:  

1) A full resolution scale to capture the subtle features of each cell. 

2) A second level where the image is scaled to ½ to capture the relationships among 

different cells 

3) A third level where the image is scaled to ¼ to capture the architectural information. 

 
Figure 6-1: Steps of the proposed architecture 

As a histological image is associated to a different classification depending on the region we are 
checking, and in order to achieve better precision, each histological image is divided into 
regions (~300x300px) where this multi-scale analysis will be performed. 
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7 Selected image descriptors 

 

Before, we described generic descriptors that are able to model the visual properties of an 
image. Based on this analysis different descriptors have been considered and tested. To this 
end, the architecture proposed in section 6 has been employed. Based on this architecture, the 
image is divided into different regions and those regions are sampled and described by 
different visual features (words) that are extracted by clustering techniques. In these tests we 
have configured different descriptors and we have generated the visual words that were 
relevant for a collection of histological images. According to that we have transformed the test 
image into a visual words image and each image region is described by a word based histogram. 

 

 

 
Figure 7-1: Image description architecture 

 

All the tests presented in this section have been performed with a discretization parameter that 
sets the control points that are going to be described (step size = 20), and the borders of the 
image are not used to assure integrity of the description in the borders of the image 
(bordersize=70). Additionally, each descriptor has been configured with other additional 
parameters as detailed in the corresponding subsections.  

 

Global conditions: 

-step=20 

-bordersize=70 

7.1 Colour 

7.1.1 RGB Mean and Variance 

In this case, each RGB channel is processed separately in 21x21 pixel sized regions. The 
information obtained for in channel is combined afterwards to create a descriptor. Eight 
different codewords were extracted. 

 

 Local conditions: 

  -winsize= 21 
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Figure 7-2: RGB Mean and Variance based classification 

 
Figure 7-3: RGB Mean and Variance classification based Statistics 
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7.1.2 L*a*b Mean and Variance 

In this case, each Lab channel is processed separately in 11x11 pixel sized regions. The 
information obtained for in channel is combined afterwards to create a descriptor. Eight 
different codewords were extracted. 

 

 Local conditions: 

  -winsize= 11 

 

 
Figure 7-4: L*a*b Mean and Variance based classification 

 
Figure 7-5: L*a*b Mean and Variance based classification Statistics 



 Deliverable 4.1 v1.0 

28/02/2013 296162 48 

7.1.3 RGB Histogram 

In this case, each RGB channel is processed separately in 11x11 pixel sized regions. The 
information obtained for in channel is combined afterwards to create a descriptor. Eight 
different codewords were extracted. 

 

 Local conditions: 

  -winsize= 11 

 
Figure 7-6: RGB Histogram based classification 

 
Figure 7-7: RGB Histogram based classification Statistics 
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7.1.4 L*a*b Histogram 

In this case, each Lab channel is processed separately in 11x11 pixel sized regions. The 
information obtained for in channel is combined afterwards to create a descriptor. Eight 
different codewords were extracted. 

 

 Local conditions: 

  -winsize= 11 

 
Figure 7-8: L*a*b Histogram based classification 

 
Figure 7-9: L*a*b Histogram based classification Statistics 
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7.2 Gradient / Edges 

7.2.1 RGB DSIFT 

In this case, each RGB channel is processed separately in 32x32 and 64x64pixel sized regions. 
The information obtained for in channel is combined afterwards to create a descriptor. Eight 
different codewords were extracted. 

 

Local conditions: 

  -winsize= 1) 32; 2) 64 

 
Figure 7-10: RGB DSIFT based classification 

 
Figure 7-11: RGB DSIFT based classification Statistics 
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7.2.2 L* DSIFT  

In this case, L channel is processed separately in 32x32 and 64x64pixel sized regions. The 
information obtained for in channel is combined afterwards to create a descriptor. Eight 
different codewords were extracted. 

 

Local conditions: 

- winsize= 1) 32; 2) 64

 
Figure 7-12: L* DSIFT based classification 

 
Figure 7-13: L* DSIFT based classification Statistics 
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7.2.3 a*b DSIFT 

 

In this case, ab channels are processed separately in 32x32 and 64x64pixel sized regions. The 
information obtained for in channel is combined afterwards to create a descriptor. Eight 
different codewords were extracted. 

 

Local conditions: 

- winsize= 1) 32; 2) 64

 
Figure 7-14: a*b DSIFT based classification

 

Figure 7-15: a*b DSIFT based classification Statistics 
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7.3 Texture 

7.3.1 RGB Multi-scale LBP 

 

Each channel is processed separately twice under different conditions. The winsize is 
maintained in both configurations, the values that change are those related to the extended 
Local Binary Pattern (LBP) algorithm. Our implementation of the LBP algorithm allows defining 
the number of points P and the radius R that are utilized for the calculation of the LBP values. 

 

Local conditions: 

-winsize= 35 

- P=  

1) 8 

2) 16 

-R= 

1) 1 

2) 2 

 

 
Figure 7-16: RGB Multi LBP based classification 
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Figure 7-17: RGB Multi LBP based classification Statistics 

 

7.3.2 L* Multi-scale LBP 

The configuration is the same as in the previous test, but in this case the test is executed only 
for the L channel of the L*a*b space. 

Local conditions: 

-winsize= 35 

- P=  

3) 8 

4) 16 

-R= 

3) 1 

4) 2 
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Figure 7-18: L* Multi LBP based classification 

 
Figure 7-19: L* Multi LBP based classification Statistics 

 

7.3.3 a*b Multi-scale LBP 

The configuration is the same as in the previous test, but in this case the test is executed only 
for the a*b channels of the L*a*b space. 
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Local conditions: 

-winsize= 35 

- P=  

5) 8 

6) 16 

-R= 

5) 1 

6) 2 

 

 
Figure 7-20: a*b Multi LBP based classification 
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Figure 7-21: a*b Multi LBP based classification Statistics 

 

7.3.4 RGB Gabor 

This test has been performed on the RGB colour space and with regions of size 21x21.  

Local conditions: 

-winsize= 21 

-Gabor orientations: 0º, 45º, 90º, 135º 
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Figure 7-22: RGB Gabor based classification 

 
Figure 7-23: RGB Gabor based classification Statistics 

7.3.5 L*a*b Gabor 

These tests have been executed in the same conditions as the previous one, but in this case 
using the L*a*b colour space. 

 

Local conditions: 
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-winsize= 21 

-Gabor orientations: 0º, 45º, 90º, 135º 

 

 
Figure 7-24: L*a*b Gabor based classification 

 
Figure 7-25: L*a*b Gabor based classification Statistics 
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8 Conclusions 

 

In this document, we have described different descriptors that are able to characterize an 
image or a region in terms of its textural, edge and colour properties in a quantitative way. We 
have also proposed an architecture that is able to introduce flexibility on the generation of the 
concepts that will describe the histological images which are the purpose of BIOPOOL system. 

 

This histological image description architecture is based on descriptors sets that are combined, 
quantified (BoW) and weighted in order to optimize their descriptive capabilities. 

 

The performed tests show that it is necessary more tests after the integration with the retrieval 
engine (trained by means of the annotated images by the pathologists according to the 
similarity they appreciate in the images) to tune the description sets in order to be able to 
better describe the visual concepts that arise from these images. Besides, more codewords are 
necessary and a bigger training set is necessary in order to generate real discriminative 
codewords. This will be covered by next tasks in the project, mainly 4.2, so detailed results will 
be shown in deliverable D4.2 scheduled by M12. 

 

The proposed approach allows flexible and robust metric learning that will be able to properly 
describe similarity as perceived by the medical staff. This metric learning will also be covered in 
subsequent tasks in the project. 
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