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Abstract

This paper proposes an automated synthetic data generation pipeline that integrates Unity-based precise Ground
Truth (GT) generation with ControlNet-OpenPose conditional image synthesis for human pose estimation training. The
framework combines structural accuracy from simulation with visual realism from diffusion models to mitigate the
domain gap of conventional synthetic data. A COCO-compatible dataset was constructed and evaluated through mixed
training with real data. Experimental results show that OKS-AP improves from 63.2 (real-only) to 65.0 (real +
synthetic). These findings demonstrate that structurally aligned pose-conditioned generation enhances data diversity and

improves model generalization.
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