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Model mAP (%) Params FLOPs mAP (%) Params GFLOPs
YOLOv8n 91.11 3.01M 8.1G 89.72 3.01M 8.1G
+SENet!'? 91.76 3.27M 8.3G 89.93 3.27M 8.3G
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Det-fly TIBNet
Model mAP (%) Params FLOPs mAP (%) Params GFLOPs
YOLOv8n 91.11 3.01M 8.1G 89.72 3.0IM 8.1G
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Det-fly TIBNet
EdgeYOLO-Tiny™ 88.84 5.82M 27.2G 87.61 5.82M 27.2G
YOLOV9-Tiny"* 94.02 2.01M 7.7G 91.43 2.01M 7.7G
EDGS-YOLOvS!"" 93.44 431M 9.9G 90.85 431M 9.9G
ADMNet!"* 94.82 3.90M 9.1G 89.72 3.90M 9.1G
DS-YOLOvS 95.61 3.04M 8.4G 92.89 3.04M 8.4G
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Det-fly TIBNet

Model mAP (%) Params FLOPs mAP (%) Params GFLOPs
YOLOvS8n 91.11 3.01M 8.1G 89.72 3.0IM 8.1G
+CARAFE"” 91.89 3.42M 9.8G 90.07 3.42M 9.8G
+A20P" 90.46 3.11M 8.5G 89.45 3.11M 8.5G
+SAPA-BP! 92.70 3.14M 9.1G 90.17 3.14M 9.1G
+FADE™ 93.31 3.38M 10.8G 90.84 3.38M 10.8G
+DySample 93.45 3.02M 8.3G 91.04 3.02M 8.3G
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Model g mAP (%) FPS Params GFLOPs
(a) YOLOvV8n 91.11 8 3.01M 8.1G
(b) YOLOVS8n-1/4 Det-fly 82.69 25 0.36M 1.4G
(c) DS-YOLOVS-1/4 86.73 25 0.37M 1.5G
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(&%)
Model g mAP (%) FPS Params GFLOPs
(a) YOLOvV8n 89.72 9 3.0IM 8.1G
(b) YOLOv8n-1/4 TIBNet 78.57 26 0.36M 1.4G
(c) DS-YOLOvS-1/4 83.91 26 0.37M 1.5G
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