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Underwater object detection model based on improved YOLOv11

Fang Zhenbo'® Gao Xiangyang® Zhang Qieshi’ Cheng Jun’ Yang Mengjie'
(1. Key Laboratory of Advanced Manufacturing and Automation Technology, Guilin University of Technology, Guilin,541006,
China; 2. College of Mechanical and Control Engineering, Guilin University of Technology, Guilin 541006, China;
3. Shenzhen Institute of Advanced Technology, Chinese Academy of Sciences, Shenzhen 518055, Chinaj;

4. Shengyun Technology Company Limited, Kunming 650000, China)

Abstract: In the complex underwater environment, aiming at the poor detection performance of traditional YOLO
target detection method, an underwater target detection model based on improved YOLOI11 is proposed. Firstly, by
introducing context guidance module CGBD, a multi-scale feature extractor is used to enhance the network capture
capability. Secondly, in order to solve the problem that the number of parameters is too large due to feature redundancy
in the network, the lightweight and efficient aggregation module RGCSPELAN is designed to reduce the burden of the
model. To solve the problem that the localization and recognition ability of the original detection head is insufficient and
the calculation cost is high, a lightweight and efficient DEC-Head detection head is constructed by combining the heavy
parameterization strategy and detail enhancement convolution. In addition, Wise-Inner-MPD loss function is used to
improve the generalization ability and accelerate the convergence of the model. The experimental results in URPC
dataset show that compared with the benchmark model YOLO11, the proposed method improves the mean accuracy of
mAP50 and MAP50-90 by 2.4% and 2.1% points respectively. Moreover, in the experimental results of RUOD
dataset, Compared with YOLO11, the average accuracy of the improved model mAP50 increased by 1.3% and the
recall rate R increased by 1.5%, showing better underwater target detection performance than other mainstream
detection methods.

Keywords: context guidance;lightweight and efficient polymerization;detecting head;loss function
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Fig. 1 YOLOI1 network structure
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Fig. 3 CGBD schematic diagram
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Table 1 Comparative experiments on URPC datasets
ORIIPS P/% R/% mAP50/%  mAP50-95/% Params/M FLOPS/G FPS
YOLOI11 79.0 75.1 81.7 46. 6 2.58 6.3 71.6
YOLO11+ Dyhead 79.7 74.9 81.7 46. 4 3.09 7.4 43.7
YOLO11+SEAMHead 79.7 74.3 81.4 46. 0 2.49 6.1 52.8
YOLO11+MultiSEAMHead 80. 1 75.3 81.9 46. 1 4. 59 6.0 37.9
YOLO11+DECHead 79.4 76. 6 82.5 47.3 2.26 6.0 70.7
MFE LR LUE . 5 YOLOLL BB AR L ImA JIME S5,
DEC-Head ) YOLO11 S R4S MAF 4R TH 0 3% . ML T 3.4 HEASKEH
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J T FE— L EAERT YOLO11 45 5 ple gk By A 2500k, % B
WHE R4 7 URPC B0HE 45 b 3F 47 05 il S 56, 1 5 m A
CGBD #i 3, S8 J5 i A b RGCSPELAN # B, Hyk 4
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Table 2 Ablation experiments on URPC datasets

3K CGBD RGCSPELAN DEC-Head #i2kei%k P/%

R/ % mAP50/ % mAP50-95/ % Params/M FLOPS/G  FPS

79.0
NG 81.5
J 80. 6

J 79. 4

NG 80. 1
4

6

9

= W o

80.
80.
80.

o NN oy 4

J J
J J J
J J J J

75.1 81.7 46. 6 2.58 6.3 71.6
76.1 83.4 47.9 3.93 9.0 51.3
74.3 82.4 47.1 2.24 6.2 86.2
76.6 82.5 47.3 2. 26 6.0 70.7
74.8 8§2.0 46.5 2.58 6.3 73.2
77.2 83.3 48. 2 3. 19 9.0 56.5
76.7 83.5 48. 3 2. 87 8.7 56. 2
77.6 84.1 48.7 2. 87 8.7 58.5

WE 2 R RAEF A E 4 B mAP50
AR A T, BB TE YOLOL1 JEHERE R | fin A CGBD
B KR P B ER R AT T 2.5% A 1.0% .,
mAP50 Al mAP50-95 #8465 /3 42+ T 1. 7% 5 1. 3%, i
WZAR B R AR AT 2 ) & R B A R AR IR T T XK R Y
HN BT BRI BE 7 fF C3K2 B R B R AR b
RGCSPELANJG, i FRE MR M H MK R THT
0. 9% MEHEPERIT L.6% . HESKBMITHEHK
YOLO11 43 SBA% T 0. 34 M i1 0.1 G,FPS & & K 86. 2;
SRJG K B A A 3k B B & DECHead £ 3t, 4 b F
YOLONl GG ki E /T S HaEW ST
0.32 M, IFHITHE B WIEMK T 0.3 G Wise-Inner-MPD

P4 pR BN F B B L, S 3 ke MRS ¥ mAPSO 2 T
0. 3% : & J5¥% CGBD.RGCSPELAN,DECHead. 1 2 i %%
PUASARE R [ B I YOLO11 S #53% P A1 E B3R R 435141
JHT 1.9% M 2.5% , H7E mAP50 Fl mAP50-95 $§ 5 %
YOLO11 4548w T 2. 4% 1 2. 1% . B 482 sie ik Jr 5 A
F YOLO11 BRI T T KA 2
3.5 Itk

T R UE A SC TR D 2 AR R o T ek A
MET R B W E A B AR R DU 5 1k, W0 Faster-R-CNN,
Cascade R-CNN, YOLOv3-tiny'”", YOLOv5, YOLOvS,
YOLOv10™ [ YOLO11 7 URPC %4 4 b iyt 47 %t b, 52
s R 3 iR,

R3 AEEEMLEIE

Table 3 Comparative experiment of different algorithms

HE Y P/% R/% mAP50/%  mAP50-95/%  Params/M FLOPS/G FPS
Faster R-CNN 75.2 73.8 79.3 42. 4 28.2 158.7 17.9
Cascade R-CNN 78.8 71.9 80. 6 44. 5 56. 1 186. 4 11.8
YOLOv3-tiny 81.4 71.9 78.9 42.2 12.12 18.9 173.6
YOLOV5 80. 1 74.1 81.5 46. 4 2.50 7.1 88.8
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