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Groups Models B(mAP50) B(mAP50-95) P(mAP50) P(mAP50-95)
Exp.1 YOLOv8n-pose 0.889 0.656 0.733 0.399
Exp.1 Ours (n-scale) 0.880 0.649 0.725 0.392
Exp.2 YOLOv8n-pose 0.995 0.925 0.526 0.131
Exp.2 Ours (n-scale) 0.995 0.929 0.805 0.174
Exp.3 YOLOV8x-pose 0.873 0.624 0.665 0.302
Exp.3 Ours (x-scale) 0.875 0.621 0.659 0.296
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Training Duration  Avg. Inference Speed Inference Time

Models

/100 epochs (32s 720p@24fps) (32s 720p@24fps)
YOLOV8Xx-pose 5.203 hours 24.9 FPS 71.35s
Ours (x-scale) 3.889 hours 34.7 FPS 53.13s
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