ECCV 2026 PGcGAN: Pathological Gait-Conditioned GAN for Human Gait Synthesis

Kingston
University
London

Curatec.i !)ata Mritula Chandrasekaran?, Dr.Sanket Kachole?, Dr. Jarek Francik?, Prof.Dimitrios Makris?
for Efficient

Learning 2Indiana University School of Medicine, Indianapolis, IN, USA

Motivation & Background PGcGAN Framework

Pathology-conditioned GAN for human gait synthesis,
PGcGAN.

Pathological gait analysis plays a central role in clinical
analysis, rehabilitation and prothesis development

[—] Pathological gait datasets are limited in size
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3D pose keypoint trajectories

10 people x 6 gaits x 120 instances
» Total 7200 sequences
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Enabling controlled synthesis across six gait
categories using one-hot encoded pathology labels
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Generative modelling can augment data by
learning the motion variability from observed gait
sequences

Appended to
Tatent space

Stiff Legged

Obijective: To synthesize pathology specific gait
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adversarial and reconstruction objectives.
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sequences that are structurally and temporally

plausible and useful for downstream analysis Trendelenburg
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Synthetic gait data improves pathological gait
recognition across GRU, LSTM, and CNN models.
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Experimental Evaluation

PCA Analysis of Joint Position Trajectories Classification Performance Class-based Performance Analysis Visual Validation
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Conclusion

Comparative Study
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Study Validation Approach Mean R *  PGCcGAN synthesizes pathology-specific gait sequences from 3D pose trajectories using a conditional GAN
: ; o ) * Generated sequences preserve structural and temporal gait characteristics and inter-subject variability * Incorporate additional clinical

Kim & Hargrove Trajectory similarity and prosthetic 0.97 . ) L. A . . .

control performance metrics * Synthetic data effectively augments clinical datasets and improves downstream gait recognition conditions and larger datasets.
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