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Underwater detection with hybrid attention mechanism and
dynamic feature guidance network
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Abstract: In response to the problem that background interference leads to insufficient extraction of key features of
underwater targets and the attention area cannot cover the entire target, an underwater target detection algorithm with
mixed attention and dynamic feature guidance network was proposed. This method first designs a full-dimension
dynamic extraction module (FDEM) to fully understand the overall features of the target. Secondly, a weighted feature
concatenation module (WFCM) is designed to retain key features from the shallow to the deep layers. The CARAFE
operator is used for the feature up-sampling operation, so that the key features of local areas can receive more
attention. Finally, a hybrid attention mechanism (HAM) is constructed to effectively combine the channel information
and pixel information of the target and retain the key features. Experimental verification shows that this method can

fully extract key features, pay more attention to the overall features of the target, thereby reducing underwater

background interference and further enhancing the underwater target detection performance.

Keywords: feature extraction;underwater target detection;attention mechanism; YOLOv8

51

WPEL S R B 719 PE E T A L &
FEREUR L BB R NS R AR A KA B R S L B R
RN AR TR IR R R A O E
T b AL REVETE L P 1.8 T A AN KR 48 L i v
VIR AL R RS RS WG, T E 2023 4F KR
BB 7 116 TN, BESE 35 AR IERSE 1, h &
B HSZ i G, S0 = RGP s IR B R

il

Yo H 9 .2025-11-16
* HEATH . B R B AR R 47 54 (42205078) T H T 1))

* 190 -

R JEHFFE LT UM ) P I e A AR PR . e A 7 TR
L T 5 ] DR T A 1 A 8, S TRk 0 5 A AT R
PEEFE Y TR IS 5 A BRI PR IR B, 6 ) 4k ik i i ) 1Y
B, Ry E— 2 R SR R TR ORI A L R e
TR,

KT A A I 2 1 5 BBIE 5 e ) O B A L A B IR
B R RO IRBE AL AS R AP A5 T T A P DGR ARE . AR L K
THERR T BN AT AR P2 R B SR
R BT R R R A R A . WA WA AN



ERF F.RAEEENEHEHFET FRE KT RN

5013 W

S X AN () ] B o B, DA A 7R A T A i

BT EAR R SE /N R R — @ B, Yi S50 R T —
FhEEF ot YOLOvVT WK F /0 B A5 & il 53 % . 1% 55 3 A
YOLOv7 37 4, fit A SENet 7 5 1 WL /0 B Ax
KRR, i FPN B4R M IE 51 A EloU 1 25 BR4, B
AYCHRE TG I A B, AR A AN IR AR, 7E 2 R AR 45 50 IE
TRILEWAZEMZALEE S, Chen S5 #2173 T ekt
YOLOv4 #t 28 [ 45 19 K T H b5 1 50 05 k. % 05 %k
YOLOv4 f FRAERL RS 1 o F 4 BURE B, I Rl A TR BE ]
AR, A i Mosaic B8 39 58 77 1% A RUEE R T K
T B bR R YR BE R R BE, BEAR TRE R R BB FR oK. Liu
P — A T KT B AR A R 45, 3% 9 2% i S 4
(7] P — 24 5 B P 2 ) 45 ) i, RS DL BSCHE DI 2 e 80T
KT B ARG B i DEMON 3%, 5258 7R Hox AN ) 2 3%
PR A5 MR L NSRBI B R, B RAF Rz AL
J1. BRIESEIIET SSD Sk —Fh g KAl A 25 4 8
R HRE I Z0d R BRAE S 15 3 R ) i 582 &
FEAE M) G AT YR B DA MR Z AR IE R AT 2
SCfE B AT TE /N HAR B A fE Jy . ZERG 4 R —
it WCA-YOLOv8 H by #5125, 1% 55 1 e i FEM Ak
& T X RO At A /N B AR IR BB T A FCA #E3
HE /N B AR 0 RRAE $E AR 1, SR WIoUv3 #6512k pR 5 2
/N B FR KRG B, 53 DEM B 5¢ 3% FF S0fF &L 18
AR LRI SR R . T AN R — F
ShapeLoss $1 2 R EL, 7573 45 & Shape-IoU # Shape-NWD
P2 2% R B AR B s — D7 TR 559 320 R AE B B TR AR R R
X [ E B 5 0 g — 5 T B2 /N ROBE B A i S AE [] )5 B
BONGHERE . B BAE BT — R IR AR & F A, th 5
[B) 3 3 F A e L Je bR e Transformer B3 [7] 44 g 17 B , I
1 Hitk A 3] Deformable-DETR 581, F AR #2545 80 1 2 4
PRAF A B HCRE 0. X AT 4 Y YOLOVIO-MECAS
BAY 38 52 15 T — e {1 5 0% 58 1A RN A ) R ) R
MECAS FFARIE G M 7=, 48 5 1 S EGCRRAE 09 48 92 B8 7, R
A5 AT A4S B B SAConv BEHL, 3K T HARKFEAY
JAZ Y A R T A K T BB N B ARG S RS B

£t B AR Y R 8, B E 250 3L T Faster R-CNN #2
B LIPS 7 = e N2 S S e e B (T g 1 B s e 1150 E
FI TR 2 UCRRAE BB Y B 78 3R 15 2 08 30 4 AR A 19 Y1 i %k
P S0 AT, S AL SR I B v A T i e i s B
TR PR A TR G . RS B ZE B ResNeXt101
4B Faster R-CNN JFAH [ VGG16 W 4%, 3R FIHE [ 3k &
i Bottleneck 45 # #1745 @, FI| ] Shortcut Connection 4%
M3 A7 B AL, 3 5 G 20 1 R AE RN R 2 U AE B I
HIRETT . TR nT AR TR A BUIM A 3 T R 4% L R B
¥ B 3E A /) fig 77 52 35 I8 LT AR RSk AR AL 1L 4 B L
AR [ RO FOE AR 19 45 FRA% 32 I B bR 4 40E 14 sy BR A2
BB RTE HARHE & WK T ISR I RE 7. BRa sl

1E YOLOv4 553k g S Al b 165 EAE HEF 5 RepGt 15
AR B 7 RepBox 3 [6] 45 4k 458 2 68 . LA By 1k 4 3 9500
HE BN B AR A5 20 B e X8, [F] B 4 R 2 VT ) H AR AE 55 T
WU B A HE 22 T8) 1y S R 158 T 0 A S 57, AT 42 4 4 B
PR A SRR AR Ty . PR ST E YOLOVS 55k il
R 8 R A B B8 ) R AE SR OB e, 3 i 51 AR R R 45
R B RN W2 R E UE R EARREZ T
PRIGEE R 2 18] 1) 22 S+ PERRAE . Li S 4R 1 —FhoK R B
PRAGI 45 Underwater-YOLO , 12 M 45 51 A XUy 323 44 4b
PR R I ML A 4 R 43 S A A L TR 43 SR
FHAS B 5 0S5 AR REAE 0 I, A 0B TN % A L
$4 B AR BRI BE 1, TR S KT 5 A ) S 9 b R A 5
JHIE SR — R KR B BRI R 4% MDLA-DCN, 5]
AT T 75 45 RO BRI A% 6 114 45 B 184 5 T 2465 %o S R0 E A
1) e HURE 77 T 22 Bk BR O 452 ) 2R & 1 AN W) 43 PR R B R AIE L 3
5 7K R H AR A [ E S . s R AET B — o
YOLOv4 (%R 34 38 50k 3 5 e Mk AL i Jr UL B A
B R S KT PR BT L 1 R 450 N A AR I R BE T
ARG AR T Y A

SR, bR AIF G A BT X HE SRR IR OK N 3 5t MK F R B
B2 FINOK T BAR32 219 5T AR ™ &, 75 5 1114
H 5 DB RRAE $2 O 78 43 o A58 284 OC 1 X 3 T 1 4 T 4 5 H
B o X TS P 7 A o AT E — 25 52 ma 6 0 P R, L
I K TSR AEE R R ERY iR B E X
S5 E W) e e RO R TR B AR AR . R,
52 A% (0 IS ML TR L) B 45 b I SR s N T S, Qi A
UIARIR % RV S 5 AR K YRR AEAH BIR VR . b . R
T R B2 119 7K A% S 2R ) T B R AR R B AN T S B AR A
ATFIGEET 2 0 RRAE 22 BRI T B As 5 54
B E R L G AE — SV Y K B, KT fE LB AR AR, JL T
TE 38 2o A R R O DX 43 B BRI S, 3K T B X A
BVE AP RB IR I T R R R 5K T B AR YR VAR A R
— € HI PR

G, AR SO TR BE A 20 R G B AR IR ST AT 1Y A ke 3R
WL 3R —FR S TR T SRR R M4 KT B AR
R 535, B AW R A5 B T — LR FOK T B AR
a0 A B

D BT 44k B sh DL BUEE B (full dimensional dynamic
extraction module, FDEM) , F| FH 25 3 37 I #5145 #4) 334 Jin 46 &
5 B W%, 15 B & 4 % 30 & % B (omni-dimensional
dynamic convolution, ODConv) ™" 5l 75 8 4% 45 U AT , A
2 Y AR BUCE BRRAE A B T 2R B AR B AR PR RRAE .

2) $ B IMAUERE B A5 Bt (weighted feature concatenation
module, WFCMD) , 9 X A [] J2 G0 7 AE A Ak 2L DLAR B2 2%
2 G SR B RRAE , T HEAT O 7] )2 9 8] B R AR PR 4 B4R
SRIRZE AR B S W E HE B MR A R AR AR Y R A
HEJ1.

+ 191 »



949 B 2 F o

T # K

3)R Ml CARAFE 5 7" #E 47 R 1 _ERAE R B
BB A B b SRS R, i B P9 25 SRR B B R
FAR B SR B, o R B AR DG BRI M R B, 98 7 AR
BT,

D HIR A E S HLH Chybrid attention mechanism ,
HAM), KﬁmﬂAﬁﬁEﬁﬁﬂl@?{f jJ*JHHH’JUL?%" el
SR B OG0 3 3 A LRI 3R A L 0 — 2 Ok o Ay
iAW AR B

AEENSHEHESSME

ARSCLL YOLOv8s™ H A A5 Sy 3 28 9% L #2 Hh
—MIREEE N SHBFMES] T WL KT B i &
%, B SRRES S RIRERRIE L B S Al A o R L 3
T A R Y P28 1 3 3 908 4 R A 2 B A 4 B L AR 43
Kol SR 38 1 R AR A8 B 5 R ARAIL] , 3 3h 5] A AT A
HAR AR MERE, AR ST IR F R . SHAIEE

CBS

\
.

1 EBA

L DyConv (X REE RS E N R EE NS HE LR T
BAALH CBAM X 2 38 3 ok 4 1) /Y 8 2k A 9 Ak AN
) L ML A By T 444 5 A TR0 S ] {5 S At 15 B B4 4 3K i
BARZRWIE 1 PR, B E —%&AH KT BRI KN
640X 640 HIEIMER . 1556, 78 £ F M4 F) FH FDEM X i A &l
SRR AE B B, ) FH 20 25 S0 e 04 T ARRAiE A5 328, 42 BUE & 19 B
JE A5 B il ODConv Az i 2 4k B 4 BN ER , il IR 3 (A 1k
FRAE ., S, A WECM, K A 6] 2 9 55 1E 1B I AR 45
TEDF4 B 15 B0 RUa 3l 5 A8 BLA G ARIE (S B AR
[ )2 G 11 TR AL 34 B b, BATTT 3 5 K T B AR I RRAE £ 48 1
A CEE B . % . R CARAFE /8 EXRBEH F,
I PR AZ TR e A= B 3 R L SRR A% B A P A R E A
AL e 18 iR Jh 0 X35 1) S AR B L AT AR B E B A G AR R AE
B IR A R IR, 78 43 Al A OGS T JE R AR FTR R
e X SRRAE , R BPE BR T4 2. 3 iR AL B X K T H bR 56 B
FRAE B4R B,

CBS+FDEM

\—

C2f+tHAM

=

CBS Conv+BN+SiLU

| 3

AU

K1 RA

BRI S S RRIE T 3 R0 45 10 AAHE 42

Fig. 1 The overall framework of the hybrid attention and dynamic feature guidance network
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Fig. 2 Full dimensional dynamic extraction module
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Fig. 4 Weighted feature concatenation module
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Fig. 6 Hybrid attention mechanism
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Fig. 7 Underwater optical image dataset
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2.2 EHiERR

AR 3 M K i 3R (precision, P), 4 1] & (recall,
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3) P H KGR M
SP- YRS B YA 2 W A TR T A H A 2 Y T S R
(average precision, AP) [ F-3{H 15 B , e 0% 55 4 1H Hb 314k

A N RAOK T BB 8ot . P-R fh 4k 17 K50
RE [R5 5, AP {H#8 i3 157 P-R #iZk T
T ARAT 3] L S e g AR X — SRR HAR BRI R BE

BRI A [ K F BRI B 00K b R, At anat (15), 23 HERRE
(16) o7 . SR T YA SO B v A SR B A st L A
o BB R A K R /NRE B AR RE, AR A
AP:JOPW’dR U5 YOLOvSs ff SR 375 URPC %04 8 1 3 13 31 il
AP iiAPv . LR, 2 RS EEHA R I AR Hrp e R A
N & B,
Fx2 HEXE
Table 2 The ablation experiment (%)
S5 5y il FDEM WECM CARAFE HAM P R mAP
1 NG 79. 1 72.6 79.7
2 NG N 79. 8 73.2 80. 9
3 N N/ 80. 4 72.9 81.2
1 J J 79.5 73.0 80. 6
5 J N 79. 2 72.8 80. 4
6 J J N 80. 7 73.4 81.6
7 NG N/ N/ NG 81.3 73.7 82.3
8 NG N/ N NG N 82.0 73.9 82.8

1 FDEM %A %

MF 2 T LARER B, STH 1 ok Lol AR TR L G SR 43 i)
RGN 79. 1% W Z 72, 6% EB MR R 79. 7% %
S E R IE R B e FDEM fin A i AR 0 5 K i % . 1
LKL mAP 43 B BA0 0.7%.0.6%.1.2%, 15 % T
FDEM Hrfilt A 24~ 8l ST 4544 38 1 3 8 4% 43 S b
FRAE Z 100 (R &, 360 T 86 BE A5 8 m G 8, B RRIE M
FIRRE T WA A P v 3 i 48 5% 25 3% 42 LA B ODConv
2 A5 R BE NS B A R B B B SRR, H S Y AS TR
FRUBERRAE . 38 98 6 B AR 40 T R AE (9 G T B B L S PR AL
S fm BT ST FOR [ REE B 5 9 RRAE 2 B A

2)WFCM 43 3k

M2 2 AT, 2 ] WECM A5 e I, 485 784 75 45 17 1T
Mragdr B BT B B A R B, SRR R I K
B 550 A GZAE HAE LG R 0 28 R DL mAP BIFEAIG
1.3%.0. 3% .1. 5% , [RI Bl o X HL S50 2 #0061 B dE , R
IMAGZRE S G FE PR IR 0.9%.0.2%.0. 7% . X &
F WFCM B8 i@ a3 AR AE . v B AR A5 B 23 BEAS 7] A
XA J2 R AR A AL B, A BY T A2 S H
B AR B DERR 2 SLARE 9T P A AU BB AE
B 5% ZRACHA M T KT BAR e 2 RimE XEE
BT A5 (5 5 A T 25 SR R AR T

3)CARAFE 14 % 1

FESTF L AR SO FRAE Bl A oP 19 35 4850 B SR AFE O 95 B e
3 CARAFE 87, H A 4589 R 45 A48, &0 CARAFE [

REEH T K, PR K g M. i, K, BT 1R
FER X, B8 2 X IR 43 B R R AE R 24T LR AR 4R, A i
5 PR AR E AR R KN B R AE I 1 K o T 2065
REAE , B Ak X B ACREAE AT G R 4R AR L AR BUAL R RE T
¥, 3 86 4% 0T DL T G S 09 R AE T AL, AE S o R
YOLOvSs L. 4 CARAFE 1 BiA4~ 2 5016 v ot 47 90 56
AT 158 A A R ) S50, LI 45 SR A3k 3 o .

X3 CARAFEEFSHIEE
Table 3 The CARAFE operator parameter settings

K weoter K. P/% R/% mAP/ %
— — 79. 1 72.6 79.7
3 5 79.3 71. 1 79.5
3 7 78.9 71. 4 79. 3
5 5 79.5 73.0 80.6
5 7 78. 8 72.6 80. 0
7 7 79.6 71.8 80. 5

L T AT A, UBEK ot = 55K = 5 BB
TR EUAS S5 A B R I R R A R L T 3RS SRS B (i
TR FH F5 405 30 0 R BE B 00 32 ofE B T 43 R T 0. 4%,
0.4%.0.9% ., M THRAPEICRAEE LR RS B s S i
T SR 3R AR N SRR AL BRI 7 THT I 7 7 IR s 3 L
BT Z% 0 7K T B8 58 s R0 A9 o B S s it CARAFE &
I 7R AR P A A A L T L SR RE I A N A% OF AR T
FE SCHY B S X3 P T 4 AT 8 o P S Ak B R T
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Table 4 The comparative experiments on the URPC and RUOD dataset (%)
o il ET UREC RUOD
P R mAP P R mAP
SSD 2021 ResNet-50 64. 4 56.5 63.4 71.5 61.7 72.0
YOLOv5s 2020 CSPDarknet-53 79.3 64. 3 76.7 80. 8 68. 7 80.5
YOLOX 2021 CSPDarknet-53 74.5 70. 6 75.6 79.5 74.90 79.8
Cascade R-CNN 2022 Swin-Large 80. 6 73.2 81.1 84. 3 74.6 83.8
Underwater-YCC 2022 CSPDarkNet53 80. 2 71.9 80. 3 81.9 72.3 82.5
GFocal V2I*" 2023 Res2Net-101-DCN 79.3 71.2 79.8 80. 9 72.5 81.7
CenterNet V2 2022 R2-101-DCN-BiFPN 74.2 65.3 74.5 76.1 66. 4 77.6
AL — CSPDarknet-53 82.0 73.9 82.8 84.9 76. 1 86.7
2) AT LA X H HEFOLTEL. 9 M EFRBETHEL, TR

9T HE AW RS S ik AR R A A I SR L 7E URPC
P RUOD di 4 b B — 343 Wil 48 s Ar ke, HC
WL 8.9 TR o URPC BUHiE 4 I A% G il s S % Lb L & 8

(a) RIRER

(a) Original image

(b) SSDE
(b) SSD algorithm

#],SSD. Underwater-YCC. YOLOv5s 44 %I & 9% v] DL A&
MEE R BHHT2Z385E 5 TS EE N E A, JLH
ZEHOGT T 5 e A T K18 00 5 A HL B . ol A

(c) Cascade R-CNN#
(c) Cascade R-CNN algorithm

q- dlish 0.80F

(d) Underwater-Y CCE ¥k (e) YOLOVSs5¥: (f) S5
(d) Underwater-YCC algorithm (e) YOLOvSs algorithm (f) Improved algorithm
B8 O T (URPC B4k )

Fig. 8 The background light interference(URPC dataset)
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(a) Original image
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(d) Underwater-Y CCEL ¥k
(d) Underwater-YCC algorithm

(b) SSDEL:
(b) SSD algorithm

(e) YOLOvSs$L:
(e) YOLOvS5s algorithm

(c) Cascade R-CNNEL#:
(c) Cascade R-CNN algorithm

holothurian 0,91

holothurian 0.91

() Bt vk
(f) Improved algorithm

K9 HFmETH(URPC $dE4E)

Fig. 9 The background color interference(URPC dataset)
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(a) RIHEH
(a) Original image

(b) SSDHB:
(b) SSD algorithm
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(c) Cascade R-CNNHL
(c) Cascade R-CNN algorithm

(d) Underwater-YCCH #:
(d) Underwater-YCC algorithm

(e) YOLOVSsH ¥
(e) YOLOvS5s algorithm

(f) Bt Bk
(f) Improved algorithm
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Fig. 10 The background light interference(RUOD dataset)
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(a) Original image (b) SSD algorithm (¢) Cascade R-CNN algorithm

(d) Underwater-Y 73 (e) YOLOvSsE (f) ek v
(d) Underwater-YCC algorithm (e) YOLOVSs algorithm () Improved algorithm

F11 HFHEETHERUOD HEE)

Fig. 11 The background color interference(RUOD dataset)

Kl 12 URPC %44 T #4074k

Fig. 12 The heatmap visualization of the URPC dataset

13 RUOD ##s 4 T #4 J Bl W4k

Fig. 13 The heatmap visualization of the RUOD dataset
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