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Tab. 1 Results of ablation experiment

1\1%315 RepViT-M2  CAFPN WloUv2 mAP/%  mAP,, /% Pfj‘:ﬁfM Fiﬁf/% FPE?(%& "
Baseline 82.6 47.4 7.0 13.0 45
Model 1 N 83.8 483 11.6 279 35
Model 2 N N 84.3 48.7 11.7 29.4 30
Model 3 N N N 84.7 49.0 11.7 29.4 30
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AP, o $2 5 T 0.8%; 1 B 1Y AP, #2171 T 0.9%,
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Tab.2 Ablation results of 4 types of organisms %o
bl APs AP o5
Models % i i 2 54 01 1% i 2 B34 1L
Holothurian Echinus Starfish Scallop Holothurian Echinus Starfish Scallop
Baseline 73.1 90.6 88.0 78.7 40.1 49.5 52.7 47.1
Model 1 76.3 90.1 88.7 79.9 42.1 49.7 532 48.0
Model 2 77.1 90.3 88.6 81.1 425 49.3 53.6 493
Model 3 77.4 90.8 88.9 81.6 42.4 50.3 53.8 49.4
#3 AEKTBEREMNEBTHER
Tab.3 Experimental results of different underwater object detection models
” P N o
I\I%f:]ls mAPg/% MAPy.5/% Pff:iM Fﬁﬁi Fpiy/l(%’i/s)
YOLOVS5s 79.5 45.8 7.0 15.8 36
YOLOvS5m 81.6 48.8 20.8 47.9 25
YOLOv7-tiny 82.6 47.4 7.0 13.0 45
YOLOv8n 80.3 47.0 3.0 8.1 52
YOLOv8s 81.9 48.8 11.1 28.4 40
YOLO-U 84.7 49.0 11.7 29.4 30

T 2 XF e mAPSO BT L& B, ASHIF ST $ S R A
B ELL F YOLOvVSs, YOLOvSm, YOLOv7-tiny,
YOLOv8n A1 YOLOvVS8s. 5 Hij 5 Fl £ %Y 41 |
mAP,, 7> B2 5 T 5.2%, 3.1%, 2.1%, 4.4% Fl
2.8%. YOLO-U TE F 5 A i A 1 85 i 1 K
DUPRS B2 () s 5 Ft S Bk Az 0 7 75 5K, A 35 b A
WK B R B 2 () A T A A . (AR
B, 5hh GRS MBS &S IRE A

Pt i 5 AL L8 YOLOvSs A L, YOLO-U 1Y
SRR 5 R W2 T YOLO-U e
B2l & /RS RT K o

MR ATRATAT LA, 5 HAh F AR 1L
YOLO-U 7% g 0 iy 52 AR DAL 1 B
1R 1 AP S 56 45 L 3% RS AR 7 i S s A )
TR AT T, B Rz fLRe 1, Bl A K
T RIAT S o

F4 BEBAREKTBROKENLER

Tab. 4 Detection results of different underwater objects for each model

%

o AP
Models i 5 i i 1t 50
Holothurian Echinus Starfish Scallop
YOLOVSs 70.1 87.2 84.6 75.9
YOLOvSm 72.2 88.9 86.1 79.1
YOLOv7-tiny 73.1 90.6 88.0 78.7
YOLOv8n 68.8 89.3 86.4 76.7
YOLOv8s 71.1 89.6 87.6 79.3
YOLO-U 77.4 90.8 88.9 81.6
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Fig. 6 Prediction results of different models in three scenarios
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YOLO-U: An underwater object detection algorithm based on structural
reparameterization and dual attention mechanism

LI Jiangchuan', HAN Yanling', DONG Chuansheng’, WANG Yan', WANG Jing', ZHANG Yun', YANG

Shuhu'
(1. College of Information Technology, Shanghai Ocean University, Shanghai 201306, China; 2. Shandong Provincial
Institute of Land Surveying and mapping,Jinan 250102 ,Shandong , China)

Abstract: The research on underwater object detection algorithms is a prerequisite for achieving intelligent
fishing with underwater robots. The problems of fuzzy object, numerous small objects and mutual
occlusion in underwater object detection pose challenges to the realization of accurate object detection. This
paper proposes a YOLO-U algorithm for underwater object detection based on YOLOv7-tiny. The
algorithm introduces a RepViT backbone network with structural reparameterization and fuses an ESE
channel attention mechanism to enhance the feature extraction capability for underwater fuzzy objects.
Additionally, a feature pyramid network CAFPN with shallow coordinate information feature fusion is
designed to further enhance the sensitivity of the detection model to directional and positional information,
and integrate feature information of different scales to improve the detection ability of small objects.
Furthermore, the WloUv2 bounding box loss function is employed to effectively reduce the contribution of
easy examples to the loss value. This allows the model to focus on occluded objects and further improve the
detection accuracy for occluded objects. The YOLO-U algorithm achieves a mAP50 of 84.6% on the
URPC2021 dataset, which is an improvement of 2.1%, 5.2%, and 2.8% compared to YOLOvV7-tiny,
YOLOvSs, and YOLOvVSs, respectively. The detection results show that the algorithm can effectively
improve the detection accuracy of underwater objects and further improve the detection performance of
underwater fuzzy objects, small objects, and occluded objects.

Key words: underwater object detection; YOLOV7-tiny; structural reparameterization; attention mechanism;

loss function
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