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1. Summary description of the project objectives
Camera miniaturization and mobile computing now makes it feasible to capture and process videos from 
body-worn cameras such as the Google Glass headset. This egocentric perspective is particularly well-
suited to recognizing objects being handled or observed by the wearer, as well as analyzing the gestures 
and tracking the activities of the wearer. The main goal of the three-year project EgoVision4Health, was to 
investigate new egocentric computer vision techniques to automatically provide health professionals with 
an assessment of their patients’ ability to manipulate objects and perform daily activities. The main 
research objectives were: 1) to introduce the use of wearable RGB-D cameras and advance existing 
knowledge on object detection in first-person views, and 2) to analyze object manipulation and daily 
activities using detailed 3D models of the human body (hands, upper-body, full-body).

2. Description of the work performed
In the first months of the project, Dr Rogez created a prototype of wearable RGB-D camera by chest-
mounting an Intel Creative camera using a GoPro harness. He then collected and annotated (full 3D hand 
poses) the first RGB-D benchmark dataset of real egocentric object manipulation scenes. He developed a 
semi-automatic labelling tool to accurately annotate partially occluded hands and fingers in 3D. In a second 
phase, Dr Rogez developed his own rendering engine which synthesizes photorealistic RGB-D images of 
egocentric object manipulation scenes. This led to the creation of a large scale training dataset of synthetic 
egocentric RGBD images that Dr Rogez used to train several new computer vision algorithms for detection 
and recognition of hands during everyday object manipulations. Then, Dr Rogez analyzed functional object 
manipulations, this time focusing on fine-grained hand-object interactions. He made use of a recently 
developed fine-grained taxonomy covering everyday interactions and created a large dataset of 12000 
RGB-D images covering 71 everyday grasps in natural interactions. This Grasp UNderstanding dataset 
(GUN-71) is publicly available. In the last period of the fellowship, Dr Rogez addressed the more general 
problem of full-body 3D pose estimation in third-person images. This is relevant in case of interactions of 
the camera wearer with other persons observed from the wearable camera. He developed a new data 
synthesis technique to generate large-scale (2 millions images) training data that were later used to train 
Deep Convolutional Neural Networks. This dataset is also publicly available.

3. Description of the achieved results
With the research activity performed during the outgoing phase, Dr Rogez reached a large part of the 
objectives described in the proposal. He introduced the use of wearable RGB-D cameras and advanced 
existing knowledge on hand and object detection in first-person views. In particular, he defined and 
developed the new concept of “Egocentric Workspace” and the associated spherical encoding of depth 
features. This concept allowed developing a new computer vision based method that estimates the 3D 
pose of an individual’s upper limbs (arms+hands) from a chest mounted depth-camera reaching state-of-
the-art results in real-time. Dr Rogez then analyzed functional object manipulations during daily activities  
and explored the problem of contact and force prediction (crucial concepts in functional grasp analysis) 
from perceptual cues. His analysis reveals the importance of depth for segmentation and detection, and the 



�
�

effectiveness of state-of-the-art deep RGB features for detailed grasp understanding. Finally, Dr Rogez 
tackled the more complex problem of full-body 3D pose estimation in RGB images and achieved 
outstanding results. He artificially augmented a dataset of real images with new synthetic images and 
showed that Convolutional Neural Networks (CNN) can be trained on artificial images and generalize well 
to real images. His end-to-end CNN classifier for 3D pose estimation outperforms state-of-the-art results in 
terms of 3D pose estimation in controlled environments and shows promising results in the wild.

Figure 1. Egocentric pose estimation. (a). Synthetic egocentric camera mounted on a virtual avatar and egocentric workspace. (b) 
Examples of synthetic training depth images. (c) Depth features computed on the whole egocentric workspace for classification. (d) 
Our prototype (upper-left) of wearable RGB-D camera  and pose estimation results in real egocentric RGB-D images. 

4. Results and their potential impact and use (including the socio-economic impact 
and the wider societal implications of the project so far).

The main motivation of EgoVision4Health is assistive technology. Clinicians watch and evaluate patients 
performing everyday hand-object interactions for diagnosis and evaluation. A system with patient-wearable 
camera would allow for long-term monitoring and have an important socio-economic impact. A 
demonstrator recognizing manipulation of object during basic activities of daily living has been developed.
     Egocentric/wearable cameras seem to be emerging as a significant topic in Computer Vision, and Dr 
Rogez’s depth-based take on things will prove to be impactful in the field. His publications are being cited, 
his results and the different datasets that he constructed are being used by other research groups. In 
particular, his new grasp dataset GUN-71 is different from past work (usually addressed from a robotics 
perspective) in terms of its scale, diversity, and combination of RGB and depth data. Anonymous reviewers 
said that this work “makes a nice contribution to the community”, representing “a great effort” that 
introduces a “valuable” dataset that “is more comprehensive than any other comparable dataset available, 
and is likely to be used in future research”. Dr Rogez introduced the traditionally-robotics problem of visual 
grasp prediction, including contact+force prediction, to a computer vision audience. Currently, such work on 
the robotics-vision boundary is targeted exclusively for robotics conferences. This exclusion limits progress 
for computer vision. The first feedbacks suggest that Dr Rogez’s work will help remedy this.
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gregory.rogez@inria.fr
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Abstract

We tackle the problem of estimating the 3D pose of an in-
dividual’s upper limbs (arms+hands) from a chest mounted
depth-camera. Importantly, we consider pose estimation
during everyday interactions with objects. Past work shows
that strong pose+viewpoint priors and depth-based features
are crucial for robust performance. In egocentric views,
hands and arms are observable within a well defined vol-
ume in front of the camera. We call this volume an egocen-
tric workspace. A notable property is that hand appearance
correlates with workspace location. To exploit this correla-
tion, we classify arm+hand configurations in a global ego-
centric coordinate frame, rather than a local scanning win-
dow. This greatly simplify the architecture and improves
performance. We propose an efficient pipeline which 1) gen-
erates synthetic workspace exemplars for training using a
virtual chest-mounted camera whose intrinsic parameters
match our physical camera, 2) computes perspective-aware
depth features on this entire volume and 3) recognizes
discrete arm+hand pose classes through a sparse multi-
class SVM. Our method provides state-of-the-art hand pose
recognition performance from egocentric RGB-D images in
real-time.

1. Introduction
Understanding hand poses and hand-object manipula-

tions from a wearable camera has potential applications
in assisted living [20], augmented reality [5] and life log-
ging [17] . As opposed to hand-pose recognition from third-
person viewpoints, egocentric viewpoints may be more dif-
ficult due to additional occlusions (self-occlusions of fin-
gers by the palm, or occlusions from manipulated objects)
and the fact that hands interact with the environment and of-
ten leave the field-of-view. The latter necessitates constant
re-initialization, precluding the use of a large body of hand
trackers which typically perform well given manual initial-
ization.

Previous work for egocentric hand analysis tends to rely

Figure 1. Egocentric workspaces. We directly model the observ-
able egocentric workspace in front of a human with a 3D vol-
umetric descriptor, extracted from a 2.5D egocentric depth sen-
sor. In this example, this volume is discretized into 4 � 3 � 4
bins. This feature can be used to accurately predict shoulder,
arm, hand poses, even when interacting with objects. We describe
models learned from synthetic examples of observable egocentric
workspaces obtained by place a virtual Intel Creative camera on
the chest of an animated character.

on local 2D features, such as pixel-level skin classification
[15, 16] or gradient-based processing of depth maps with
scanning-window templates [21]. Our approach follows in
the tradition of [21], who argue that near-field depth mea-
sures obtained from a egocentric-depth sensor considerably
simplifies hand analysis. Interestingly, egocentric-depth is
not “cheating” in the sense that humans make use of stereo-
scopic depth cues for near-field manipulations [6]. We ex-
tend this observation by building an explicit 3D map of the
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Figure 9. Good detections. We show frames where arm and hand are correctly detected. First, we present some easy cases of hands in
free-space (top row ). Noisy depth data and cluttered background cases (middle row) showcases the robustness of our system while novel
objects (bottom row: envelope, staple box, pan, double-handed cup and lamp) require generalization to unseen objects at train-time.

reflective object (phone) bottle noisy depth/clutter unseen object (keys) malsegmentability ambiguous pose

Figure 10. Hard cases. We show frames where the pose is not correctly recognized ( sometimes not even detected) by our system. These
hard cases include excessively-noisy depth data, hands manipulating reflective material (phone or bottle of wine), malsegmentability cases
of hands touching background.

explicitly reasons about perspective occlusions while being
both conceptually and practically simple to implement (4

lines of code). We produce state-of-the-art real-time results
for egocentric pose estimation.
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Figure 9. Good detections. We show frames where arm and hand are correctly detected. First, we present some easy cases of hands in
free-space (top row ). Noisy depth data and cluttered background cases (middle row) showcases the robustness of our system while novel
objects (bottom row: envelope, staple box, pan, double-handed cup and lamp) require generalization to unseen objects at train-time.
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Figure 10. Hard cases. We show frames where the pose is not correctly recognized ( sometimes not even detected) by our system. These
hard cases include excessively-noisy depth data, hands manipulating reflective material (phone or bottle of wine), malsegmentability cases
of hands touching background.

configurations within the “whole” egocentric workspace in
front of the camera allows for fast and accurate results. We

train our model by synthesizing workspace exemplars con-
sisting of hands, arms, objects and backgrounds. Our model

3D Hand Pose Detection in Egocentric RGB-D Images 3

Fig. 2 System overview. (a) Chest-mounted RGB-D camera. (b) Synthetic egocentric hand exemplars are used to define a set of hand pose classes
and train a multi-class hand classifier. The depth map is processed to select a sparse set of image locations (c) which are classified obtaining a list
of probable hand poses (d). Our system produces a final estimate by reporting one or more top-scoring pose classes (e).

has been surprisingly little prior work in this vein, with no-
table exceptions focusing on targeted applications such as
navigation for the blind [24] and recent work on egocen-
tric object understanding [4,23]. We posit that one limita-
tion may be the need for small form-factors for wearable
technology, while structured light sensors such as the Kinect
often make use of large baselines. We show that time-of-
flight depth cameras are an attractive alternative for wear-
able depth-sensing, since they do not require large baselines
and so require smaller form-factors.

Depth-based pose: Our approach is closely inspired by
the Kinect system and its variants [44], which makes use
of synthetically generated depth maps for articulated pose
estimation. Notably, Kinect follows in the tradition of lo-
cal part models [?,7], which are attractive in that they re-
quire less training data to model a large collection of target
poses. However, it is unclear if local methods can deal with
large occlusions (such as those encountered during egocen-
tric object manipulations) where local information can be
ambiguous. Our approach differs in that our classifiers clas-
sify global poses rather than local parts. Finally, much pre-
vious work assumes that hands are easily segmented or de-
tected. Such assumptions simply do not hold for everyday
egocentric interactions.

Interacting objects: Estimating the pose of a hand ma-
nipulating an object is challenging [10] due to occlusions
and ambiguities in segmenting the object versus the hand.
It is attractive to exploit contextual cues through simultane-
ously tracking hands [18,19] and the object. [2] use multi-
cameras to reduce the number of full occlusions. We jointly

model hand and objects with synthetic hand-object exem-
plars as in [39]. However, instead of modeling floating hands,
we model them in a realistic egocentric context that is con-
strained by the full human body.

Tracking vs detection: Temporal reasoning is also par-
ticularly attractive because one can use dynamics to resolve
ambiguities arising from self and object occlusions. Much
prior work on hand-pose estimation takes this route [27,51,
14,33]. Our approach differs in that we focus on single-
image hand pose estimation, which is required to avoid man-
ual (re)initialization. Exceptions include [54,50,52], who also
process single images but focus on third-person views.

Generative vs discriminative: Generative model-based
approaches have historically been more popular for hand
pose estimation [49]. A detailed 3D model of the hand pose
is usually employed for articulated pose tracking [28,29]
and detailed 3D pose estimation [20]. Discriminative ap-
proaches [51,14] for hand pose estimation tend to require
large datasets of training examples, synthetic, realistic or
combined [51]. Learning formalisms include boosted classi-
fier trees [30] and randomized decision forests[14], and re-
gression forests [51,50]. Sridhar et al. [47] propose a hybrid
approach that combines discriminative part-based pose re-
trieval with a generative model-based tracker. Our approach
uses a computer graphics model to generate training data,
which is then used to learn discriminative pose-specific clas-
sifiers.

Hierarchical cascades: We approach pose estimation as
a hierarchical multi-class classification task, a strategy that
dates back at least to Gavrila et al [?]. Our framework fol-

Figure 4. Volume quantization. We quantize those points that fall within the egocentric workspace in front of the camera (observable
volume within zmax = 70cm) into a binary spherical voxel grid of Nu � Nv � Nw voxels (a). We vary the azimuth angle � to generate
equal-size projections on the image plane (b). Spherical bins ensure that voxels at different distances project to same image area (c). This
allows for efficient feature computation and occlusion handling, since occluded voxels along the same line-of-sight can be identified by
iterating over w.

Figure 5. Binarized volumetric feature. We synthesize training examples by randomly perturbing shoulder, arm and hand joint angles in
a physically possible manner (a). For each example, a synthetic depth map is created by projecting the visible set of dense 3D point clouds
using a real-world camera projection matrix (b). The resulting 2D depth map is then quantized with a regular grid in x-y directions and
binned in the viewing direction to compute our new binarized volumetric feature (c). In this example, we use a 32 � 24 � 35 grid. Note
that for clarity we only show the sparse version of our 3D binary feature. We also show the quantized depth map z[u, v] as a gray scale
image (c).

Global classification: We use a linear SVM for a multi-
class classification of upper-limb poses. However, in-
stead of classifying local scanning-windows, we classify
global depth maps quantized into our binarized depth fea-
ture b[u, v, w] from (5). Global depth maps allow the clas-
sifier to exploit contextual interactions between multiple
hands, arms and objects. In particular, we find that mod-

eling arms is particularly helpful for detecting hands. For
each class k � {1, 2, ...K}, we train a one-vs-all SVM clas-
sifier obtaining weight vector which can be re-arranged into
a Nu � Nv � Nw tensor �k[u, v, w]. The score for class k
is then obtained by a simple dot product of this weight and

(a) (b)

(c) (d)
Figure 3. Examples of synthetic training images. We show ex-
amples of training depth images produced with our rendering pro-
cedure. Surprisingly, realistic multi-arm configurations are gener-
ated as depicted in these 4 examples (a-d) where two hands ma-
nipulate household objects with a realistic random background.

with real 3D background scenario and rendered using the
test camera projection matrix.

Poser models. Our synthetic database includes more
than 200 different grasping hand postures with and without
objects. We also varied the objects being interacted with,
as well as the clothing of the character, i.e., with and with-
out sleeves. Overall we used 49 objects, including kitchen
utensils, personal bathroom items, office/classroom objects,
fruits, etc. Additionally we used 6 models of empty hands:
waive, fist, thumbs-up, point, etc . Note that some objects
can be handled with different postures. For instance, when
we open a bottle we do not use the same posture (to grasp
its cap and neck) as we do to idly grasp its body . We added
several such variant models to our database, i.e., different
hand postures manipulating the same object.

Kinematic model. Let � be a vector of arm joint an-
gles, and let � be a vector of grasp-specific hand joint an-
gles, obtained from the above set of Poser models. We use
a standard forward kinematic chain to convert the location
of finger joints u (in a local coordinate system) to image
coordinates:

p = C
�

i

T (�i)
�

j

T (�j)u, where T, C � R4�4,

u =
�
ux uy uz 1

�T
, (x, y) = (f

px

pz
, f

py

pz
), (1)

where T specifies rigid-body transformations (rotation and
translation) along the kinematic chain and C specifies the
extrinsic camera parameters. Here p represents the 3D posi-
tion of point u in the camera coordinate system. To generate

the corresponding image point, we assume camera intrin-
sics are given by identity scale factors and a focal length
f (though it is straightforward to use more complex in-
trinsic parameterizations). We found it important to use
the f corresponding to our physical camera, as it is cru-
cial to correctly model perspective effects for our near-field
workspaces.

Viewpoint-dependent translations: We wish to enrich
the core set of posed hands with additional translations and
viewpoints. The parametrization of visible arm+hand con-
figurations is non-trivial. To do so, we take a simple rejec-
tion sampling approach. We fix � parameters to respect the
hand grasps from Poser, and add small Gaussian perturba-
tions to arm joint angles

��
i = �i + � where � � N(0, �2).

Importantly, this generates hand joints p at different transla-
tions and viewpoints, correctly modeling the dependencies
between both. For each perturbed pose, we render hand
joints using (1) and keep poses where 90% of them are
visible (e.g., their (u, v) coordinate lies within the image
boundaries).

Depth maps. Associated with each rendered set of key-
points, we would also like a depth map. To construct a depth
map, we represent each rigid limb with a dense cloud of 3D
vertices {ui}. We produce this cloud by (over) sampling the
3D meshes defining each rigid-body shape. We render this
dense cloud using forward kinematics (1), producing a set
of points {pi} = {(px,i, py,i, pz,i)}. We define a 2D depth
map z[u, v] by ray-tracing. Specifically, we cast a ray from
the origin, in the direction of each image (or depth sensor)
pixel location (u, v) and find the closest point:

z[u, v] = min
k�Ray(u,v)

||pk|| (2)

where Ray(u, v) denotes the set of points on (or near) the
ray passing through pixel (u, v). We found the above ap-
proach simpler to implement than hidden surface removal,
so long as we projected a sufficiently dense cloud of 3D
points.

Multiple hands: Some object interactions require mul-
tiple hands interacting with a single object. Additionally,
many views contain the second hand in the “background”.
For example, two hands are visible in roughly 25% of the
frames in our benchmark videos. We would like our train-
ing dataset to have similar statistics. Our existing Poser li-
brary contains mostly single-hand grasps. To generate ad-
ditional multi-arm egocentric views, we randomly pair 25%
of the arm poses with a mirrored copy of another randomly-
chosen pose. We then add noise to the arm joint angles, as
described above. Such a procedure may generate unnatural
or self-intersecting poses. To remove such cases, we sepa-
rately generate depth maps for the left and right arms, and
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so long as we projected a sufficiently dense cloud of 3D
points.

Multiple hands: Some object interactions require mul-
tiple hands interacting with a single object. Additionally,
many views contain the second hand in the “background”.
For example, two hands are visible in roughly 25% of the
frames in our benchmark videos. We would like our train-
ing dataset to have similar statistics. Our existing Poser li-
brary contains mostly single-hand grasps. To generate ad-
ditional multi-arm egocentric views, we randomly pair 25%
of the arm poses with a mirrored copy of another randomly-
chosen pose. We then add noise to the arm joint angles, as
described above. Such a procedure may generate unnatural
or self-intersecting poses. To remove such cases, we sepa-
rately generate depth maps for the left and right arms, and
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Figure 3. Examples of synthetic training images. We show ex-
amples of training depth images produced with our rendering pro-
cedure. Surprisingly, realistic multi-arm configurations are gener-
ated as depicted in these 4 examples (a-d) where two hands ma-
nipulate household objects with a realistic random background.

with real 3D background scenario and rendered using the
test camera projection matrix.

Poser models. Our synthetic database includes more
than 200 different grasping hand postures with and without
objects. We also varied the objects being interacted with,
as well as the clothing of the character, i.e., with and with-
out sleeves. Overall we used 49 objects, including kitchen
utensils, personal bathroom items, office/classroom objects,
fruits, etc. Additionally we used 6 models of empty hands:
waive, fist, thumbs-up, point, etc . Note that some objects
can be handled with different postures. For instance, when
we open a bottle we do not use the same posture (to grasp
its cap and neck) as we do to idly grasp its body . We added
several such variant models to our database, i.e., different
hand postures manipulating the same object.

Kinematic model. Let � be a vector of arm joint an-
gles, and let � be a vector of grasp-specific hand joint an-
gles, obtained from the above set of Poser models. We use
a standard forward kinematic chain to convert the location
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coordinates:
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where T specifies rigid-body transformations (rotation and
translation) along the kinematic chain and C specifies the
extrinsic camera parameters. Here p represents the 3D posi-
tion of point u in the camera coordinate system. To generate

the corresponding image point, we assume camera intrin-
sics are given by identity scale factors and a focal length
f (though it is straightforward to use more complex in-
trinsic parameterizations). We found it important to use
the f corresponding to our physical camera, as it is cru-
cial to correctly model perspective effects for our near-field
workspaces.

Viewpoint-dependent translations: We wish to enrich
the core set of posed hands with additional translations and
viewpoints. The parametrization of visible arm+hand con-
figurations is non-trivial. To do so, we take a simple rejec-
tion sampling approach. We fix � parameters to respect the
hand grasps from Poser, and add small Gaussian perturba-
tions to arm joint angles

��
i = �i + � where � � N(0, �2).

Importantly, this generates hand joints p at different transla-
tions and viewpoints, correctly modeling the dependencies
between both. For each perturbed pose, we render hand
joints using (1) and keep poses where 90% of them are
visible (e.g., their (u, v) coordinate lies within the image
boundaries).

Depth maps. Associated with each rendered set of key-
points, we would also like a depth map. To construct a depth
map, we represent each rigid limb with a dense cloud of 3D
vertices {ui}. We produce this cloud by (over) sampling the
3D meshes defining each rigid-body shape. We render this
dense cloud using forward kinematics (1), producing a set
of points {pi} = {(px,i, py,i, pz,i)}. We define a 2D depth
map z[u, v] by ray-tracing. Specifically, we cast a ray from
the origin, in the direction of each image (or depth sensor)
pixel location (u, v) and find the closest point:

z[u, v] = min
k�Ray(u,v)

||pk|| (2)

where Ray(u, v) denotes the set of points on (or near) the
ray passing through pixel (u, v). We found the above ap-
proach simpler to implement than hidden surface removal,
so long as we projected a sufficiently dense cloud of 3D
points.

Multiple hands: Some object interactions require mul-
tiple hands interacting with a single object. Additionally,
many views contain the second hand in the “background”.
For example, two hands are visible in roughly 25% of the
frames in our benchmark videos. We would like our train-
ing dataset to have similar statistics. Our existing Poser li-
brary contains mostly single-hand grasps. To generate ad-
ditional multi-arm egocentric views, we randomly pair 25%
of the arm poses with a mirrored copy of another randomly-
chosen pose. We then add noise to the arm joint angles, as
described above. Such a procedure may generate unnatural
or self-intersecting poses. To remove such cases, we sepa-
rately generate depth maps for the left and right arms, and
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Figure 2: Egocentric pose estimation. (a). Synthetic egocentric camera mounted on a virtual avatar and egocentric
workspace. (b) Examples of synthetic training depth images. (c) Depth features computed on the whole egocentric
workspace for classification. (d) Our prototype (upper-left) of wearable RGB-D camera and pose estimation results
in real egocentric RGB-D images.

their pose. Both tasks are addressed with a scanning window classifier, that outputs one of K discrete pose classes or
a background label. K may need to be large to model the full universe of poses, increasing training/testing times and
memory footprints. We addressed such di�culties through coarse-to-fine sharing and scanning-window cascades,
using hierarchical cascade architectures. We extended this method [2, 9] for e�cient discriminative training and
run-time evaluation, and applied it to the problem of egocentric hand pose estimation. Classifying global poses
rather than local parts allows us to better reason about self-occlusions and occlusions due to manipulated objects.
• Recognition by synthesis: Current approaches based on Big Data and Deep Learning achieve successful recog-
nition performance, using very large amounts of annotated training images. In contrast, recognition by synthesis
approach requires few or no annotated data since any desired training set can be generated by a rendering engine.
Larger amount of training data is not always the solution. Recent work has shown that a state-of-art face detector
(c.f. Google Picassa & Facebooks face.com) can be trained with 100 faces! The problem consists in selecting or
synthesizing the right set of training instances. Along this line, we proposed in [9] to operationalize egocentric view-
point and pose priors by generating egocentric training data. To do so, we mounted a virtual egocentric camera to a
virtual full-body character interacting with a library of everyday objects. This allowed us to make use of contextual
cues for both data generation and recognition. We took another step forward in [10] by training our model using
synthetic egocentric workspace exemplars consisting of hands, arms, objects and backgrounds (see Fig. 2.b).

FUTURE WORK. While computer vision already has natural connections with other fields such as computer graph-
ics, machine learning or statistics, it should also have close ties with the robotics community. Despite having com-
mon interests, computer vision has seen significant theoretical and methodological advances during the last decade
which many of the robotics researchers are not fully aware of. In many cases, methods available in the computer
vision and machine learning communities are not in general use in the robotics community. On the other hand, the
system level perspective of the research in robotics –where vision is one part of an entire system– is often neglected
in the computer vision and machine learning communities, because the research is focused on individual problems
and algorithms. My current project already aims to bring together vision researchers who work on hand pose, object
and activity recognition with robotics experts who work on mobile robotics, SLAM and 3D reconstruction problems
[5]. To further bridge the gap between these communities, I would like to pursue new collaborative research projects,
bringing together researchers in computer vision and robotics,


