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Research on underwater object detection algorithm integrating
multi-scale information
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Abstract: Traditional underwater target detection methods face many challenges in complex underwater environments, such as inaccurate
feature extraction, poor small target detection performance, and lack of robustness. To overcome these limitations, this paper proposes an
underwater target detection model EEN-YOLO suitable for complex underwater environments. Firstly, the proposed model introduces the
EVC module on the basis of the YOLOvV7 network, connecting the bottom features with the deep features along the channel dimension,
expanding the receptive field. Secondly, the Elan-Neck++ structure is added to the detection head, which improves the accuracy of small
target detection through the downsampling module in the structure. Finally, the NWD loss function is used to replace the original CloU loss
function in the model, solving the problem that the original model cannot correctly measure the bounding box of small targets. Experimental
results on the public dataset URPC show that the mAP of the improved EEN-YOLO model reached 88. 3%. Compared with YOLOV7,
YOLOVS8n, EfficientDet-dO, and SSD, it increased by 3%, 4.5%, 7.8%, and 13. 1%, respectively.
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4 VvV vV Vv 85.3 82.4 88.3 46.56




A Zh b 8 R 5 H

2026 4 45 45 %5 4

Techniques of Automation and Applications 5

3.6 BHMEXE

AT k25 BAE 4R (9 EEN-YOLO R &k ok, % 3L
RS S EEN-YOLO 7E RUOD ¥4 45 [ #E47 5046,
RUOD HE4E A T 14 000 5K AR T BRI f o B4
Sy BAr A T 10 250 K R R
W e EEAH 2 e DL B A KR R R EE SR
M8 < 2 LI I AR AR S U2 SR AN 3 s

&3 ZERUOD HiEE LHEHEIR
Table 3 Robustness study on the RUOD dataset

Ak K584/ % T ER /% mAP/%
SsD 75.3 68.9 74.3
EfficientDet-d0 83.8 73.2 81.5
YOLOvSs 84.5 80.0 85.6
YOLOV? 86.0 78.3 85.8
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