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Fig. 1. architecture of One stage object detector
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Table 1. Characteristics of YOLO Models
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Fig. 2. Comparison of accuracy and speed by model
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Performance Comparison of
YOLOv8 vs YOLOVS

Model Size ‘ Detection® ’Segmentation“ Classificatio :

Nano +33.21% +32.97% +3.10%

Small +20.05% +18.62% +1.12%

Medium +10.57% +10.89% +0.66%

Large +7.96% +6.73% 0.00%

Xtra Large +6.31% +5.33% -0.76%

*Image Size = 640 *Image Size =224

Fig. 3. performance comparison by object size
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