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Abstract

In response to the problems of severe occlusion, near background color, and inconsistent target
size in underwater Chinese sturgeon video images, an EMA attention mechanism is introduced
based on the YOLOv8 detection algorithm. This mechanism can automatically learn and more ac-
curately capture key features of Chinese sturgeon, improving YOLOv8’s predictive ability. The ex-
perimental results of using the YOLOv8 detection algorithm with EMA attention mechanism for
detecting Chinese sturgeon show that the accuracy mAP@0.5 in terms of performance, the im-
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proved YOLOv8 model has increased by 3.7% compared to the original YOLOv8 model, reaching
94%. Therefore, the YOLOV8 detection algorithm with the introduction of EMA attention mechan-
ism can be better used for underwater video detection of Chinese sturgeon.
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Figure 1. YOLOVS8 network architecture
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Figure 2. EMA attention mechanism
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Figure 3. C2f-EMA structure
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Figure 4. Improved YOLOVS target detection process for Chinese sturgeon
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Table 1. Detection accuracy of Chinese sturgeon based on YOLOv8 (MAP@0.5 %)
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