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BACKGROUND: ENG. PHYSICS

2002

Eng. Physics • GE Medical Systems - Image quality in X-ray

• ICS-FORTH - Stereoscopic vision
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BACKGROUND: OCR & VIDEO-SURVEILLANCE

2002

2004

Eng. Physics

Engineer (UZ)

• Optical character recognition

• Video-surveillance
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BACKGROUND: LOOKING AT HUMANS

2002

2004

2006

Eng. Physics

MSc (UZ)
Silhouette - ASM

Multi-person 3D pose 3D shape from RGBAction recognition

Research 
Scientist (Inria)

Ironing

Facial expression

Detection & trackingPose & gait analysis

2012

PhD (UZ)

Hand-object interactions3D hand from depth

2015

Postdoc (UCI)

Engineer (UZ)
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2019

Senior Research 
Scientist (NLE)

BACKGROUND: NAVER LABS

Grasp/affordance prediction

Whole-body pose

Robotic grasping

Hand pose estimation

3D Body mesh in videos

Coffee?

Human-robot interaction
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NAVER LABS EUROPE

We are the European team of NAVER LABS 
which is the research arm of NAVER, Korea’s 

leading internet company and the part of NAVER 
responsible for creating future technology.   

Our scientists conduct fundamental and applied 
research in the fields of machine learning, 

computer vision, natural language processing and 
UX and ethnography. The two main areas of 

application of research are ‘AI for Robotics’ and 
‘AI for our Digital World’.

NAVER LABS Europe is the biggest industrial 
research lab in AI in France.


https://europe.naverlabs.com/about/
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MONOCULAR 3D HUMAN POSE ESTIMATION

3D 
poses

single 
input 
image

“Articulated pose estimation is the task that employs computer vision techniques 
to estimate the configuration of the human body in a given image or a sequence 
of images”. Sarafianos et al., CVIU 2016
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Slide courtesy of 

Sarafianos et al., 2016

• Human-computer interactions

• Video-surveillance


• Gaming


• Physiotherapy


• Movies


• Dancing


• Proxemics


• Sports


• Human-robot interactions

WHY IS IT INTERESTING?

11
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WHY IS IT DIFFICULT?

variation in pose, viewpoint

occlusion & clutter

Classic “nuisance factors” for general object recognition

12

variation in appearance

variation in illumination body part foreshortening

Motion blur
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LONG TAIL DISTRIBUTION  

13
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IMPACT OF VIEWING ANGLE
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GROUNDTRUTH 3D POSE DIFFICULT TO OBTAIN

15
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3D POSE DATASETS OVER TIME

16

2000 2005 2010

CMU Graphics Lab 
Motion Capture DB:

- 2500 sequences

- No images

2015 2020

3DPW:

~60 sequences 

Pseudo 3D groud-truth

 Images in the wild

AGORA:

~17k images/scenes 

 4k 3D scans

semi-synthetic images

Human3.6M:

~200 sequences, 11 subjects, 4 cameras

Images in controlled env.

HumanEVA:

7 sequences, 4 subjects

 Images in controlled env.
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2D POSE DATASETS OVER TIME

17

2000 2005 2010 2015 2020

LSP dataset:

2k images  


LSPE dataset:

10k images  


MPII human pose dataset:

25k images 

40k humans

 

MS COCO:

40k image images

56k humans
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3D pose

2   [Li et al, ICCV’15, Tekin 
et al, Zhou et al, CVPR’16]

Detection
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      [Dalal & Triggs, CVPR’05]1

2D pose
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3

3

  [ECCV’16: Newell et al., 
Insafutdinov et al., Gkioxary 
et al., Lifshitz et al.,  Bulat 
&Tzimiropoulos         
CVPR’16: Wei et al, Yang 
et al, Pishchulin et al, Hu& 
Ramanan, Carreira et al.,]

4
  [Akhter & Black, CVPR’15, 
Zhou et al., CVPR’15,    
Bogo et al., ECCV’16]

5

[Pishchulin et al, CVPR’16, 
Iqbal&Gall, ECCVw'16]5

SEVERAL PATHS TO 3D HUMAN POSE
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Detection

3D pose2D pose

CLASSIFICATION

SEVERAL PATHS TO 3D HUMAN POSE



Grégory Rogez - 3D Human Sensing from monocular visual data using classification techniques 21

OUTLINE

• Background


• Monocular 3D Human pose estimation


• Classification-based approaches 


• Drawbacks and solutions


• and beyond…



Grégory Rogez - 3D Human Sensing from monocular visual data using classification techniques 22

3D HUMAN POSE ESTIMATION AS A CLASSIFICATION PB

Philip H.S. Torr
Oxford University

Greg, MSR just hired Jamie Shotton.

They will work on human pose estimation using Random Forest.


We should do it first!!

Back in 2007:

I know Random Forest classifiers but 
human pose space is continuous…
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3D HUMAN POSE ESTIMATION AS A CLASSIFICATION PB
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1. Partition the space of body poses into K classes


2. Train a K-way classifier (here a RF). 

    

    
    

    

3. Perform “pose detection”:

 - Consider K+1 classes (additional background class)

- Joint localization and pose estimation  


4. Return center of top scoring 
classes or a weighted average


3D HUMAN POSE ESTIMATION AS A CLASSIFICATION PB
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3D HUMAN POSE ESTIMATION AS A CLASSIFICATION PB

What is MSR 
doing?

CVPR 2008 CVPR 2011~ 250 citations 4000+ citations
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Case 1: Full-body walking poses           
[Rogez, Rihan, Ramalingam, Orrite and Torr, CVPR’08]

26

Case 1b: Full-body walking poses       
[Rogez, Rihan, Orrite and Torr, IJCV’12]

Case 3: Grasping hand                       
[Rogez, Supancic and Ramanan, ICCV’15]

Case 2: Upper-limb egocentric view          
[Rogez, Supancic and Ramanan, CVPR’15]

POSE ESTIMATION BY CLASSIFICATION: 3 CASES
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[Rogez et al Pattern Recognition 2008]
Class definition: Torus manifold to model viewpoint and pose of cyclic motion + grid

[Rogez, Rihan, Ramalingam, Orrite & Torr, Randomized trees for human pose detection, CVPR’08]

3D pose     2D pose

0 10 20 30 40 50 60 70
0

5

10

15

20

25

Holistic full-body pose 
estimation

27

CASE 1: FULL-BODY WALKING POSES       
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Good for tracking + model multi-modal distributions 

[Rogez, Rihan, Ramalingam, Orrite & Torr, Randomized trees for human pose detection, CVPR’08]

CASE 1: FULL-BODY WALKING POSES       
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[Rogez et al., Fast Human Pose Detection Using Randomized Hierarchical Cascades of Rejectors, IJCV’12

To make the pose detector work in-the-wild:

Real-time detection + 
pose estimation

Hard negative mining

Data augmentation

29

FULL-BODY WALKING POSES  IN THE WILD    
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[Rogez, Supancic & Ramanan, First-person pose recognition using egocentric workspaces. CVPR’15]

First-Person Pose Recognition using Egocentric Workspaces

Grégory Rogez1,2, James S. Supančič III1, Deva Ramanan1

1Dept of Computer Science, University of California, Irvine, CA, USA
2Universidad de Zaragoza, Zaragoza, Spain

grogez@unizar.es grogez,jsupanci,dramanan@ics.uci.edu

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 dis-

crete arm+hand pose classes through a sparse multi-class

SVM. We achieve 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 [23], augmented reality [6] and life log-
ging [19]. As opposed to hand-pose recognition from third-
person views, egocentric views may be more difficult due
to additional occlusions (from manipulated objects, or self-
occlusions of fingers by the palm) and the fact that hands
interact with the environment and often leave the field-of-
view. The latter necessitates constant re-initialization, pre-
cluding the use of a large body of hand trackers which typ-
ically perform well given manual initialization.

Previous work for egocentric hand analysis tends to rely
on local 2D features, such as pixel-level skin classification
[17, 18] or gradient-based processing of depth maps with

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 placing a virtual Intel Creative camera on
the chest of an animated character.

scanning-window templates [25]. Our approach follows in
the tradition of [25], 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 [7]. We ex-
tend this observation by building an explicit 3D map of the
observable near-field workspace.

Contributions: In this work, we describe a new com-
putational architecture that makes use of global egocentric

1

Class Definition: K-means on Arm+Hand 
3D pose inside “egocentric workspace”

The class directly returns 2D-3D hand pose  

                      + location & scale in the image

30

CASE 2: UPPER-LIMB EGOCENTRIC VIEW
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(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
Y

i

T (✓i)
Y

j

T (�j)u, where T,C 2 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

✓0i = ✓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
k2Ray(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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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

✓0i = ✓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
k2Ray(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 6. Pose classifiers. We visualize the linear weight tensor �k[u, v, w] learnt by the SVM for a 32⇥24⇥35 grid of binary features for
3 different pose clusters. We plot a 2D (u, v) visualization obtained by computing the max along w. We also visualize the corresponding
average 3D pose in the egocentric volume together with the top 500 positive (light gray) and negative weights (dark gray) within �k[u, v, w].

our binarized feature b[u, v, w]:

score[k] =
X

u

X

v

X

w

�k[u, v, w] · b[u, v, w]. (7)

In Fig. 6, we show the weight tensor �k[u, v, w] for 3 dif-
ferent pose clusters.

3.3. Joint feature extraction and classification
To increase run-time efficiency, we exploit the sparsity of

our binarized volumetric feature and jointly implement fea-
ture extraction and SVM scoring. Since our binarized depth
features do not require any normalization and the classifica-
tion score is a simple dot product, we can readily extract the
feature and update the score on the fly.

Because all voxels behind the first measurement are
backfilled, the SVM score for each class k from (7) can be
written as:

score[k] =
X

u

X

v

�0
k[u, v, z

0[u, v]], (8)

where z0[u, v] is the quantized depth map and tensor
�0
k[u, v, w] is the cumulative sum of the weight tensor along

dimension w:

�0
k[u, v, w] =

X

d>=w

�k[u, v, d] (9)

Note that the above cumulative-sum tensors can be precom-
puted. This makes test-time classification quite efficient (8).
Feature extraction and SVM classification can be computed
jointly following the algorithm presented in Alg. 1. We in-
vite the reader to view our code in supplementary material.

input : Quantized depth map z0[u, v].
Cumsum’ed weights {�0

k[u, v, w]}.
output: score[k]

1 for u 2 {0, 1, ...Nu} do
2 for v 2 {0, 1, ...Nv} do
3 for k 2 {0, 1, ...K} do
4 score[k]+ = �0

k[u, v, z
0[u, v]]

5 end
6 end
7 end

Algorithm 1: Joint feature extraction and classifica-
tion. We jointly extract binarized depth features and
evaluate linear classifiers for all quantized poses k. We
precompute a “cumsum” �0

k of our SVM weights. At
each location (u, v), we add all the SVM weights cor-
responding to the voxels behind z[u, v], i.e. such that
w � z[u, v].

4. Experiments
For evaluation, we use the recently released UCI Ego-

centric dataset [21] and score hand pose detection as a proxy
for limb pose recognition (following the benchmark criteria
used in [21]) . The dataset consists of 4 video sequences
(around 1000 frames each) of everyday egocentric scenes
with hand annotations every 10 frames. Our unoptimized
matlab implementation runs at 15 frames per second.

Feature evaluation: We first compare hand detection
accuracy for different K-way SVM classifiers trained on
HOG on depth (as in [21] ) and HOG on RGB-D, thus ex-
ploiting the stereo-views provided by RGB and depth sen-
sors. To show the benefit of preserving the perspective

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 points 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).

lows one to efficient reason about occlusions: once a depth
measurement is observed at position b[u0, v0, w0] = 1, all
voxels behind it are occluded for w � w0. This arises from
the fact that single camera depth measurements are, in fact,
2.5D. By convention, we define occluded voxels to be “1”.
Note that such occlusion reasoning is difficult with ortho-
graphic parameterizations because voxels are not arranged
along line-of-sight rays.

In practice, we consider a coarse discretization of the
volume to make the problem more tractable. The depth map
z[x, y] is resized to Nu ⇥Nv (smaller than depth map size)
and quantized in the z-direction. To minimize the effect of
noise when counting the points which fall in the different
voxels, we quantize the depth measurements by applying a
median filter on the pixel values within each image region:

8u, v 2 [1, Nu]⇥ [1, Nv],
z0[u, v] = Nw

zmax
median(z[x, y] : (x, y) 2 P (u, v)),

(6)

where P (u, v) is the set of pixel coordinates in the original
depth map corresponding to pixel coordinate (u, v) coordi-
nates in the resized depth map.

3.2. Global pose classification
We quantize the set of poses from our synthetic database

into K coarse classes for each limb, and train a K-way
pose-classifier for pose-estimation. The classifier is linear
and makes use of our sparse volumetric features, making it
quite simple and efficient to implement.

Pose space quantization: For each training exemplar,
we generate the set of 3D keypoints: 17 joints (elbow +

wrist + 15 finger joints) and the 5 finger tips. Since we
want to recognize coarse limb (arm+hand) configurations,
we cluster the resulting training set by applying K-means
to the elbow+wrist+knuckle 3D joints. We usually rep-
resent each of the K resulting clusters using the average
3D/2D keypoint locations of both arm+hand (See examples
in Fig. 6). Note that K can be chosen as a compromise be-
tween accuracy and speed.

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 2 {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
our binarized feature b[u, v, w]:

score[k] =
X

u

X

v

X

w

�k[u, v, w] · b[u, v, w]. (7)

We visualize projections of the learned weight tensor
�k[u, v, w] in Fig. 6 and slices of the tensor in Fig. 7.

3.3. Joint feature extraction and classification
To increase run-time efficiency, we exploit the sparsity

of our binarized volumetric feature and jointly implement

Classifier: SVM on binary depth 
features

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 points 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).

lows one to efficient reason about occlusions: once a depth
measurement is observed at position b[u0, v0, w0] = 1, all
voxels behind it are occluded for w � w0. This arises from
the fact that single camera depth measurements are, in fact,
2.5D. By convention, we define occluded voxels to be “1”.
Note that such occlusion reasoning is difficult with ortho-
graphic parameterizations because voxels are not arranged
along line-of-sight rays.

In practice, we consider a coarse discretization of the
volume to make the problem more tractable. The depth map
z[x, y] is resized to Nu ⇥Nv (smaller than depth map size)
and quantized in the z-direction. To minimize the effect of
noise when counting the points which fall in the different
voxels, we quantize the depth measurements by applying a
median filter on the pixel values within each image region:

8u, v 2 [1, Nu]⇥ [1, Nv],
z0[u, v] = Nw

zmax
median(z[x, y] : (x, y) 2 P (u, v)),

(6)

where P (u, v) is the set of pixel coordinates in the original
depth map corresponding to pixel coordinate (u, v) coordi-
nates in the resized depth map.

3.2. Global pose classification
We quantize the set of poses from our synthetic database

into K coarse classes for each limb, and train a K-way
pose-classifier for pose-estimation. The classifier is linear
and makes use of our sparse volumetric features, making it
quite simple and efficient to implement.

Pose space quantization: For each training exemplar,
we generate the set of 3D keypoints: 17 joints (elbow +

wrist + 15 finger joints) and the 5 finger tips. Since we
want to recognize coarse limb (arm+hand) configurations,
we cluster the resulting training set by applying K-means
to the elbow+wrist+knuckle 3D joints. We usually rep-
resent each of the K resulting clusters using the average
3D/2D keypoint locations of both arm+hand (See examples
in Fig. 6). Note that K can be chosen as a compromise be-
tween accuracy and speed.

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 2 {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
our binarized feature b[u, v, w]:

score[k] =
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�k[u, v, w] · b[u, v, w]. (7)

We visualize projections of the learned weight tensor
�k[u, v, w] in Fig. 6 and slices of the tensor in Fig. 7.

3.3. Joint feature extraction and classification
To increase run-time efficiency, we exploit the sparsity

of our binarized volumetric feature and jointly implement
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Figure 4. Segmentation. We show the different steps of our seg-
mentation stage: the depth map (a) is processed using a K-way
pose classifier [35], which reports a quantized pose detection k and
associated foreground prior bik (b) and mean depth µik(c) (used
to compute a posterior following Eq. 1). To incorporate bottom-up
RGB cues, we first extract superpixels (e) and then label superpix-
els instead of pixels to produce a segmentation mask (f). This pro-
duces a segmented RGB image in (g) , which can then be cropped
(h) and/or unsegmented (i). We concatenate (deep) features ex-
tracted from (d), (g), (h), and (i) to span a variety of resolutions
and local/global contexts.

is significantly larger than the set of fine-grained grasps
K = 71. We use the segmentation mask associated with
this coarse quantized pose detection to segment out the hand
(and object) from the test image, described further below.

Pixel model: We would like to use hand detections
to generate binary segmentation masks. To do so, we
use a simple probabilistic model where xi denotes the
depth value of pixel i and yi 2 {0, 1} is its binary fore-
ground/background label. We write the posterior probabil-
ity of label yi given observation xi, all conditioned on pose
class k as:

p(yi|xi, k) / p(yi|k)p(xi|yi, k) (1)

which can easily derived from Bayes rule . The first term on
the right-hand-side is the “prior” probability of pixel i being
fg/bg, and the second term is a “likelihood” of observing a
depth value given a pose class k and label:

p(yi = 1|k) = bik Bernoulli (2)

p(xi|yi = 1, k) = N(xi;µik,�
2
ik) Normal (3)

p(xi|yi = 0, k) / constant Uniform (4)

We use a pixel-specific Bernoulli distribution for the prior,
and an univariate Normal and Uniform (uninformative) dis-
tribution for the likelihood. Intuitively, foreground depths

tend to be constrained by the pose, while the background
will not be. Given training data of depth images x with
foreground masks y and pose class labels k, it is straight-
forward to estimate model parameters {bik, µik,�ik} with
maximum likelihood estimation (frequency counts, sample
means, and sample variances). We visualize the pixel-wise
Bernoulli prior bik and mean depth µik for a particular class
k in Fig. 4-b and Fig. 4-c.

RGB-cues: Thus far, our segmentation model does
not make use of RGB-based grouping cues such as color
changes across object boundaries. To do so, we first com-
pute RGB-based superpixels [1] on a test image and reason
about the binary labels of superpixels rather than pixels:

labelj = I
⇣ 1

|Sj |
X

i2Sj

p(yi|xi, k) > .5
⌘

(5)

where Sj denotes the set of pixels from superpixel j. We
show a sample segmentation in Fig. 4. Our probabilistic ap-
proach tends to produce more reliable segmentations than
existing approaches based on connected-component heuris-
tics [19].

5.2. Fine-grained classification
We use the previous segmentation stage to produce fea-

tures that will be fed into a K = 71-way classifier. We use
state-of-the-art deep networks – specifically, Deep19 [41] –
to extract a 3096 dimensional feature. We extract off-the-
shelf deep features extracted for (1) the entire RGB image,
(2) a cropped window around the detected hand, and (3)
a segmented RGB image (Fig. 4 (d,g,h,i)). We resize each
window to a canonical size (of 224 x 224 pixels) before pro-
cessing. The intuition behind this choice is to mix high and
low resolution features, as well as global (contextual) and
local features. The final concatenated descriptors are fed
into a linear multi-class SVM for processing.

Exemplar matching: The above stages return an esti-
mate for the employed grasp and a fairly accurate quan-
tized pose class, but it is still quantized nonetheless. One
can refine this quantization by returning the closest syn-
thetic training example belonging to the recognized grasp
and the corresponding pose cluster. We do this by return-
ing the training example n from quantized class k with the
closest foreground depth:

NN(x) = min
n2Classk

X

i

yni (x
n
i � µik)

2 (6)

We match only foreground depths in the nth synthetic train-
ing image xn, as specified by its binary label yn. Because
each synthetic exemplar is annotated with hand-object con-
tact points and forces from its parent 3D hand model, we
can predict forces and contact points by simply transferring
them from the selected grasp model to the exemplar location
in the 3D space.

• Training data:  Synthetic [2] 
• Image cues:    Depth & RGB

• Training data:  Real (GUN-71)
• Image cues: RGB deep features [3]
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Figure 4. Segmentation. We show the different steps of our seg-
mentation stage: the depth map (a) is processed using a K-way
pose classifier [35], which reports a quantized pose detection k and
associated foreground prior bik (b) and mean depth µik(c) (used
to compute a posterior following Eq. 1). To incorporate bottom-up
RGB cues, we first extract superpixels (e) and then label superpix-
els instead of pixels to produce a segmentation mask (f). This pro-
duces a segmented RGB image in (g) , which can then be cropped
(h) and/or unsegmented (i). We concatenate (deep) features ex-
tracted from (d), (g), (h), and (i) to span a variety of resolutions
and local/global contexts.

is significantly larger than the set of fine-grained grasps
K = 71. We use the segmentation mask associated with
this coarse quantized pose detection to segment out the hand
(and object) from the test image, described further below.

Pixel model: We would like to use hand detections
to generate binary segmentation masks. To do so, we
use a simple probabilistic model where xi denotes the
depth value of pixel i and yi 2 {0, 1} is its binary fore-
ground/background label. We write the posterior probabil-
ity of label yi given observation xi, all conditioned on pose
class k as:

p(yi|xi, k) / p(yi|k)p(xi|yi, k) (1)

which can easily derived from Bayes rule . The first term on
the right-hand-side is the “prior” probability of pixel i being
fg/bg, and the second term is a “likelihood” of observing a
depth value given a pose class k and label:

p(yi = 1|k) = bik Bernoulli (2)

p(xi|yi = 1, k) = N(xi;µik,�
2
ik) Normal (3)

p(xi|yi = 0, k) / constant Uniform (4)

We use a pixel-specific Bernoulli distribution for the prior,
and an univariate Normal and Uniform (uninformative) dis-
tribution for the likelihood. Intuitively, foreground depths

tend to be constrained by the pose, while the background
will not be. Given training data of depth images x with
foreground masks y and pose class labels k, it is straight-
forward to estimate model parameters {bik, µik,�ik} with
maximum likelihood estimation (frequency counts, sample
means, and sample variances). We visualize the pixel-wise
Bernoulli prior bik and mean depth µik for a particular class
k in Fig. 4-b and Fig. 4-c.

RGB-cues: Thus far, our segmentation model does
not make use of RGB-based grouping cues such as color
changes across object boundaries. To do so, we first com-
pute RGB-based superpixels [1] on a test image and reason
about the binary labels of superpixels rather than pixels:

labelj = I
⇣ 1

|Sj |
X

i2Sj

p(yi|xi, k) > .5
⌘

(5)

where Sj denotes the set of pixels from superpixel j. We
show a sample segmentation in Fig. 4. Our probabilistic ap-
proach tends to produce more reliable segmentations than
existing approaches based on connected-component heuris-
tics [19].

5.2. Fine-grained classification
We use the previous segmentation stage to produce fea-

tures that will be fed into a K = 71-way classifier. We use
state-of-the-art deep networks – specifically, Deep19 [41] –
to extract a 3096 dimensional feature. We extract off-the-
shelf deep features extracted for (1) the entire RGB image,
(2) a cropped window around the detected hand, and (3)
a segmented RGB image (Fig. 4 (d,g,h,i)). We resize each
window to a canonical size (of 224 x 224 pixels) before pro-
cessing. The intuition behind this choice is to mix high and
low resolution features, as well as global (contextual) and
local features. The final concatenated descriptors are fed
into a linear multi-class SVM for processing.

Exemplar matching: The above stages return an esti-
mate for the employed grasp and a fairly accurate quan-
tized pose class, but it is still quantized nonetheless. One
can refine this quantization by returning the closest syn-
thetic training example belonging to the recognized grasp
and the corresponding pose cluster. We do this by return-
ing the training example n from quantized class k with the
closest foreground depth:

NN(x) = min
n2Classk

X
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yni (x
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i � µik)

2 (6)

We match only foreground depths in the nth synthetic train-
ing image xn, as specified by its binary label yn. Because
each synthetic exemplar is annotated with hand-object con-
tact points and forces from its parent 3D hand model, we
can predict forces and contact points by simply transferring
them from the selected grasp model to the exemplar location
in the 3D space.

Figure 4. Segmentation. We show the different steps of our seg-
mentation stage: the depth map (a) is processed using a K-way
pose classifier [?], which reports a quantized pose detection k and
associated foreground prior bik (b) and mean depth µik(c) (used
to compute a posterior following Eq. 1). To incorporate bottom-up
RGB cues, we first extract superpixels (e) and then label superpix-
els instead of pixels to produce a segmentation mask (f). This pro-
duces a segmented RGB image in (g) , which can then be cropped
(h) and/or unsegmented (i). We concatenate (deep) features ex-
tracted from (d), (g), (h), and (i) to span a variety of resolutions
and local/global contexts.

nificantly larger than the set of fine-grained grasps K = 71.
We use the segmentation mask associated with this coarse
quantized pose detection to segment out the hand (and ob-
ject) from the test image, described further below.

Pixel model: We would like to use hand detections
to generate binary segmentation masks. To do so, we
use a simple probabilistic model where xi denotes the
depth value of pixel i and yi 2 {0, 1} is its binary fore-
ground/background label. We write the posterior probabil-
ity of label yi given observation xi, all conditioned on pose
class k as:

p(yi|xi, k) / p(yi|k)p(xi|yi, k) (1)

posterior
p(yi|xi, k)

with xi = pixel i
and yi 2 {0, 1}
which can easily derived from Bayes rule . The first term

on the right-hand-side is the “prior” probability of pixel i
being fg/bg, and the second term is a “likelihood” of ob-

serving a depth value given a pose class k and label:

p(yi = 1|k) = bik Bernoulli (2)

p(xi|yi = 1, k) = N(xi;µik,�
2
ik) Normal (3)

p(xi|yi = 0, k) / constant Uniform (4)

We use a pixel-specific Bernoulli distribution for the prior,
and an univariate Normal and Uniform (uninformative) dis-
tribution for the likelihood. Intuitively, foreground depths
tend to be constrained by the pose, while the background
will not be. Given training data of depth images x with
foreground masks y and pose class labels k, it is straight-
forward to estimate model parameters {bik, µik,�ik} with
maximum likelihood estimation (frequency counts, sample
means, and sample variances). We visualize the pixel-wise
Bernoulli prior bik and mean depth µik for a particular class
k in Fig. 4-b and Fig. 4-c.

RGB-cues: Thus far, our segmentation model does
not make use of RGB-based grouping cues such as color
changes across object boundaries. To do so, we first com-
pute RGB-based superpixels [?] on a test image and reason
about the binary labels of superpixels rather than pixels:

labelj = I
⇣ 1

|Sj |
X

i2Sj

p(yi|xi, k) > .5
⌘

(5)

where Sj denotes the set of pixels from superpixel j. We
show a sample segmentation in Fig. 4. Our probabilistic ap-
proach tends to produce more reliable segmentations than
existing approaches based on connected-component heuris-
tics [?].

5.2. Fine-grained classification

We use the previous segmentation stage to produce fea-
tures that will be fed into a K = 71-way classifier. We use
state-of-the-art deep networks – specifically, Deep19 [?] –
to extract a 3096 dimensional feature. We extract off-the-
shelf deep features extracted for (1) the entire RGB image,
(2) a cropped window around the detected hand, and (3)
a segmented RGB image (Fig. 4 (d,g,h,i)). We resize each
window to a canonical size (of 224 x 224 pixels) before pro-
cessing. The intuition behind this choice is to mix high and
low resolution features, as well as global (contextual) and
local features. The final concatenated descriptors are fed
into a linear multi-class SVM for processing.

Exemplar matching: The above stages return an esti-
mate for the employed grasp and a fairly accurate quan-
tized pose class, but it is still quantized nonetheless. One
can refine this quantization by returning the closest syn-
thetic training example belonging to the recognized grasp
and the corresponding pose cluster. We do this by return-
ing the training example n from quantized class k with the

closest foreground depth:

NN(x) = min
n2k\g⇤
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We match only foreground depths in the nth synthetic train-
ing image xn, as specified by its binary label yn. Because
each synthetic exemplar is annotated with hand-object con-
tact points and forces from its parent 3D hand model, we
can predict forces and contact points by simply transferring
them from the selected grasp model to the exemplar location
in the 3D space.

6. Experiments
For all the experiments of this section, we use a leave-

one-out approach where we train our 1-vs-all SVM classi-
fiers on 7 subjects and test on the last 8th subject. We repeat
that operation with the 8 subjects and average the results.
When analyzing our results, we refer to grasps by their id#.
In the supplementary material, we include a visualization of
all grasps in our taxonomy.

Baselines: We first run some “standard” baselines:
HOG-RGB, HOG-Depth, and an off-the-shelf deep RGB
feature [?]. We obtained the following average classifica-
tion rate: HOG-RGB (3.30%), HOG-Depth (6.55%), con-
catenated HOG-RGB and HOG-Depth (6.55%) and Deep-
RGB (11.31%). Consistent with recent evidence, deep fea-
tures considerably outperform their hand-designed counter-
parts, though overall performance is still rather low (Tab. 2).

Segmented/cropped data: Next, we evaluate the role
of context and clutter. Using segmented RGB im-
ages marginally decreases accuracy of deep features from
11.31% to 11.10%, but recognition rates appear are more
homogeneous. Looking at the individual grasp classifica-
tion rates, segmentation helps a little for most grasps but
hurts the accuracy of “easy” grasps where context or ob-
ject shape are important (but removed in the segmentation).
This includes non-prehensile “pressing” grasps (interacting
with a keyboard) and grasps associated with unique ob-
jects (chopsticks). Deep features extracted from a cropped
segmentation and cropped detection increase accuracy to
12.55% and 13.67%, respectively, suggesting that some
amount of local context around the hand and object helps.

Competing methods: [?, ?] make use of HOG tem-
plates defined on segmented RGB images obtained with
skin detection. Because skin detectors did not work well
on our (in-the-wild) dataset, we re-implemented [?] us-
ing HOG templates defined on our depth-based segmen-
tations and obtained 7.69% accuracy. To evaluate re-
cent non-parametric methods [?], we experimented with
a naive nearest neighbor (NN) search using the different
features extracted for the above experiments and obtained
6.10%, 6.97%, 6.31% grasp recognition accuracy using

Deep-RGB, cropped-RGB and cropped+segmented-RGB.
For clarity, these replace the K-way SVM classifier with
a NN search. The significant drop in performance suggests
that the learning is important, implying that our dataset is
still not big enough to cover all possible variation in pose,
objects and scenes.

Cue-combination: To take advantage of detection and
segmentation without hurting classes where context is im-
portant, we trained our SVM grasp classifier on the con-
catenation of all the deep features. Our final overall classi-
fication rate of 17.97% is a considerable improvement over
a naive deep model 11.31% as well as (our reimplementa-
tion of) prior work 7.69%. The corresponding recognition
rates per grasp and confusion matrices corresponding to this
classifier are given in Fig. 5.

Grasp classification Confusion matrix

(a) (b)
Figure 5. RGB Deep feature + SVM. We show the individual
classification rates for the 71 grasps in our dataset (a) and the cor-
responding confusion matrix in (b).

Features Acc. top 20 top 10 min max
HOG-RGB 3.30 7.20 9.59 0.00 28.54
HOG-Depth 6.55 12.96 15.74 0.66 26.18
HOG-RGBD 6.54 13.76 19.24 0.00 45.62

Deep-RGB [3] 11.31 25.92 35.28 0.69 61.39
Deep-RGB(segm.) 11.10 21.56 26.51 0.69 29.46

HOG-RGB (cropped) 5.84 11.22 14.03 0.00 27.85
Deep-RGB (cropped) 13.67 27.32 36.95 1.22 55.35

HOG-RGB (crop.+segm.) [4] 7.69 15.23 18.65 0.69 30.77
HOG-Depth (crop.+segm.) 10.68 22.04 27.99 0.52 42.40
Deep-RGB (crop.+segm.) 12.55 22.89 27.85 0.69 37.49

Deep-RGB (All) 17.97 36.20 44.97 2.71 68.48

Table 2. Grasp classification results. We present the result ob-
tained when training a K-way linear SVM (K=71) with different
types of features: HOG-RGB, HOG-Depth and Deep-RGB fea-
tures, on the whole workspace, i.e. entire image, on a cropped
detection window or on cropped and segmented image.

Easy cases: High-performing grasp classes (Fig. 5) tend
to be characterized by limited variability in terms of view-
point (i.e. position and orientation of the hand w.r.t camera)
and/or object: eg. opening a lid (#10), writing (#20), hold-

Classifier: SVM on deep features

CASE 3: MORE THAN JUST POSE  

[Rogez, Supancic & Ramanan, Understanding Hands in Action. ICCV’15]

Data: ~12k RGBD images (25 obj./grasp, 8 subj)
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CASE 3: GRASPING HAND

[Rogez, Supancic & Ramanan, Understanding Hands in Action. ICCV’15]



Grégory Rogez - 3D Human Sensing from monocular visual data using classification techniques 36

Pose detection: 
localization + 3D/2D pose

Additional 
attributes

Model multi-modal 
distributions

Holistic full-body 
approach

CLASSIFICATION: LESSONS LEARNT
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OUTLINE

• Background


• Monocular 3D Human pose estimation


• Classification-based approaches 


• Drawbacks and solutions


• and beyond…
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Requires large scale training 
data (images+3D pose)

Computational 
cost

Won’t work with unseen 
poses

Only coarse pose 
estimation

SYNTHESIS

CNN 

CLASSIFICATION: LESSONS LEARNT
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Data: ~200,000 synthetic “egocentric workspaces”

(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
Y
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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

✓0i = ✓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
k2Ray(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 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.
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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
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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
k2Ray(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-
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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.
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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
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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-
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or self-intersecting poses. To remove such cases, we sepa-
rately generate depth maps for the left and right arms, and

+ =

[Rogez, Supancic & Ramanan, First-person pose recognition using egocentric workspaces. CVPR’15]

REALISTIC SYNTHETIC HUMANS FOR DEPTH

[Supancic, Rogez, Yang, Shotton & Ramanan, Depth-Based Hand Pose Estimation: Data, Methods, and 
Challenges. ICCV’15 and  IJCV’18]
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WHAT ABOUT RGB?

Human3.6M dataset 

[Ionescu et al., 2014]

Requires manual work…

Not scalable to millions of images!
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WHAT DATA DO WE HAVE?

for in the wild 3

D pose

3D source: Motion Capture (MoCap) data 
CMU Graphics Lab Motion Capture 
MoCap Dataset 2500 sequences
Pose Prior:   [Akhter & Black 2015]

Human3.6M dataset:  3.6M poses                
[Ionescu et al.,  2014]

2D source: real images with 2D pose annotations
Leeds Sport Dataset (LSP): 2,000 images 
[Johnson & Everingham 2010]

Leeds Sport Dataset Extended (LSPE): 10,000 
images  [Johnson & Everingham 2011]

MPII Human Pose Dataset:  25,000 images  
[Andriluka et al.,  2014]

COCO  39,000 images  [Lin et al.,  2014]
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POSE-BASED DATA AUGMENTATION

Reshaping the future  [Pishchulin et al., CVPR 2012]
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POSE-BASED DATA AUGMENTATION

Tiny videos [Park and Ramanan, CVPRW 2015]
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OUR IMAGE-BASED SYNTHESIS ENGINE

3D source: Motion Capture (MoCap) data 

Camera views (x200 )

[Rogez& Schmid, MoCap-guided Data Augmentation for 3D Pose Estimation in the Wild. NIPS’16]
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 We compute the Euclidean distance 
between each pair of joints in q’ and p  

joint j

joint i

 q is aligned to p with respect to joint j 
and joint i, i being the farthest joint 
connected to j

 respects: 

 and 

• We define a distance between 2D poses p and q conditioned on one particular joint j:

MOCAP-GUIDED IMAGE MOSAICING

[Rogez& Schmid, MoCap-guided Data Augmentation for 3D Pose Estimation in the Wild. NIPS’16]
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joint 1

MOCAP-GUIDED IMAGE MOSAICING

• For each joint of the query pose, we search our dataset of annotated 2D poses to find the image 
with similar local kinematic configuration.

[Rogez& Schmid, MoCap-guided Data Augmentation for 3D Pose Estimation in the Wild. NIPS’16]
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joint 1

MOCAP-GUIDED IMAGE MOSAICING

• For each joint of the query pose, we compute a probability map

Delaunay triangulation on the set of  
2D joints

Assign probability 

to each vertex

Extend to all pixels using 
barycentric interpolation inside 
each triangle  


[Rogez& Schmid, MoCap-guided Data Augmentation for 3D Pose Estimation in the Wild. NIPS’16]
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• Repeat the process for all joints 

joint 1

joint 2


MOCAP-GUIDED IMAGE MOSAICING

[Rogez& Schmid, MoCap-guided Data Augmentation for 3D Pose Estimation in the Wild. NIPS’16]
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joint 1

joint j

joint 2


POSE AWARE IMAGE BLENDING

Obtaining a list of n matches 

• Repeat the process for all joints 

[Rogez& Schmid, MoCap-guided Data Augmentation for 3D Pose Estimation in the Wild. NIPS’16]
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• Taking the argmax over probability maps generate a mosaic with artifacts

joint 1

joint j

joint 2


POSE AWARE IMAGE BLENDING

[Rogez& Schmid, MoCap-guided Data Augmentation for 3D Pose Estimation in the Wild. NIPS’16]
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• Instead, we use a pose-aware image blending algorithm with a squared region             whose size 
varies with the distance to the pose

joint 1

joint j

joint 2


POSE AWARE IMAGE BLENDING

Build an histogram of 
indices inside   


[Rogez& Schmid, MoCap-guided Data Augmentation for 3D Pose Estimation in the Wild. NIPS’16]
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• Instead, we use a pose-aware image blending algorithm with a squared region             whose size 
varies with the distance to the pose

Compute pixel values as a weighted sum over all 
images:


joint 1

joint j

joint 2


POSE AWARE IMAGE BLENDING

[Rogez& Schmid, MoCap-guided Data Augmentation for 3D Pose Estimation in the Wild. NIPS’16]



Grégory Rogez - 3D Human Sensing from monocular visual data using classification techniques

• 3D pose space partitioned into K clusters (K=5000)

• AlexNet adapted to output a probability distribution over pose classes. 


53

CNN FOR FULL-BODY 3D POSE

Average 2D/3D poses of top scoring 
class returned for evaluation. 

[Rogez& Schmid, MoCap-guided Data Augmentation for 3D Pose Estimation in the Wild. NIPS’16]
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Type of 
images 2D source
 size 3D source 
size
3D pose

error (mm)

Real 190,000 190,000 97.7

Synth 17,000 190,000 97.2

Synth + Real 190,000 190,000 88.1

EVALUATION ON HUMAN3.6M

H3.6M details:

- 3.6 millions  images (4 cameras) 

- 1 environment (MoCap room)

- 11 actors  

- 17 activities (discussion, smoking, 

taking photo, talking on the 
phone...)


- 3D MoCap data (human poses)

- 2D joint location

Our data is different: classifier 
performs better when trained on 
Real and Synth data together

Our data is useful: classifier 
performs slightly better when 
trained on Synth data

[Rogez& Schmid, MoCap-guided Data Augmentation for 3D Pose Estimation in the Wild. NIPS’16]
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COMPARAISON WITH “CLASSICAL” SYNTHESIS

Type of 
images 2D source
 size 3D source 
size
3D pose

error (mm)

Mosaic 17,000 190,000  97.2

Surreal 0 190,000 119.5

Surreal +Real 190,000 190,000 97.8

Surreal+Mosaic 17,000 190,000 90.1

Training on Surreal alone overfits 
and does not generalize well


Combining Surreal and Mosaic 
images results in a better model

Mixing Surreal with Real images 
helps avoid overfitting

[Rogez& Schmid, Image-based Synthesis for Deep 3D Human Pose Estimation. IJCV 2018]
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QUALITATIVE RESULTS

[Rogez& Schmid, Image-based Synthesis for Deep 3D Human Pose Estimation. IJCV 2018]

• CNNs can be trained on artificially looking images and still generalize well to real images
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QUALITATIVE RESULTS

Failure cases

[Rogez& Schmid, MoCap-guided Data Augmentation for 3D Pose Estimation in the Wild. NIPS’16]
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TAKE HOME MESSAGE

Data augmentation technique to synthesize (large scale) in-the-wild images with 3D 
pose annotations:

• locally photorealistic (no need for domain adaptation)

• kinematically coherent 
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Requires large scale training 
data (images+3D pose)

Computational 
cost

Won’t work with unseen 
poses

Only coarse pose 
estimation

SYNTHESIS

CNN 

CLASSIFICATION: DRAWBACKS
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RELATED WORK: FASTER R-CNN
Localiza(on*

Related'work:'Faster'RCNN'

34'

conv

image

anchor-poses

Pose Proposals Network

RPN

RoI pooling fc

Localization

fc

fc

fc

C
lassification

R
egression

RPN'
person' horse' dog'

Object*classifica(on*

Bounding*box*
regression*

Faster R-CNN: Towards real-time object 
detection with region proposal networks  
[S Ren et al., NIPS 2015, PAMI 2017]
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Localiza(on*
Related'work:'Faster'RCNN'

34'

conv

image

anchor-poses

Pose Proposals Network

RPN

RoI pooling fc

Localization

fc

fc

fc

C
lassification

R
egression

RPN'
person' horse' dog'

Object*classifica(on*

Bounding*box*
regression*
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RELATED WORK: FASTER R-CNN

Pose

2D / 3D Body keypoints

Anchor'poses+

pose 1

pose 2 pose k

[Rogez, Weinzaepfel & Schmid, 
LCR-Net. CVPR’17]
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LCR-NET: LOCALIZATION

 
RPN 

 
conv 

N RoI 
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LCR-NET: CLASSIFICATION

 
RPN 

 
conv 

N RoI 

 
Classification 

Branch 
 

N x K  
scores 
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LCR-NET: REGRESSION

 
RPN 

 
conv 

N RoI 

 
Classification 

Branch 
 

N x K  
scores 

 
Regression 

Branch 
 

N x K  
2D-3D poses 
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LCR-NET: POSE PROPOSALS INTEGRATION (PPI)
N x K refined 2D/3D pose proposals + scores

Pose estimation by NMS.

1. Group using 2D overlap to find persons

2. Group using 3D pose to find modes

3. Compute weighted sum 

Instead we: 
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Bounding box + class label normalized 2D poses

(w.r.t bounding box)

 normalized 3D poses

(aligned+orientated)

Loss:

RPN loss

(cf FasterRCNN)

log loss

of the true class

L1-smooth loss


Anchor-Pose Ground-Truth Regression

LCR-NET: TRAINING (HUMAN 3.6M)
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3D Evaluation: Human3.6M dataset

EVALUATION

Method Error

(mm)


 
 AlexNet (K=5000) 87.3

 LCR-Net  with VGG16 backbone (K=100) 71.6

                   + Synth training data 59.3

                           + ResNet50 backbone (LCR-Net++) 54.3

- 300k training images with perfect 
bounding boxes, 2D and 3D poses


- 5 subjects for training 

- 2 subjects for test

[Rogez, Weinzaepfel & Schmid, LCR-Net++. IEEE T. PAMI 2019]

Best performance 
achieved for K=100 
anchor poses.

Boost with Synth. data

Small improvement with 
ResNet50
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3D Evaluation: Human3.6M dataset

QUALITATIVE RESULTS 
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3D Evaluation: Human3.6M dataset

QUALITATIVE RESULTS 
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QUALITATIVE RESULTS 
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3D Evaluation: Human3.6M dataset

COMPARISON WITH STATE-OF-ART

- 300k training images with perfect 
bounding boxes, 2D and 3D poses


- 5 subjects for training 

- 2 subjects for test

NIPS’16

CVPR’17

PAMI’19

Performance on H3.6M is saturating.
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2D Evaluation: MPII dataset

EVALUATION IN THE WILD

- 17k images with ~25k annotated 2D poses 

- validation set of 1000 images

Problems: 


1- Many occlusions by objects/persons -> Mosaic data not adapted for these cases

2- People often truncated at image boundary -> full-body not in the image
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EVALUATION IN THE WILD

Solution 1: Annotate images with 3D “pseudo ground truth”:

1. collect large MoCap dataset (merging 10 different datasets)


MPI Pose Prior dataset

CMU MoCap dataset

2D annotations: LSPE (11k), 

MPII (17k), Coco (35k), H3.6M (17k)

Total training set: 160k (mirroring) 

Solution 1: Annotate images with 3D “pseudo ground truth”:

CHAPTER 5. DETECTING PARTS FOR ACTION LOCALIZATION 82

Figure 5.4 – Our full-body pseudo-groundtruth generation. A nearest
neighbor search is employed to complete missing annotations

from MPII training set, and normalize it (keypoint values are between
[�1, 1]). As done in [Rogez et al., 2017], we generate a large set (8M) of
human 2D poses by projecting 3D poses from the CMU Motion Capture
dataset on multiple random camera views. 2D full-body poses are also
normalized. Then, for each incomplete 2D pose in the MPII training set,
a search is performed on the annotated 2D joints to estimate the clos-
est match, i.e., full-body 2D pose, that is later employed to estimate a
full-body bounding box. More specifically, the L2 distance between the
incomplete skeleton and complete skeletons are evaluated only on anno-
tated keypoints. The closest match is then realigned with respect to the
MPII skeleton, and is used as a pseudo-groundtruth to extract a full-body
box.

Full-body pseudo 

groundtruth 2D /3D poses

Solution 1: Annotate images with 3D “pseudo ground truth”:

1. collect large MoCap dataset (merging 10 different datasets)

2. generate large set (8M) of 2D poses (varying camera viewpoint)

3. find NN 2D pose using labelled / visible 2D joints

NN Search

NN Search

Projection on 
virtual views

Full-body 2D poses

 

Solution 1: Annotate images with 3D “pseudo ground truth”:

1. collect large MoCap dataset (merging 10 different datasets)

2. generate large set (8M) of 2D poses (varying camera viewpoint)


CHAPTER 5. DETECTING PARTS FOR ACTION LOCALIZATION 82

Figure 5.4 – Our full-body pseudo-groundtruth generation. A nearest
neighbor search is employed to complete missing annotations

from MPII training set, and normalize it (keypoint values are between
[�1, 1]). As done in [Rogez et al., 2017], we generate a large set (8M) of
human 2D poses by projecting 3D poses from the CMU Motion Capture
dataset on multiple random camera views. 2D full-body poses are also
normalized. Then, for each incomplete 2D pose in the MPII training set,
a search is performed on the annotated 2D joints to estimate the clos-
est match, i.e., full-body 2D pose, that is later employed to estimate a
full-body bounding box. More specifically, the L2 distance between the
incomplete skeleton and complete skeletons are evaluated only on anno-
tated keypoints. The closest match is then realigned with respect to the
MPII skeleton, and is used as a pseudo-groundtruth to extract a full-body
box.



Grégory Rogez - 3D Human Sensing from monocular visual data using classification techniques 74

LCR-NET: TRAINING (IN THE WILD)

Bounding box + class label normalized 2D poses

(w.r.t bounding box)

 normalized 3D poses

(aligned+orientated)

Loss:

RPN loss

(cf FasterRCNN)

log loss

of the true class

L1-smooth loss


Solution 2: Create “upper-body classes”:
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RESULTS IN THE WILD

We were the first to evaluate in 4 regimes: 

• state-of-the-art results in 3D pose estimation (H3.6M)

• near state-of-the-art results for in-the-wild 2D pose estimation (MPII-single)

• competitive results in multi-person detection and 2D pose (MPII-multi)

• state-of-the-art results in multi-person 3D pose estimation (MuPoTS)

[Rogez, Weinzaepfel & Schmid, LCR-Net++. IEEE T. PAMI 2019]
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LCR-NET CAN HANDLE VARIED POSES…
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SELF-OCCLUSIONS,
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OCCLUSIONS,
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AND TRUNCATIONS.
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REAL-TIME DEMO
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REAL-TIME  DEMO ON PHONE

LCR-Net on iPhone 11



Grégory Rogez - 3D Human Sensing from monocular visual data using classification techniques 82

REAL-TIME POSE RETARGETING DEMO

Animation of NAVER LABS robot Ambidex in MuJoCo simulator 
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REAL-TIME POSE RETARGETING DEMO

Animation of NAVER LABS robot Ambidex in MuJoCo simulator 
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Detection

3D pose2D pose

LCR-NET

TAKE HOME MESSAGE

LCR-Net with class-specific regression:

• reduced nb of classes (computation)

• refine the 2D/3D pose 

• real-time pose detection.
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OUTLINE

• Background


• Monocular 3D Human pose estimation


• Classification-based approaches 


• Drawbacks and solutions


• and beyond…
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LCR-NET QUALITATIVE RESULTS IN VIDEO SEQUENCE

NB: Frames processed independently.

3D pose a useful cue for action 
recognition, especially when there’s 
no context, e.g. mimes…



Grégory Rogez - 3D Human Sensing from monocular visual data using classification techniques 87

OUT-OF-CONTEXT ACTION RECOGNITION
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STGCN3D / STGCN2D

POSE-BASED BASELINE: EXPLICIT 2D OR 3D POSES

[Weinzaepfel & Rogez, Mimetics: Towards understanding human actions out of context, IJCV 2021]
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SIP-Net

STACKED IMPLICIT POSE (SIP-NET)

[Weinzaepfel & Rogez, Mimetics: Towards understanding human actions out of context, IJCV 2021]
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• explicit 2D and even more 3D poses suffer from noise in-the-wild

• implicit poses are more robust

• lack details on hands/fingers/faces + fine-grained classes

RESULTS ON EXISTING BENCHMARKS

[Weinzaepfel & Rogez, Mimetics: Towards understanding human actions out of context, IJCV 2021]
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• Flow is less biased than RGB

• Implicit poses perform better

SIP-Net: playing piano

RGB: massage back

Flow: playing piano

SIP-Net: shooting goal

RGB: playing badminton

Flow: dancing ballet

RESULTS ON MIMETICS

[Weinzaepfel & Rogez, Mimetics: Towards understanding human actions out of context, IJCV 2021]
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MIMED ACTION RECOGNITION DEMO

Real-time multi-person mimed action recognition demo
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TAKE HOME MESSAGE

• State-of-the-art action recognition methods are biased towards context (scene and objects).

• The implicit pose features of LCR-Net can be used for out of-context action recognition.

• More details are required on hands and faces.

• 3D poses are too noisy to be used for action recognition as-is.
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BEYOND SIMPLE CLASSIFICATION

• Holistic approach requires annotations for all the body parts. 


What if we want to classify poses including bodies, hands, faces?


• How to handle mis-detections and improve performances in 

videos (while keeping real-time performance).s
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WHOLE BODY POSE ESTIMATION  
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Whole-body pose in controlled environment Part-specific datasets in the wild

NO IN-THE WILD WHOLE BODY POSE DATASET  
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Whole-body 
network

2D-3D 
whole-body 
ground-truth

WHOLE-BODY NETWORK

[Weinzaepfel, Bregier, Combaluzier, Leroy & Rogez, DOPE: Distillation of Part Experts for whole body pose 
estimation, ECCV 2020]
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whole-body 
network

body expert

hand expert

face expert

2D-3D whole-body pose detection

pseudo 
ground-truth

frozen

DISTILLATION OF PART EXPERTS

[Weinzaepfel, Bregier, Combaluzier, Leroy & Rogez, DOPE: Distillation of Part Experts for whole body pose 
estimation, ECCV 2020]
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convconvconv

RPN
candidate


boxes

conv convconv

Body

classif

Body

regression

RoI-Align

body anchor-poses

DETECTION ARCHITECTURE
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hand anchor-poses

DETECTION ARCHITECTURE

convconvconv

RPN
candidate


boxes

conv convconv

Hand

classif

Hand

regression

RoI-Align
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face anchor-poses

DETECTION ARCHITECTURE

convconvconv

RPN
candidate


boxes

conv convconv

Face

classif

Face

regression

RoI-Align



Grégory Rogez - 3D Human Sensing from monocular visual data using classification techniques 102

convconvconv

RPN
candidate


boxes

conv convconv

hand

classif

hand

regressionRoI-Align

hand anchor-poses

face

classif

face

regression

body

classif

body

regression

body anchor-poses

face anchor-poses

𝐿 = 𝐿𝑅𝑃𝑁 +   ∑
𝑝 ∈{𝑏𝑜𝑑𝑦,h𝑎𝑛𝑑,𝑓𝑎𝑐𝑒}

𝐿𝑝
𝑐𝑙𝑎𝑠𝑠𝑖𝑓 + 𝐿𝑝

𝑟𝑒𝑔 + 𝐿𝑝
𝑑𝑖𝑠𝑡𝑖𝑙𝑙 

DETECTION ARCHITECTURE



Grégory Rogez - 3D Human Sensing from monocular visual data using classification techniques 103

2D body pose

(MPII, 

PCKh@0.5)

3D body pose

(MuPoTs, PCK3D)

3D hand pose

(RenderedHand, 

AUC)

face landmarks

(Menpo, AUC)

Body expert 89.6 66.8 - -
Hand expert - - 87.1 -
Face expert - - - 73.9
Ignoring unannotated 
parts

88.3 66.6 81.1 61.7

DOPE 88.8 67.2 84.9 75.0

EXPERIMENTAL RESULTS

[Weinzaepfel, Bregier, Combaluzier, Leroy & Rogez, DOPE: Distillation of Part Experts for whole body pose 
estimation, ECCV 2020]
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[Weinzaepfel, Bregier, Combaluzier, Leroy & Rogez, DOPE: Distillation of Part Experts for whole body pose 
estimation, ECCV 2020]
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Frame-by-frame processing on a laptop with GTX 1080 (only 2D is shown for clarity)

REAL-TIME DEMO
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TAKE HOME MESSAGE

Lack of annotated data can be solved using a teacher-student approach  

A single DOPE model can performs multiple tasks with a comparable network capacity 
as one single expert.
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BEYOND SIMPLE CLASSIFICATION

How to handle mis-detections and improve performances in videos?
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IMPROVING 3D POSE ESTIMATION IN VIDEOS
Idea: Consider body pose as the tokens of body language and get inspiration from 

NLP technique BERT (Bi-directionnal Encoder Representations from Transformers)

Proposal: Train a BERT-like model on massive amounts of pose sequences from MoCap data.

[Baradel, Groueix, Weinzaepfel, Bregier, Kalantidis & Rogez, 
Leveraging MoCap data for Human Mesh Recovery, 3DV 2021]
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POSEBERT RESULTS ON MUPOTS
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POSEBERT RESULTS ON DEX-YCB DATASET
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POSEBERT RESULTS ON DEX-YCB DATASET
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3DPW MPI-INF MUPOTS AIST
SPIN 59.6 68.0 83.0 76.2
    + 
PoseBERT

57.3 ↓ 
2.3 

64.3 ↓ 
3.7

80.9 ↓ 
2.1

74.6 ↓ 
1.6

VIBE 56.5 65.4 83.4 76.0
   + 
PoseBERT

54.9 ↓ 
1.6 

64.4 ↓ 
1.0

81.0 ↓ 
2.4

74.5 ↓ 
1.5

MoCap-
SPIN

55.6 66.7 81.0 75.7

   + 
PoseBERT

52.9 ↓ 
2.7

63.8 ↓ 
2.9

79.9 ↓ 
1.1

74.1 ↓ 
1.6

ROMP 91.1 - - -
   + 
PoseBERT

90.2 ↓ 
0.9

- - -

LCRNET++ 68.8 - - -
   + 
PoseBERT

58.5 ↓ 
10.3

- - -

➢ Always improve performance

➢ More robust estimation

➢ Low computation overhead


The reported metric is the PA-MPJPE

RESULTS WHEN PLUGGED ON OTHER ALGORITHMS
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Online version run at 15fps on a GPU Tesla T4 

Demo code will be released soon

QUALITATIVE RESULTS OF SPIN + POSEBERT

[Baradel, Groueix, Weinzaepfel, Bregier, Kalantidis & Rogez, 
Leveraging MoCap data for Human Mesh Recovery, 3DV 2021]
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QUALITATIVE RESULTS OF LCR-NET + POSEBERT
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APPLICATION: ANIMATION OF A ROBOTIC GRIPPER

[Baradel, Groueix, Weinzaepfel, Bregier, Kalantidis & Rogez, 
Leveraging MoCap data for Human Mesh Recovery, 3DV 2021]
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TAKE HOME MESSAGE

• PoseBERT is a plug and play module trained with masking on MoCap 
data only


• PoseBERT can:

• Correct  noisy 3D poses

• Complete missing detections

• Directly output SMPL paprameters
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• Pose estimation by classification: showcase

• Rogez, Rihan, Ramalingam, Orrite and Torr, CVPR’08

• Rogez, Rihan, Orrite and Torr, IJCV’12

• Rogez, Supancic and Ramanan, CVPR’15

• Rogez, Supancic and Ramanan, ICCV’15


• Mocap-guided data augmentation for 3D pose in the wild

• Rogez and Schmid, NIPS’16

• Rogez and Schmid, IJCV’19


• LCR-Net:

• Rogez, Weinzaepfel and Schmid, CVPR’17  

Rogez, Weinzaepfel and Schmid, IEEE PAMI 2019


• Action recognition / MIMETICS

• Weinzaepfel and Rogez, IIJV 2021 


• DOPE

• Weinzaepfel, Bregier, Combaluzier, Leroy and Rogez, ECCV 2020  

• Armagan et al., ECCV 2020  


• PoseBERT:

• Baradel, Groueix, Weinzaepfel, Bregier, Kalantidis and Rogez, 3DV 2021
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