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Research on underwater garbage detection based on improved YOLOvS

LI Yanling', ZHAO Tianyu, LI Jiaman, LIANG Qingqi, YANG Zhipeng, CHEN Chongyang
(College of Computer and Information Technology, Xinyang Normal University, Xinyang 464000, China)

Abstract: To address the core challenge that the existing object detection algorithms were constrained by issues
such as low light, low image resolution, and dense small objects in underwater environments, an improved
YOLOVS algorithm for underwater garbage object detection was proposed. The algorithm introduced self-calibrated
convolution into the feature fusion module of YOLOVS, used the method of grouping convolution for multi scale
feature extraction, and expanded the receptive field of the network through down-sampling operation, to improve the
multi scale feature fusion and detection ability of the model, and more accurately identify underwater garbage. The
experiments were carried out on the Seaclear Marine Debris data set and TrashCan data set. Compared with
YOLOVS, the detection accuracy of the improved model on the Seaclear Marine Debris data set was improved by
1.5 percent point, mAP values increased by 1.1 percent point. On the TrashCan dataset, the detection accuracy was
increased by 2.4 percent point, and the mAP value was increased by 0.7 percent point. Experimental results showed
that the proposed method could maintain high detection accuracy in complex underwater environment, and could
meet the actual needs of underwater garbage detection.
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Fig. 1 A schematic illustration of self-calibrated convolution
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Tab. 1 Description of the used dataset

LGRS 282 FRE/ 5K X 2E5150 4
Seaclear Marine Debris Underwater(can_metal, bottle_plastic, etc.) 8610 40
TrashCan Underwater (Bag, clothing, rope, can, etc.) 7212 22
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Tab. 2 Training environment and hardware platform

parameters table

plE=a5 B
Operational platform PyCharm
Compilers Python 3.8
Network construction method ~ PyTorch 2.1.0+cul21l
CPU Intel Core 15-12400F
GPU NVIDIA GeForce RTX4060
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Tab. 3 Some key parameters set during model training

R ZHL ZHUH
Epochs 300
Batch size 16
Workers 8
Input image size 640X 640
Optimizer SGD
Data enhancement strategy Mosaic
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Tab. 4 Comparison of experimental results on the

Seaclear Marine Debris dataset

K P/Y% RIY% mAP/% Params/ FLOPs/
M G
YOLOv5s 98.3 87.3 93.7 9.12 23.9
YOLOv6s 97.2 86.2 88.9 16.30 44.1
YOLOv8s 96.3 91.9 94.5 11.10 28.5
YOLOv9s 97.3 92.0 94.7 7.18 26.8
YOLOv10s 94.3 92.6 94.7 8.06 24.6
YOLOvl1ls 97.0 91.7 94.5 9.43 21.4
SC-YOLO 97.8 94.6 95.6 12.90 30.5
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Tab. 5 Comparison of experimental results on the
TrashCan dataset

Params/ FLOPs/
M G
YOLOv5s 77.2 62.4 66.7 9.12 24.1
YOLOv6s 70.8 62.5 64.7 16.30 44.2

YOLOv8s 77.2 63.8 69.7 11.10 27.8

Y P/% R/% mAP/%

YOLOv9s  73.7 64.8 67.0 7.29 27.4
YOLOv10s 75.9 61.9 66.2 8.04 24.5
YOLOvlls 77.6 63.1 67.8 9.43 21.6

SC-YOLO 79.6 62.3 70.4 12.90 30.7
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Fig. 3 Comparison of detection effects on the Seaclear

Marine Debris dataset
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Fig. 4 Comparison of detection effects on the TrashCan dataset
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