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Adaptive cross-scale feature fusion for underwater object detection algorithm

Li Hailong® Huang Sungang'® Rao Xingchang'
(1. School of Electronic and Information Engineering, Nanjing University of Information Science and Technology,
Nanjing 210044, China;2. Jiangsu Province Engineering Research Center of Integrated Circuit Reliability
Technology and Testing System, Wuxi University, Wuxi 214105, China)

Abstract:  Underwater object detection often faces challenges such as complex environmental interference, unstable
system performance, and low detection accuracy. To address these issues, this paper proposes WAD-YOLOvS, a
lightweight object detection algorithm based on adaptive feature extraction and cross-scale feature fusion strategies.
First, a context-aware residual feature extraction module (CCRF) is introduced in the backbone network, enabling the
model to effectively integrate global and local information. Second, an adaptive down-sampling module (ADFE) guided
by variable large kernel convolution attention mechanisms is employed to adjust sampling features dynamically,
enhancing the network’s adaptability. Finally, the neck network is restructured by incorporating new cross-scale
feature fusion connections, significantly improving the model’ s robustness against environmental interference.
Experimental results demonstrate that, compared to the baseline model, WAD-YOLOvS achieves a 3.0%
improvement in detection accuracy and a 2. 6% increase in mAP50, while reducing model parameters and computation
by substantial margins. The detection speed reaches 64 FPS, outperforming classical algorithms in both effectiveness
and stability. These improvements highlight the model’ s capability to address the challenges of underwater object
detection, offering a highly efficient and reliable solution for complex underwater environments.

Keywords: underwater object detection; YOLOvS;deformable convolution;feature pyramid;adaptive
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Table 2 Comparison of ablation experiment metrics

Model YOLOv8n  CCRF ADFE F-BiFPN  mAP50/% mAP50:95/% Params/M FLOPs/G  FPS
1 J 84. 2 64.5 3.1 8.4 62
2 N N 85.0 64.8 2.8 8.2 66
3 N/ NG 84.7 64. 4 2.5 6.8 71
4 N/ N/ N 85. 1 65. 7 2.3 6.9 73
5 J J 86. 0 66.5 1.0 10.1 58
6 NG NG N N 86. 8 67.5 2.7 7.9 64
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Table 3 Comparison experiment of different models

mAP50/ Params/ FLOPs/

Model P/% R/% FPS
% M G
Faster R-CNN 64.2 58.2 67.1  42.1 66.6 22
SSD 69.2 54.3  62.6  24.4  42.8 58
YOLOv1On 84.6 77.1 85.2 2.5 7.2 71
YOLOv8n  83.1 75.0 84.2 3.1 8.4 61
YOLOv8s  85.7 78.5 86.3  11.2  28.5 56
YOLOv5n  76.8 68.5 77.1 2.6 7.1 73
RT-DETR  89.6 82.4 90.3  20.1 60. 2 45
Hk12] / / 85.7 12.4 / 55
Ours 86.1 79.2 86.8 2.7 7.9 64
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Fig. 10 Heatmap visualization
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Table 4 Comparison of different down-sampling modules

s mAP50/ mAP50:95/ Params/ FLOPs/

% % M G
Conv 85.1 65.7 2.3
ADFE(Adown+DLKA) 86.8 67.5 2.7
Adown+ MSDA 86.5 67.3 3.1
Adown+ EMA 85.6 66.1 2.4 7.1
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Fig. 11 Comparison of detection results
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Table 5 Generalization experiments based on
the TrashCan dataset

(853 P/% R/%  mAP50/%  FPS

YOLOv5n 87.2 71.4 87.9 82
YOLOv8n 90. 6 77.1 91.1 68
Ours 91.3 79.3 92.7 76
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Fig. 12 Comparison of detection results of TrashCan datasets
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