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Abstract

In order to overcome the problems of uneven illumination, dark underwater water and target occlu-
sion in underwater Chinese sturgeon video image detection, the global attention mechanism was in-
troduced to YOLOv11 detection algorithm to enhance the expression ability of the model for key fea-
ture regions, and the group shuffle convolution structure was used in the feature fusion stage to im-
prove the multi-scale feature fusion effect, so as to improve the detection accuracy of Chinese stur-
geon. The experimental results of the improved YOLOv11 algorithm for underwater Chinese sturgeon
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video detection show that the accuracy index of the improved YOLOv11 model, mAP@0.5, compared
with YOLOv11 model, increased by 3.2% and reached 91.9%. Therefore, the improved YOLO11 has
higher accuracy and stronger robustness for the actual application scene of Chinese sturgeon video
detection.
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Figure 1. YOLO11 network structure
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Figure 2. Working principle diagram of GAM attention module
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Figure 3. GSConv structure
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Figure 4. Testing process
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Table 1. Evaluation of ablation test results

F 1. HRIRIE RN

Model Precision Recall mAP@0.5 Params (M) FPS GFLOPs
Ji46 YOLO11 91.7% 74.8% 88.7% 26 2.64 6.5
YOLOI11 + GAM 95.5% 75.6% 91.2% 34 2.36 10.8
YOLOL11 + GSConv 92.7% 79.8% 89.5% 2.6 2.74 6.5
YOLO11 + GAM + GSConv 96.4% 83.7% 91.9% 34 2.59 10.8
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XFEbRIOE HRE 3808, JRR TS DA BTk . R EE T GSConv 8T 43 4H A ARl T B HEN L G 58 14
fERl A R RIS B AC RS T, 2 RERHMERIEE A5y, MiHEm 7% 5545 4E B bR 10460 58
e
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Figure 5. Comparison of detection results between YOLO11 and improved YOLO11 models (overwater)
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Figure 6. Comparison of detection results between YOLO11 and improved YOLO11 models (underwater)
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