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1. Description

Supervised methods have been quite successful in the recent years for estimating 3D human poses from single view

images, provided that enough 3D annotated data is available [12, 16–18]. However such methods usually fail in in-the-wild

images captured from a wide number of scenarios involving unusual activities, for which acquiring the annotations become a

challenging task. Thus, much of the recent focus has shifted to Semi/Weakly/Self supervised methods [1, 7, 8, 11], which are

aimed to provide a reliable pseudo-label estimate for the unannotated single view images.

However, the Semi/Weakly/Self supervised methods are highly vulnerable to (a) occlusion, (b) changes in illumination

and viewing angles, (c) low image resolution etc., thereby resulting in noisy 2D estimates and 3D pseudo targets; out of which

occlusion remains the primary and a major source of such noisy estimates. A number of works aim to tackle occlusions using

multi-view camera setup where the pseudo targets are obtained using multi-view geometry of well calibrated cameras [6, 9,

15]. However, they do not generalize well to single, potentially moving, cameras. A number of approaches also attempt

to overcome these limitations by exploiting temporal consistency in monocular videos [2, 11]. Some works also impose

prior pose and kinematic priors on the estimated 3D poses to handle such noisy detections as an additional module [13,

14]. However, the aforementioned algorithms do not explicitly model occlusion, in order to enhance the robustness of the

underlying networks against it in their learning framework.

Motivation: Therefore, in this project our major goal is to increase the robustness of our prediction networks against

occlusion for 3D human pose estimation. In order to achieve the above stated goal, we model occlusion for every joint as

an aleatoric uncertainty estimate measure [3, 10]. More specifically, we make use of an “Uncertainty Estimation Network”

which outputs the mean and the standard deviation for each of the predicted joints; which can further used to estimate the

uncertainty of every joint as a uni/multivariate gaussian distribution. As a result, we can obtain a measure of uncertainty in

the distribution of the 3D joints obtained from the teacher network NetΓ.
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Figure 1. A schematic of the proposed method to estimate uncertainty estimates (i.e.µ̄ and σ̄) for every estimated 3D joints. Here, we
model only the uncertainty on depth estimates as 1D Gaussian distribution.

2. Deep Neural Networks used in the projects:

We adopt a commonly used pose representation [4, 5] namely 2.5D p2.5D = {(uj ,vj ,d
root + drel

j )}NJ
j=1 where uj and

vj are the components of joint jth in the undistorted 2D image space, droot is a scalar representing the depth of the root (or

pelvis) joint with respect to the camera and drel
j is the relative depth of each joint to the root. The main source uncertainty lies

in the estimated value of drel
j as there are infinite values of drel

j that can result in the same 2D projection on the image I . We

attempt to model this uncertainty estimation as a uni-variate gaussian distribution using the predictions of the “Uncertainty

Estimation Network” as shown in Fig. 1. The various networks involved in the training are as follows:

1. A “2D Pose Estimator Network” with parameters Θ which obtains the 2D joint estimates from the single view image

I .

2. A “Depth Estimation + Uncertainty Quantification Network” with parameters Φ that outputs the root relative depth

drel and the standard deviation (i.e. σ̄) of the uni-variate gaussian distribution per joint (Refer to Fig. 1 for more

details).

3. A “Teacher network” with parameters Γ that provides the desired pseudo labels for the unannotated samples. The

weights of this network is kept fixed in general.

The loss function to train the network for uncertainty estimation only for the values of the root relative depth drelj is shown

2



Figure 2. A schematic representation where we model the uncertainty on the 2D estimates obtained by the 2D pose estimator model along
with the root relative depth. This results in a 3D multivariate gaussian distribution representing the uncertainty per joint.

below:

LTrain(Θ,Φ) =
1

J

J∑
j=1

(
ln(σ̄j) +

(yrel
j − µ̄j)

σ̄j
2

)
, (1)

where J denote the total number of joints considered in our training setup and yrel denotes the target root relative depth for

every joint 1.

3. Tackling the problem step by step:

1. In the first phase of the project, we will fix the value of σ̄ to a constant, and only predict the value of µ̄ for every joint

to model the depth-uncertainty. Here the impact of the first term in Eqn.( 1) will be nullified as σ̄ is a constant value.

This model will be a simple baseline which should provide some valuable insights in estimating joint uncertainties for

3D pose estimation.

2. Thereafter, we can also learn the value σ̄ along with µ̄ for a comprehensive modeling of the depth uncertainty. A

diagrammatic representation of this framework is shown here in Fig. 2.

3. The proposed work can further be extended by considering the uncertainty on the 2D joints obtained the 2D pose

estimator network (i.e. uj , vj). This will result in a 3D multivariate gaussian which holistically attempts to learn the

uncertainty in uj , vj and drelj .

4. 3D Pose discriminators can also be integrated as an additional module in the learning framework to handle false positive

1For the un-annotated samples, yrel is obtained using the Teacher network NetΓ.
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cases 2.

4. Prerequisites

• This project is offered to Master’s students for their semester/thesis project.

• The candidate should have Python programming experience.

• Previous experience with deep learning and PyTorch, is recommended.

• Knowledge of 3D Human Pose Estimation and Uncertainty Quantification is a plus.

Contact:

Soumava Kumar Roy, EPFL Switzerland (soumava.roy@epfl.ch).

Matthias Rottmann, University of Wuppertal, Germany (rottmann@math.uni-wuppertal.de).
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