EINEESH EXEPRRFFH ( BARRFEM) Vol.37 No.5
2025 F£ 10 A Journal of Chongqing University of Posts and Telecommunications ( Natural Science Edition) Oct.2025

DOI:10.3979/j.issn.1673-825X.202412060286

B i# YOLOvVS By7k T B st & %

ORI R 3 RR
(LEERIRE R W5 515 8 TR, HEK 400065 ;
2. T PRI E K2 3 (5 B AR R A5 ot T ER 400065)

W OB AMAT AR HF 0 EOKT AR AR 6 B AL, 48 B — A 22T YOLOv8 M K T B Ar e
M AE 22 ERMS-YOLOvS s BFAAKTEANMER, £TRLEEHZZMNA transformer K 25 (efficient vision transform-
er, EfficientViT) , 3 3 8 AL 3t K T £ 4 Wy AR AE SR I AL ), D FFAE 5 B % K s Neck # 2 K A @ B E S S0 U AE
4 5 3 W % (reparameterized generalized-directional feature pyramid network , RepGFPN) | 3 & 4 A 5t K T & 4 5 B %
SRR E AR R E A  EREARRE M+ W HEREE; 5 NBE R WA EE D HLH (mixed
local channel attention for object detection, MLCA) , /3 A F it gk & @A E 8 REAEE BIAEE 8 s FAH
ZE I T AWK N5 N &I b4 & i 30 (scalable intersection over union loss, SIoU) |, 42 F+ 4 & %t
EARA R BRI s — P RERIME, LB % REN, B3t 58 H %A UPRC2021 fn DUO H 45 &
£ mAP 15 473k 5| 83.9% 70 84.4% , 5 Hf YOLOv8 5 3k A L4 A 4R & , 28 K T B AR AR 00 o LT O A o e i
KR : YOLOVS ; EfficientViT; B 5 8 A )™ SURFAE 4 F 3 W 46 i & A ALH 5 1 % & 3t

HE XS TP391.41 ERERAERD A N EHS :1673-825X(2025) 05-0729-12

Improved underwater target detection algorithm for YOLOvVS
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(1. School of Communications and Information Engineering, Chongging University of Posts and Telecommunications,
Chongging 400065, P. R. China;
2. Research Center for New Communication Technology Applications, Chongqing University of Posts and Telecommunications,

Chongqing 400065, P. R. China)

Abstract: To address the poor performance of underwater object detection caused by light attenuation and scattering, this
paper proposes an enhanced underwater object detection framework based on YOLOv8, named ERMS-YOLOv8, aiming to
improve detection accuracy. The backbone is replaced with an efficient vision transformer ( EfficientViT) to strengthen fea-
ture extraction of underwater organisms and reduce information loss. The neck adopts a reparameterized generalized-direc-
tional feature pyramid network ( RepGFPN) to enhance the fusion of high-level semantic and low-level spatial features, en-
abling richer feature representation. A mixed local channel attention for object detection (MLCA) is introduced to integrate
channel, spatial, local, and global channel information, thereby boosting the model’ s representational capacity. Addition-

ally, a scalable intersection over union loss (SIoU) is employed to improve boundary prediction accuracy. Experimental re-
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sults demonstrate that the proposed method achieves mAP values of 83.9% on the UPRC2021 dataset and 84.4% on the

DUO dataset, outperforming the original YOLOvS and exhibiting superior performance in underwater object detection.

Keywords: YOLOvS; EfficientViT; RepGFPN; attention mechanism; loss function
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Tab.2  Comparison of experimental results of different algorithms under URPC2021 dataset

Y mAP@ 50/ % mAP@ 50-95/% GFLOPs ZHa/10°
Faster-RCNN 69.4 38.8 27.8 42.0
YOLOVS 80.2 46.5 7.1 2.5
YOLOv6 79.6 45.8 11.8 42
YOLOv8 81.0 47.1 8.1 3.0
WCA-YOLOVS 83.7 49.0 13.1 6.6
IEMAyoloViT 83.3 45.7 9.5 4.0
Ak 83.9 49.1 9.6 43

*3 AEEZEEDUO HIBET XML R
Tab.3  Comparison of experimental results of different algorithms under DUO dataset

8 mAP@ 50/ % mAP@ 50-95/% GFLOPs SR/ 10°
Faster-RCNN 70.1 54.0 27.8 42.0
YOLOv5 81.3 59.0 7.1 2.5
YOLOv6 80.9 59.5 11.8 4.2
YOLOv8 82.3 62.4 8.1 3.0
WCA-YOLOv8 84.3 64.5 13.1 6.6
IEMAyoloViT 83.8 63.7 9.5 4.0
AR 84.4 65.1 9.6 43
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Tab.4  Comparison of experimental results of YOLOvS8 introducing different attention mechanisms under URPC2021 dataset

ey =waLiIN il mAP@ 50/ % mAP@ 50-95/% GFLOPs SR

CPCA 81.3 47.1 8.4 127 040
SimAm 81.1 47.0 8.2 0

DA 81.4 47.2 8.4 266 624
MLCA 81.4 47.3 8.2 10

3.4 JHRREIG

T T 3 A T S B 3 UE AR SRR B P R T
IR RN 5 Win . &5 P 1K YOLOVS
T W 2% B e A EfficientViT, 41 %8 T YOLOvS,
mAP50% 4T+ T 0.6 F 43 1., mAP @ 50-95% $2£ T+ T
0.4 F 45 i, , hom T AR ) SRR AE BEELRE ), A
A2 4% YOLOVS A3 I 26 85 46 >4 RepGFPN , AH X
F YOLOvS, mAP@50% 427+ T 1.0 H 4345, mAP@
50-95%ETH T 0.6 F 45 Wik T 2 RERHERL 7,

P TARLY 22 ROBE RSN BE ), FE A R &AM 5.
TR SRS S S RS B, AT 3 A =T
&P MLCA R JIHLHE], mAP@ 50% 32T+ T 0.4
A7, mAP@ 50-95% 7+ T 0.2 B $em T H
bl ELRYSREAE J7 . R 4 854512k s B CloU it
4 SloU, mAP@ 50% il mAP@ 50-95% 155 T /N
PET;, HIRL S MR 6 B 7 JRIR TR s it A5
B e 2 A5 E ARG I 4 R A 3 T K R B Y
2Tt

RS HEMIEER

Tab.5 Results of ablation experiment

R EfficientViT ~ RepGFPN  MLCA SloU  mAP@50/% mAP@50-95/% GFLOPs  Z%#t/10°
YOLOvS 81.0 47.1 8.1 3.0
PR 1 VvV 81.6 47.5 9.5 4.0
Y 2 Vv 82.0 47.7 8.5 3.3
I 3 VvV 81.4 47.3 8.2 3.0
T 4 81.3 47.2 8.1 3.0
A 5 vV VvV 83.0 48.3 9.4 43
FR 6 vV vV vV 83.6 48.8 9.5 4.3
PR 7 vV vV vV 83.9 49.1 9.6 4.3

3.5 MSHEEKRNNRE

SR T S TIE BA b R R A R A R T R, AR
SCHF BRI A3 8 70 B, R IR anEl 10
fR . B0 hEE—51 24 R E 55 3128 YOLOvS #Y
For i 1 | 55 =20 Sy ek ik Sk A R L, H B 10 T
A1, YOLOv8 Bk AE#EAT KT H Aw A I i 77 7 e K
FIRAG () [ A I RICR AT, AR SCOR VR A 03
TSGR FE PR ARSI S A g [ B B A
RIXF /KT B AR RIS B
3.6 EEMEIE

AT BRI B TR AR T, AR G H R

ST EEESIR

B — 5 MR S 0 e o A e T MR 1 A A
22K R PG S AN T[] 55 82 ) o S0 MR P OAS ) it B2
e ST MR ) PRTAGORE L AL 11 o, S A R an 3k
6 7, TEARMRF 25 AF R (7o e A 5 S5 04 0.01)
AT P ARG IR 9 JBE 55 4 [l AL B A 52 B 52 i
TR BA — 2 BT T U RE 0 ; 16 i 307 e 75 5
&2 0.05 By A PF T AR Y A G I A o J3E 5 44 [l o
R T W 32k 2 PR g T IR 7 2 OfF T 5 7 A A6
W0, FURR AR 25 FA 15 A2 AT AN T A, 5 S5O TR afE LA
BB E R
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Tab.6 Comparison of experimental results of different

Gaussian noises

1o TR e i T mAP@ 50/% IR/ %
0 83.9 77.3
0.01 83.7 77.0
0.02 81.2 74.5
0.05 75.4 68.5
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T 5 B S IR B L1500 L
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Tab.7 Comparison of experimental results under different

light intensities

G RRER mAP@ 50/ % B,/ %
-0.2 83.7 77.0
-0.1 83.9 77.2

0 83.9 71.3
0.1 84.1 77.6
0.2 84.0 71.3
0.5 78.2 72.1
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