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Musculoskeletal desorders (MSDs)
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Distribution of MSDs on the human body
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Indicators to measure
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Depth frames

Images acquired in a waste sorting center,
where operators are especially prone to developing MSDs
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Framework of our pose estimation process

1 = e
. Image—to—limage
translation |

" 3D pose 1"_}/1
__estimation |

-

Blender-generated Realistic
. . 3D poses
depth images depth images
b k{"_glj_p_o_sé"ﬁ:ﬁ
- . estimation |
(frozen)
Real
3D poses

depth images

T. Blanc-Beyne, A. Carlier, S.Mouysset, V. Charvillat Unsupervised Human Pose Estimation on Depth Images 5/20



Numerical results and estimated posture from our

proposed approach

Kind of PCK MPJPE PAMPJPE

Training type

data 150mm 80mm 3D 3D
Noisy Supervised 100.0  100.0 21.4 18.8
& CycleGAN 93.3 46.0 84.3 65.9
Degraded Unsupervised 55.0 0.2 148.0 87.6
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Pipeline of our whole process
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Our data

Raw depth frames (top) and segmented depth frames (bottom)
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Data generation |

-

Images generated using MakeHuman and Blender
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Data generation ||
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Joints for our pose estimation
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Blender-generated data against real data

A

Blender-generated depth image Real depth image
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Pose estimator trained on blender-generated images

Blender
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Model for image-to-image translation
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CycleGAN model for image-to-image translation
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Architecture of the CycleGAN model
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Results of our image-to-image translation model
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Our model for pose estimation

Input image

Conv.+B.N.+ReLU EE MaxPooling
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Training data Architecture of the pose estimation network
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Results of our pose estimation model

Estimated posture by our proposed approach
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Comparison against the Kinect pose estimation
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Depth image  Kinect pose estimation Proposed approach

Front view

Top view

Training type  MPJPE 3D PAMPJPE 3D

CycleGAN 268.7 131.6
Unsupervised 4421 199.6
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Usefulness of our approach

Example of noisy and degraded data

Kind of . PCK MPJPE PAMPJPE
Training type

data 150mm 80mm 3D 3D
Synthetic  Supervised 100.0  100.0 10.9 9.9
Noisy Supervised 100.0 100.0 21.4 18.8
& CycleGAN 93.3 46.0 84.3 65.9
Degraded Unsupervised 55.0 0.2 1438.0 87.6

Numerical results on the noisy and degraded dataset
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Conclusion

Our use case

@ Preventing MSDs in waste sorting centers

@ Computing indicators based on the 3D pose of the operator

@ Working on depth frames

Our problem

@ Lack of annotated data to train a pose estimator

Our proposed solution

@ Use blender-generated depth frames

@ Render realistic depth images using image-to-image translation

@ Train the pose estimator on the realistic depth frames

>
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