§33% S e M TR Vol.33 No.8
2025 4 4 A Optics and Precision Engineering Apr. 2025

XEHS 1004-924X(2025)08-1303-10
RN I8 58 0E 5 M & By 7K T B AR il

hEE, 2 T.% &
(REBFAE 5 ORFRALR LT K 116026)

FEE KN H AR I B AR A2 7 0 IR A B OR P S AR e 2 R . SR, KT SR EEAT A SRR L H AR U £
A A6 [ J 2 R A 25 O T OMERE o A 4R R KT B RR A TIDORG B, 48—l SR IR A A L o e M A R - R IR A
B ARAE SR B T R4 R A R T ALE R BUESh  R AR 2 R E B i — 25 d4 BU 2 0 4 S AR AR RO 2 5 1Y
PG R #4019 15 B o 38 b 78 R A 4 BUAE 2 v B G b 4 A PR 4 5 R J) 38 A AT DG TG, 4 5 25 RU 32 A AE 4 3k 1) 4 031 4 i
S5, AR T AR X L ARG B (1% B ARG T ARG B A A B e S 398 A O BRI S o 3 Ao 3 — B B X AR TS i R 4% 1
TREE , TEAR R R RS2 U 2 B AR IS SUE B, R i 78 B BES I A B ML, B0 75 Sk B B T 451
A BARKE I AE I B4 52 K — B B B AR Je 56 05 B Al A By sk b B2 R OR R RN S B AR R MRS B . BT 4R IR 7R K
T B bR G B d 5 TrashCan 5 WPBB 8 mAP,, 5,0 0 F1 AP, 23 355 T 37. 8% ,61. 8% #182.0%,98. 9% . &M E
T T e b S 6 45 SR SR W AR S R [ 28K T bk LA R G 1 A R e

X ® OWRTAARRNHENE G EE A REARNS

FES2ES:TP391 X EKFRIEED : A

doi: 10. 37188/OPE. 20253308. 1303 CSTR:32169. 14. OPE. 20253308. 1303

Perception enhanced hybrid network for
underwater object detection

YAO Tingting', LI Ning, ZHANG Yu

(Information Science and Technology College, Dalian Maritime University, Dalian 116026, China)
* Corresponding author, E-mail: ytt1030@d/mu. edu. cn

Abstract: Underwater object detection technology plays an important role in areas of marine resource ex-
ploration and environmental protection. However, the problems of blurred imaging and variable object
scales in underwater environments pose difficulties for detection tasks. As a result, it is challenging for ac-
curate underwater object feature extraction, which influences the detection performance of existing meth-
ods. To solve the above-mentioned problem, a feature enhanced hybrid network was proposed to improve
the detection accuracy of underwater objects. Firstly, a global-local hybrid feature enhancement network
was constructed. The long-range global information in the image was extracted via self-attention mecha-
nisms, and the richer local detailed information was further calculated through the devised convolutional at-
tention enhancement module. The global and local relationships in the images could be better established,

hence the multiscale feature representation powers of the network were enhanced. Subsequently, in order
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to suppress the interference of imaging blurriness and low contrast in underwater environments, a two-

stage object perception enhanced detection head was constructed. The depth of the first-stage region pro-

posal network was increased, thus more semantic information of underwater objects could be extracted.

Besides, the self-attention mechanism was introduced in the second stage to suppress the interference from

background noise. Moreover, an intersection-over-union branch was added to further integrate the prior in-

formation of objects obtained from the first stage into the second stage. The proposed method achieves
37.8%, 61.8%, and 82.0%, 98.9% of mAP, 5,4 and AP, on the TrashCan and WPBB datasets re-

spectively. The qualitative and quantitative comparison experimental results demonstrate that this method

could obtain superior detection results for various underwater objects.
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Fig. 1 Overall structure of network
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Fig. 3 Comparison results of different detection methods on TrashCan and WPBB dataset
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