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Problem & Objective ViTPose fine-tuning : Results

In competitive trampoline gymnastics and other high-level sports, 3D human pose estimation (HPE)

Performance on MRT — fine-tuning data includes 5,000 COCO images and * refers to the provided weights
could enable quantitative performance analysis for training-load monitoring and objective scoring.

Model Fine-tuning data N images AP AP 50 AR AR 50

Obijective: Improve HPE on exireme acrobatic poses

1. Fit SMPL' models to trampoline MoCap data and

Challenges in *‘ generate a dataset of synthetic images with 2D RTMPose-S  None (Baseline) - 40.1 69.8 47.9 /7.4
trampoline HPE b’ pose annotations None (Baseline) - 50.5 72.9 55.6 77.9
2. Fine-tune a HPE model, ViTPose?, on a combination STP 3,024 59.3 84.6 64.0 88.0
- of real extreme poses (LSPe) and domain-specific ViTPose-S  LSPe 10,000 64.1 87.4 70.2 90.8
v o Pl Extreme poses and joint angles, | synthetic poses (STP) LSPe + STP (Ours) 13,624 68.4 88.0 74.5 91.7
Twists and somersaults in ¥ 4 rapid motion (image blur) and SOTA models , 3. Evaluate the 3D pose triangulation accuracy on RePoGen * - 59.1 80.9 70.0 88.7

| pike, tuck or straight position uncommon viewpoints B underperform [ multi-view real trampoline images (MRT)

2D HPE performance

* LSPe and STP each improve accuracy, but best performance with LSPe + STP
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Method Overview Synthetic Data Generation C?ur V|e.Wpom’r .a.gnos’rlc model outperforms RePoGen®, a ViTPose fine-tuned on
viewpoint-specific extreme poses
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marker positions are captured using 18 Vicon optoelectronic cameras. Due to A ) || = cam 3 .. : MPJPE distribution among combinations of N cameras, using
. . . . optimization, trying all = H" 1 cang Do Multi-view 3D reconstruction baseline or fine-tuned model 2D predictions for triangulation
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o e v : * Ongoing work to test generalization to other athletes, routines or sports
Sk | ; * STP underperforming LSPe suggests that STP’s size or diversity is insufficient or that the domain
: > > o > e 2, > gap between real and synthetic data remains too important
Filtering Fitting in 2 steps Rasults - - * End-to-end toolchain for generating realistic SMPL models and training data of extreme poses
. , , . Dataset N Split Description * Proof of concept showing strong in-domain performance and reliable multi-view 3D pose
* Markers with invalid 1. Synthetic marker to vertex * Smooth and realistic Synthetic images aenerated from reconstruction in real-world settinas
labels or high errors associations on a few frames SMPL sequence SynTramPose (STP) 3,624 Train Y , J , J 9
. . TramPoseFit (? jumps, 2 athletes)
*  Non-moving markers 2. Synthetic to real marker * 44% closer to the . . (1] Loper, M. et al. SMPL: a skinned multi-person linear model. ACM 2015.
e Markers deviating from associations over all frames markers than Leeds SpOI‘i‘S Pose” (LSPe) 10,000 Train Readl Images of extreme sports poses g ?;Up', Y.be’r ?I.NVinosie:SsciDrr/:ApAl\e gislio.n ’rrqniforlmer bkqseLines ;o/l;\hté:mqn p:se es’rifr.rlq’rlilon.lcl:\lce\l/JrI2P052?O22.
. . . o o . . . . O orbdni, IN. €1 dl. : O0Ilving oprTicdal marker-ndase oLdp aurommarically. .
the dominant jump pattern with Clh.CIISTdnC(:jegij;v:'em.pOI‘Cﬂ 22’“’:‘3 and running Multiview Real TramPose 849 Val Video frames of ’rrdmpollne fraining 4] Pagnon. D. Pose2Sim: An open-source Python package for multiview markerless kinematics. JOSS 2022.
o + o smoothing an prior OX Taster MRT sessions (13 iumos. 3 athletes 5] Johnson, S. & Everingham, M. Learning effective human pose estimation from inaccurate annotation. CVPR 2001.
59 T 19 markers remain ( ) 556 Test ( | P> ) 6] Purkrabek, M. et al. Improving 2D Human Pose Estimation in Rare Camera Views with Synthetic Data. FG 2024.
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