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DCN-YOLOvV5 Underwater Target Detection Based on SimAM Attention Mechanism
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China

Abstract: Objective Given the complex underwater environment, the target boundary may be blurred or the appearance
and shape of the underwater target may be non-rigidly deformed due to light refraction, which makes underwater target
detection difficult. A DCN-YOLOvS underwater target detection method based on the SimAM attention mechanism was
proposed. Methods Firstly, the bi-directional feature pyramid network (BiFPN) used by YOLOvS was used to extract and
fuse feature information on multiple scales to improve the accuracy of target recognition. Secondly, to address the
variations in appearance and shape of underwater objects, the CBS module in the C3 module was combined with the
deformable convolution network (DCN), and the DBS module was proposed. The DBS module was used to form the D3
module and replace part of the C3 module to adapt to the changing appearance and shape of the underwater targets. At the
same time, the weighted attention mechanism was integrated to adaptively adjust the attention of the model and further
improve the feature expression ability in complex scenes. Finally, considering the fuzzy boundary of the target and to

improve the target positioning accuracy, the WloU (Wise-lIoU) loss function was used to replace the cross-entropy loss,
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which can better adapt to the characteristics of different target types and sizes and improve the robustness of the algorithm.

Results

Experimental results showed that DCN-YOLOvS achieved an average precision ( mAP)

of 87.57%,

outperforming YOLOvS5 and other classical networks, with an average identification time of only 24.5 ms per image.

Conclusion The experimental results demonstrate that the model significantly improves detection accuracy while ensuring

real-time detection, providing valuable insights for the practical use of underwater target detection.

Keywords: underwater target detection; SimAM attention mechanism; deformable convolutions; WioU
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Table 1 Settings of hyperparameters

WAk I
epoch 100
batch size 8
HE 0.9
RE R E 0.000 5
kR 0.01

BRI AS SE0F- BRE VEBE (mAP ) Fl-F- 1 4 5K (&
BT TR S 48 A R PRAL AR g M B, Horh P
K RE 5 UERG 2 S AR G, Bk ds bn i BT
Fanfr(7)—KL(10) .

P= 7
T +F, N
T,
R= 8
TP+FN ( )
1
A, =f0PdR (9)
1 N
L» :NZAP<i> (10)
iz

(9) H, P FIRUERG R (precision, P) , %78 A5 7 0
IEBERIEREAR ( T,,) SR F A S IEREAR (T, +F,) 2
s R R A 101 (recall, R) , %715 F I 1E 7 f4 TE REAS
SRR T, +F,) Z A, Fon P-R £ AT Bl
TR N RR BB L, 278 45 2 S 35 0RS o
L, ap BERFRINABETY [ H: BEARR AT
4.2 SRR Kb
4.2.1 #HIJRBOT LSS

T BIE WloU 12Kk BREUHE & 44K N IR 2 5
AEW /IR A AR SR T S Al I AY ToU 1R
HE [|1 91451 25 ¥R 8 ( DIoU CloU \EIoU ,GloU .SIoU) FI5| A
(R TACIE AR Y Fh A FF A WToU 412K PR, S 45 R n 3
2 R, N SE B A5 R W LATEAL WloU 4 2k pR 2K
TR %K N I I HERE AT 3

R2 HRBRHIEINBER

Table 2 Comparison of experimental results of loss functions

Loss L. /% i+ H 1) /ms
DlIoU 84. 87 24.5
CloU 84. 11 24. 1
EloU 84. 89 24.0
GloU 85.15 23.7
SloU 85.21 23.3
WloU 86. 22 21. 4
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Excitation ) #1 SGE ( Spatial Group—wiseEnhance ) {5 7 JJ#
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SRR, SRR AN 3 R,
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Table 3 Comparison of experimental results of

attention mechanisms

R4 HBAKKER

Table 4 Results of ablation experiment

) 24 A% 7 L/ % i B A/ ms
YOLOvS 84. 11 24.1
YOLOv5+D3 86.33 27.2
YOLOv5+SimAM 85.57 24.9
YOLOv5+WIoU 86.22 21.4
YOLOv5+D3+SimAM+WioU 87.57 84.5

Attention Lo/ % + F Bt ]/ ms
ECA 84.34 24.6
GAM 84. 11 28.8

SE 83.42 24.5
SGE 83. 31 24.0
SimAM 85.57 22.9

S AE B L L 5] SimAM 1 ) AL AR LT
ECA .GAM SE SGE {F & Jj#isk, L, 53 0l4em T4
0.89% .1.12% 1. 81% .1.92% , H.i1 T SimAM 1% & 1 #L
S R, Ak PR 0 S 44 B e A X e He At v
B S 2 RAIE T SimAM 767K &2 2485 1Y
B RGN P X R B e T ST B ) B AT 2550
4.2.3 RIS

R T B EAR SCHRE 8 A AN S i A S 6
IR 52 2% R85 v A 0 00 A % A B ] ) B
M), SR FHTH Al S S0 A7 o0 B . A S5 v PRI 25 R s
— 3, UK S IR AE SO ) — S O R, DATPAR X R
MIPERERYSEM , fe ), 2R A I scat o5, A I A et
AT AL APPSR R A MR, SEIR A R an gk
4 Fi7N, XREE L SR A T AVEAS B4~ ek s XK
N I T H BRI R Y R e I E e AT BT

NS 4E ST LA . 2 a1 S 6 i R A B
M D3 B2 )5, T AT BB h i T H 2%
B B RE M2 AR AR R 4,
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JERERERTE T 2. 22% , TEARCRUZH BLMG | A SimAM JEE
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HA BRI AR, 5 308 5K BHEA F X1 S et )
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2. 11%, TE¥GFTA Sk Bl & 2 )5 , Bk MR 1 7
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TR 3.46%, HE—LIUE T AR SCHR H A ekt B AE
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4.2.4 BRI LIS

R T D REA SRR 1 # DCN-YOLOVS H3k
KRB A28 v B AR A I A I 3 8 AR S8R A
PG HAD R WA R YT T 0 e, X SR B 45 SRSk 5
Fiis .

x5 MERBITLELWER

Table 5 Comparison of experimental results of network models

W 25 A A L/ % i+ H B 1A /ms
YOLOvS 84. 11 24.1
YOLOv3-SPP 75.42 33.0
SSD 68. 21 55.2
Faster R—-CNN 78. 85 93.5
ALk 87.57 24.5

M S5 45 5 0] LU Y AR SR 4 B DCN -
YOLOvS 53k 15 45 5K FAR 09 7 231 530 18] | 5 9K 4
YOLOVS JSUBRA MR T H L, A RF ST, T
Xif B AR WL ANIRTE L, SR AE R R 07
PR A R A
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