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Fig. 1 YOLOvV8 network structure diagram
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Fig. 2 Feature pyramid network evolution design
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Fig. 3 YOLOVS8-ESI network structure
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Fig. 7 Design of CSP-DLAN module integrated with DualConv
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(Wg + Hg)

K. W,, H, Bi/NIFHERS (5 8). H 1Bk
Rwiou P BAF IS BE S, W, H, 5iTHEESE (-
bR ZFRICERIE), THER TSR R, AEIAKSE
FL BT fE b . #5718 Focal Loss A v1 #41& T HAJH R
BEBL, NS WioUv2, AT

Lyioun = L}:ULWIOUVI ,Yy>0, (12)
al‘WloUvZ yk aLWIoUv]
= , Y > 0 . 13
al’luU fov aL[()U y ( )
L* Y
Lyiouy = (%) Lyiouvi - (14)
ToU

HER S REE IR N, [ pH G — AN R R 4
ZEOIIG N FHE] WIoUvl 153] WiloUv3,

L*
U €10, +00) ,
ToU

B= (15)
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B8 loU +%H

Fig. 8 loU example diagram

(16)

Lyiouvs = rlwiouvi, 7= W .

4 SEWEERZIH

4.1 LRI

MY UEA SR $ 7 I B AT AT PR R S, BEA T
— SN, FAARRYSCIR PR RE (S R E I 1 R,
BRI GR T 0 0 S B S O B 2 B

A1 FRBRIREE

Table 1 Experimental environment configuration

28 [T
CPU Intel Core i5-13600KF
GPU NVIDIA GeForce RTX 4070 SUPER, 12GB
Pytorch 24.1
Python 3.8.20
Cuda 12.6
0s Windows 11

k2 MBAERINELSK

Table 2 Network model training parameters

i BB
A SGD
LGSR 0.01
B 0.937
R 0.0005
RIS 16
UER/S 200
SRS Cosine Annealing

4.2 BIREIREE

YT SSS EIMG S I FR etk , B — A HF R AR A
AEAR, LB EATUEH R EHE. N
fifp X — AR, ASCEEA T HEEE 4 Seabed Objects-

KLSG F1 SONAR-2019, Ff#h7 13 2k 7K T 52 55 5 L
T 460N TF 10 & e SSS MG, M T A s 4
SSSD (side-scan sonar dataset). 1% #E 4 L 0 PR 32
FAMETE 300 pixelx300 pixel Z 800 pixelx500 pixel 2Z[f],
WAEVUN . RHURE AR R = A E R,
U EIR 602 5K, RALEREZIEG 279 3k, AR
1§75 3, it 956 iKIFMEEIER . BURAELI 721 1
() E B 43 N 2R e . B UESE R . A By Lk AR
YIgrid B i I LS GO A Iz fhEe T, A SOt
SRR IR R T 2R B s B TR A Y 58, B
PRI R T B . AKOFEIRG . BEOLIESE . BEMLSEEE, DL
ORI e 7R 2 S T | A S L G AR, A
BB T K T UG 2R e, 5 T UIZRFEAR
At BERR)E, 2RI TR AR R A
1§, WAYNGEMLT 2926 KUUREIE . K9 BR TS
PHEIS RS IR RS XT T, S5 —3 R R as RS
55 2~5 SR 2 B IS A

4.3 1RBIF(EIERR

H T ARG A R, ASSONKE B . A ]
ROFEEEYE . GFLOPs, S8 LA K AfEFE & JL
KAEVR R B ULHL AN A e R M RE . A TS B 5
R B AR P DGR T T L5 B VTA . & K84
THEAXWT

TP
pP= , (17)
TP+FP
TP
R= , (18)
TP+FN
AP= [ p(d 19
= | pryar, (19)
1 n
AP=- S AP(i) . 20
m ”Z‘ 0] (20)

R IHAEFERR T, TP (true positive) 27 IE ARG
IEREAR R ; FP (false positive) 7R DG A IEFEA 1)
MFEAELE ; FN (false negative) Z27n AR PRI H 19 1E A
K, RIS o Y 558 HARSE A, AR ELRT |,
KR P R TN A 2R AR A b SZBR A T2 1Y 25 AR
R, ST A R A SR H B R RN E
SCIERMEANE GRS, RAEK DM 2K AP
(average precision) N3 —ZE5 T P-R ik 52k bRt A,
AITEAR, A B RIAE i 28 25 G Rl PEBE ; mAP
(mean average precision) M A2 AP {HI P, &
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Original image Random brightness

Horizontal flip

e

Random rotation Add Gaussian noise

B9 %4 3R AT 6 R LT

Fig. 9 Examples of data augmentation effects

AR E 2220 PSR IIAE S5 R R AR REAY A O i

4.4 HEASLIG
h Z G5 0FAL YOLOVS-EST A5 B A 45 i b A R (1) 53
ok, ARFTEBET AT T — RINHALSEE . SC50 LR
LA S B 4G YOLOVSn AR RIVE Ry 3kek , R %4 R
HAEAESE MG, K5I A WTConv BBt | D-GFPN i
W45 LA WloU H 2 pRE, DA Ak 3 B 45 T A X e 2%
KRR, SCERLE RT3, B 10 BAR T4
Bl ST 5 B2 Al PR RE XS L
THLE SRR, ASCHE A = R G AN A R
FE R T AR, BRI S, BT 5 A e
R, AR ARG B 3 3R A5 B AR T, X IR UE T 454K
PAER R AR SR IR T . AL B R ML DL S 3 i s
%3

R TR T AR . OB, Y2
P TAERS, A BE R By B R T, X R
AP AR, REAE A RO TR AN [F] B Ay
TEFIK T 2 22 5 iiE N RE T o FEA TR A BT A B R
W& )5, YOLOvS-ESI A5 7Y 2l Fe A (R PR RE R I . AHER
FRAAEAL, mAPS0 48FREETH T 5.2%, mAP50-95 F5hR{E
BT 3.8%, X—&5 R T it n R 22 R
HARAS AT 55 v EL A B 5 0 335 o7 P RO ARSI B (A5
B, EMEREIRT AR, Stk E AR RS R D
T 10%, H5EEFFKT 1.1 GFLOPs, % —45 R EK A
LA AL 2 A TR AR 1 35 BBk

Ja SOR LB 2 AT T BIR A M RE T AT

R TR BARTIRE,
A AN [ AL

H ARSI

Table 3  Ablation experiment

=
52

PHE TR AN
Wi P25 A PERE , A MTRE— 2488 T

YOLOv8n WTConv D-GFPN WioU P/% R/% Params/M GFLOPs mAP50/% mAP50-95/%
v 84.1 72.6 3.01 8.1 83.6 59.6
v v 84.1 80.4 2.71 7.3 86.2 62.1
v N 85.6 78.4 2.98 7.8 87.3 62.2
v v 86.9 79.2 3.01 8.1 84.7 59.5
v \ v 82.1 77.2 2.98 7.8 85.7 60.8
\ v \ 84.1 80.4 2.71 7.3 86.2 63.1
v v v 85.7 81.1 2.69 7.0 87.7 62.3
v v V' v 88.8 84.3 2.69 7.0 88.8 63.4
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SeRTHRTE YOLOVS-ESI H (1 G EEH]
4.4.1 WTConv &t

AR S R BoR, 51 A WTConv B B ffi 45 54 11
mAP50 Fl mAP50-95 73 il 4% T 2.6% 1 2.5%. Sk T
AR S R P Ty T AR . A T IR AT
WTConv FLH AR RVRAAE R AL AL 15200, ASDFFE IR IR
T IHRAE PR FEIZE A SSS MG (Ui . RBLEREZSE)
PEAT R AT AR HE . T 11(b) AL 11(e) 8 T 51 A
WTConv i J& IFAT &l BT rb o 48 X6F DX 388 195G T2 B M o

wiE 11 s, AR YOLOVS #45Y 5] A WTConv
(R ALAETE R 0 A R B RER ARGl
(AR e 1 S A 8 R HICREAE . HARIXIR (20 68) 51
s (/0 t0) 0 FUBORT, U ILTE 75 9N UG R A 1) e Mg
7 DI R A B ARG, 3 B R SOk I A e
TRIR ARG P . TR FH WTConvy 444 AR U] F 5 H
KO RAELEPRRE ST, LHRIRI 2160 X B % B2 7 H AR
FLSCRRERSE N, W RS RARONE, LR
PR IR A 6 XSGR YR T WTConv AR £

FURS I B L E R B A, DIRE G, R rLE . AR (LL) & id THy R F AR ik
mAP at loU=0.5 comparison b Inference time vs mAP50
a 89 f@
0.8}
88
n 06 n 87} e
S ®
s 04f 2 86| L4
c — YOLOv8n € ® YOLOv8n
— YOLOv8n+WTConv 85 e YOLOv8n+WTConv
0.2} — YOLOv8n+D-GFPN ® YOLOv8n+D-GFPN ®
— YOLOv8n+WloU g4 | @ YOLOv8n+WioU
0 — YOLOVS-ESI ® YOLOVS-ESI (]
0 25 50 75 100 125 150 175 200 70 72 74 76 78 80

Epoch

B 10 Haxibstb |,

GFLOPs

(@) &7 AE 3 3F mAPS0 AL 69 %76 (b) & A BEAE et HE A 3+ & 69 % v

Fig. 10 Comparison of ablation study results. (a) Impact of each improved module on mAP50 performance; (b) Impact of each improved module on model

computational complexity

b

Original image

B 11 AE T, (a) B4 B

Before introduction

(b) YOLOV8N # 7/ & ;

After introduction

(c) YOLOv8n+WTConv # 71 B

Fig. 11 Comparison of heatmap visualizations. (a) Original images; (b) Heatmaps of YOLOv8n; (c) Heatmaps of YOLOv8n+WTConv
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SEFFRAL, (AR 4 H AR 2 WA DA Re e S8 ;
[Fi] Bsf e A3l (HH) 388 [ 38 0 B (E AL P, A RGS g T
K F BT AR BEALIE S . I, 5#I14R YOLOv8n
BORAA L, 51 WTConv R LSRR 1 75 7 00K v o 3R
BT RURRIE DI, DT HR TH RS IORS B IR BRI IR A %
TS B HORE B () F AR S 7 o
4.4.2 D-GFPN
Jg T VAL FEE R 4% D-GFPN H4& FBi b i sk, A
SCUHEAT T — R BTH RS g , AFE 4 LIS Rl 1
AHAE T LR AR 5 A RepGFPN [4RMF 4 715 M 4% 45
¥ GET RS B GFPN 454), sh& ERFETr
3 DySample, LAKEERBLJRF - BUAR R RG24 15
Bt CSP-DLAN, #RXFMIZ& M RE T ok T — 7 IR .
I H A P A et SR S5 15 2] 1) S92 R B T S e
MIMERER I, FECRFFRAR IS BRI R A R, fEAR
RUSCEL T S5 i ARG B
N T A H6E D-GFPN SR a4 (et , A 3c
VEPE T JLFP WA B SO S5 A A T HL A SL G, ande S
JIiR o [ 12 B ZR T AN [R] 2503 W0 25 70 AG RS 5545
HURIAR 2 6] A K 22, PANet 4542 YOLOv8n )5
R, ML R, D-GFPN 7ESBU8E AT St
BHEMARREBL T, MEFRER T 1.6 %, HS-FPN
S ML TR RERGI N RAE 47, BREHSEL
N, HHKEE L D-GFPN {i 1.2%. XT Lt RepGFPN #i
TR IS (B Y 2% 4 AR fl A BE ), D-GFPN B4R
mAP50 A [F], {H & 2 B8 i A58 00 T AR 0l L
RepGFPN #iF M 45 FAK T 9.1% 1 8.3%, Ff H mAP50-
95 2 T 2%, L, SEHIERA T SSS EIE H ARG AT
%4

%, D-GFPN LT # WL R4 . LA 45 R 5840
B, D-GFPN il i Hah A&l o fic 5 e feE g1t 6
T RO AL SSS EIR P REEZE k. 21 1 BRI 4
fiIE, AEBETHR IS B 1) [R) A B8 4 b i 2 1 /KT S Az
R K
4.43 WIoU

WiloU BA =FORRIIEA, R 1 ik Wi F g &
JnaE T SSS E& B AR AT 55, A SCikAT T —4
X LSS FERELAR Y (48 5 WTConv 8L F1 D-GFPN
B A Y A O S i S PU R oo b o M D Ol
T CloU., WIoUvl, WIoUv2 fil WloUv3 PU 7 i1 S AE
a1 U453 2K BR BRI AL RE AN 13 BT o 42 6 ISR &%
REW, K WIoUv3 1Y YOLOVS-ESI #5553 H et
(4K 0 1 BB, L mAPS0 Al mAPS0-95 434l ik F| 88.8%
F163.4%, BHEELERT 1.1% o [, MBI
2250 HAR AR Z5 T LB H, WIoUv3 X AZKist &
IRENER LT Z , BB T 1.7%. AMESHT, ZIR
TR PR ZoK TS, AR BARTE SSS
GBI RS AN NI o S 1 i [ R R ST =] e R
FBRIRON , B SR R R AN AT S A
R EAEAS 1 WIoUv3 FlFH “BBEE” (outlier degree)
JE EEALHI A AR 1 I BT S A 7 A AN B B i
25 2500 PRSI S B Btk — 20 3R BT, WloUv3 433l T
PN ER BRI 55

4.5 FNEIEERBIXTELSLIE

TESUEA SR FIATERER S e h, WA R SC IR 4S
RE B MEFI O] e, ARWTTEAE G — 1 LR PR RS

AR L& BRE I

Table 4 Ablation study on the neck network

Neck Params/M GFLOPs mAP50/% mAP50-95/%

YOLOv8n 3.01 8.1 83.6 59.6

+ RepGFPN 3.32 8.4 87.1 62.2

+ RepGFPN + CSP-DLAN 2.98 7.9 85.3 60.8

+ DySample 3.02 8.2 84.7 60.1

+RepGFPN+DySample+CSP-DLAN 2.98 7.9 87.3 62.2

%5 AR ILE R
Table 5 Comparative experiments on the neck network
Neck Params/M GFLOPs mAP50/% mAP50-95/%

YOLOv8n 3.01 8.1 83.6 59.6
BiFPN 2.94 8.1 86.5 61.1
HS-FPN 1.93 6.9 86.1 60.8
RepGFPN 3.29 8.5 87.3 60.2
D-GFPN (Ours) 2.98 7.8 87.3 62.2
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PWELMT, 5 YOLO R4 HARK M A T TX L RCNN, Cascade-RCNN, RT-DETR, SCR-YOLOVS"™|
LK, FTHEHUAXT LB A S T YOLO BRI EZ A CSC-YOLO'™, F#R&hRans 7 k.

A, HAKAL$E YOLOvV3 -tiny, YOLOvVSs, YOLOvé6n, th¥¢ 7 9] 40, Faster RCNN Fl Cascade-RCNN A {Y
YOLOv8n, YOLOv9c, YOLOv1On, YOLOvlIn, Ak,  Z%ak, AR 220 B AR 28 4R b0 ad ik KA,
AR BERC T HAB LA FFA LT IUES, 0 Faster- A IIKS 4825 . 1 YOLO & 51 Al RT-DETR HiL7E S5

88 65 1 10.0 13.6
== MmAP50 = mAP50-95 -B-GFLOPs —A Params (M) 373
87 64 {95 134
13.2
86 63 {1 9.0
13.0
3 85 62 8 4 85 -
S & £ 1285
B 84 610 4 809 €
LN [ @©
< o © {26 &
IS < o
83 60 € { 75
12.4
2 59 1 7.
8 0 12.2
81 58 {1 6.5 120
80 - 57 4 6.0 41.8
YOLOv8n BiFPN HS-FPN Rep-GFPN D-GFPN
Different neck structure
B 12 B BSR4 5 AR A B AL A KD 09 B v
Fig. 12 Impact of different neck networks on detection accuracy and model size
&6 ARAEDEHXHITLER (15 %)
Table 6 Comparative experiments on bounding box regression loss functions (Unit: %)
AP
Neck mAP50 mAP50-95
Ship Plane Body
CloU 95.1 87.8 80.2 87.7 62.3
WiloUv1 95.4 88.2 81.3 88.3 62.1
WloUv2 94 89.2 80.6 87.9 63.3
WloUv3 96.4 88.1 819 88.8 63.4
27 st
Table 7 Comparative experimental results
Model P/% R/% Params/M GFLOPs mAP50/% mMAP50-95/% Inference time/ms
Faster-RCNN 85.0 75.0 41.39 208 82.1 60.1 2.3
Cascade-RCNN 83.7 79.6 69.3 236 82.6 60.3 2.4
YOLOv3-tiny 81.2 70.2 12.13 18.9 80.5 53.0 2.8
YOLOv5s 83.8 74.2 7.02 30.39 79.0 56.8 23
YOLOv6N 88.1 79.3 4.34 11.4 86.3 62.2 1.9
YOLOv8n 84.1 72.6 3.01 8.1 83.6 59.6 1.2
YOLOvSc 82.5 81.6 25.5 103.1 86.4 61.6 5.8
YOLOv10n 85.4 75.6 2.71 8.4 85.8 61.7 1.6
YOLOv1ln 86.8 78.1 2.59 6.4 87.3 62.2 1.7
RT-DETR 87.3 80.1 19.8 56.9 86.6 61.4 1.2
SCR-YOLOV8 88.6 78.4 1.80 6.2 86.5 60.5 1.7
CSC-YOLO 87.3 80.1 2.40 6.3 86.6 61.4 1.5
YOLOV8-ESI (Ours) 88.8 84.3 2.69 7.0 88.8 63.4 13
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o AR T R — e R, (AR RS 5 1H
A RTFZs ], M Z T, YOLOVS-ESI B Bk AE 415
BT BRAE . FRE, S5HrR R0 SSS EEA
}E#I (SCR-YOLOV8, CSC-YOLO) #lt, BARS =
M E AN, EAERERR . H R mAP A6
K EEFR bR DARARAS T WA MR & 14 PR
— AL T R S M RE LR AE b A Y (B R
FEoR U B ERA PR FEE . YOLOVS-ESI 1 T 42 I 1,

ML R RN, R T HAERIR R | e AR
ALV A AR . LA IR, YOLOVS-
ESI S kM B PERE AN m8R , AR RSP BUR S B
TR T B BRI AT T A RIRS EE ,  REAS AR Ar M i
BTV R IR o

NSO RER A L SA I  m h ERE R, A
SO i G 43 SSS MG TR 9246, 255
K15 Bis o WEZEAKRKOYIERE . YOLO 4% R 5IH

100 . 1 100 1 100 1 100
mm Ship == Plane == Body == mAP50
1 95 1 95 1 95
90 1 90 1 90
o X * o
S s g g
< < < 2
o 85 85 = | 858
k= = S <
= © o e
%) o o
80 1 80 1 80
1 /5 1 75 1 75
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CloU WiloUv1 WioUv2 WloUv3
loU methods
B 13 TR FARS K B 23T 4 A 49 % of
Fig. 13 Impact of different bounding box loss functions on detection accuracy
90
YOLOVS8-ESI
®
88
VOL%vlln
RT-DETR
CSC-YOLO
o O SCRYOLOVE v 6,6
L YOLOv10n
o 86 o\
=~
o
[
o
<
IS
84 YOLOv8n
@ YOLOv5s
82
YOLOv3-tiny
80 1 1 1 1 1 1 1
1.00 1.25 1.50 1.75 2.00 2.25 2.50 2.75 3.00

Inference time/ms

B 14 YOLOVS-ESI 5 #Ab 2 ik M % 694056 bL 4 (x 4 & T ARIZET 1] (ms), y 40 &7 mAP50 (%), ¥ %% 75 HH%,
YOLOVS-ES| A4 &, A it A FHRR B BF)
Fig. 14 Visual comparison between YOLOV8-ESI and other mainstream networks (the x-axis represents the inference time (ms), the y-axis represents
mMAP50 (%), and the radius of the circle indicates the number of parameters. YOLOv8-ESI is highlighted in red bubbles and font)
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YOLOv6

Original YOLOvVS YOLOv8

YOLOVS YOLOv10 YOLOv11 YOLOVS8-ESI

B 15 YOLO % 7]#4= YOLOV8-ESI #i| £ X rb iz

Fig. 15 Comparison of detection results between YOLO series models and YOLOv8-ESI

PRSI 25 SR T DL R G AR A Y OLOV-ESI A I 25 SR 5
T A T A AT ARG I R SR AT DL &, RAE R ER YOLOvSn
D 2% BEAS7E S 2% TR IR 5 T BRI R Ty . RAILER
LA KNSR S bR, AHAERI st R AT A — 2 1)
WRAENL . AHILZ T, A SCHE B GH 57 YOLOVS-
ESI 7E RN 3 A rp 8 30D TR IR 0 A, - HLSE
BT W H AR AR B . XS5 R RE T
WAL AE 52 28 50 T BB PR PR ARSI B 52 A Ak
P, FRU AR SR F rf ELA R A O R
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BERF X SE 0], A SCHE Y T — el i 4% A A I A A
YOLOVS-ESI A #Y iz AR AU 3 3k — 75 T b [m] 1) S5 Bk
SSS FEMERF AR HEE L . 1 S8 7E B T MZHR 751 AN
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RAE WloU 119 i1 FHHES 2k R i CloU, 98/N T SSS
UG EHE SR BT /s )7 A A TR EE , TR PR 281k
SR, $ s A RS R . SEOR R, 5 3R
RIAALE, ASCHrEH 7 mAPSO 2T+ T 5.2%, SH0E
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Abstract

Objective Side-scan sonar (SSS) is an indispensable acoustic imaging technology for seabed exploration, underwater archeology, and
search and rescue operations. It provides wide-range, high-resolution images of the seafloor by transmitting acoustic pulses and recording
their backscattered echoes. However, due to the complex underwater environment and the inherent characteristics of acoustic imaging, SSS
images are typically contaminated by severe speckle noise, geometric distortions, uneven resolution, and blurred target boundaries. These
degradations significantly impair the performance of conventional object detection models that are originally designed for optical images.
Furthermore, SSS datasets are often limited in scale and suffer from inconsistent annotation quality, as the low resolution and fuzzy
features make it difficult to label targets precisely. Such low-quality training samples introduce harmful gradients during optimization,
further compromising model robustness. To address these challenges, this paper proposes an improved detection model named YOLOVS-
Efficient Sonar Image (YOLOV8-ESI), aiming to achieve accurate, robust, and lightweight underwater target detection that meets the real-
time requirements of resource-constrained autonomous underwater vehicles.

Methods YOLOvV8-ESI is developed based on the YOLOv8n baseline through three synergistic innovations tailored to SSS image
characteristics. First, a wavelet convolutional layer (WTConv) is integrated into the backbone network. Unlike standard convolutions that
operate solely in the spatial domain, WTConv performs cascaded two-dimensional Haar wavelet decomposition, transforming feature
extraction into the frequency domain. The low-frequency sub-band (LL) captures global structural information such as the highlight-
shadow patterns of sonar targets, while the high-frequency sub-bands (LH, HL, HH) preserve edge details and textures. By applying small-
sized depthwise convolutions to these sub-bands, WTConv effectively enlarges the receptive field without introducing excessive
parameters. Moreover, the multi-scale wavelet decomposition enables adaptive noise suppression through thresholding in the frequency
domain, enhancing the model's ability to distinguish true targets from background clutter. Second, the neck network is systematically
reconstructed into a dynamic feature pyramid network (D-GFPN). This architecture incorporates an efficient dynamic upsampler
(DySample) that employs a multi-level point sampling strategy to preserve fine-grained details during feature resolution recovery, which is
critical for small target detection in SSS images. A cross-stage partial dual-path lightweight aggregation network module (CSP-DLAN) is
also designed, utilizing parallel 1x1 and 3%3 grouped depthwise convolutions along with channel shuffle mechanisms to achieve efficient
multi-scale feature fusion with minimal computational overhead. This design balances the extraction of spatial details and channel-wise
interactions while promoting cross-group information flow. Third, the original CloU loss is replaced with WIoU, which employs a dynamic
non-monotonic focusing mechanism based on outlier degree to assess anchor box quality. By assigning smaller gradient gains to low-
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quality samples and focusing on medium-quality anchors, WloU effectively mitigates the harmful effects of annotation noise and bounding
box inaccuracies prevalent in SSS datasets, thereby improving training stability and overall detection accuracy.

Results and Discussions Experiments are conducted on a self-constructed SSS dataset (SSSD) that integrates publicly available
sources (Seabed Objects-KLSG and SONAR-2019) with additional images collected from underwater experiments and online repositories.
The dataset contains 956 original images of three target categories: shipwrecks (602 images), aircraft wrecks (279 images), and human
remains (75 images), with resolutions ranging from 300 pixelx300 pixel to 800 pixelx500 pixel. To enhance generalization and prevent
overfitting, the training set is augmented through horizontal flipping, random rotation, random brightness adjustment, and Gaussian noise
addition, resulting in 2926 training samples. The dataset is split into training, validation, and test sets with a ratio of 7:2:1. Ablation studies
are performed to validate the contribution of each proposed module. Integrating WTConv alone improves mAP50 by 2.6% and mAP50:95
by 2.5% while reducing parameters, demonstrating its effectiveness in frequency-domain feature enhancement and noise suppression. The
proposed D-GFPN outperforms mainstream neck structures including PANet, BiFPN, HS-FPN, and RepGFPN, achieving 87.3% mAP50
with only 2.98 M parameters and 7.8 GFLOPs, representing a 9.1% parameter reduction and 8.3% FLOPs reduction compared to
RepGFPN while maintaining the same mAP50. Among different WIoU variants, WIoUv3 yields the best performance, particularly
improving detection of challenging categories such as human remains by 1.7%, which validates its effectiveness in handling low-quality
samples. The complete YOLOv8-ESI model achieves 88.8% mAPS50, and 63.4% mAP50:95, surpassing baseline YOLOv8n by 5.2% and
3.8%, respectively, while reducing parameters by 10% (from 3.01 M to 2.69 M) and computational complexity by 1.1 GFLOPs.
Comparative experiments against state-of-the-art detectors including YOLOv3-tiny, YOLOvSs, YOLOv6n, YOLOv9c, YOLOv10n,
YOLOv11n, RT-DETR, SCR-YOLOv8, and CSC-YOLO demonstrate that YOLOv8-ESI achieves superior detection accuracy with
competitive inference speed (1.3 ms per image) and model compactness. Heatmap visualizations confirm that the model focuses precisely
on target regions with suppressed background activation, while detection examples illustrate reduced false positives and improved
boundary localization compared to baseline models.

Conclusions This paper presents YOLOvV8-ESI, a lightweight and accurate detection model specifically designed for side-scan sonar
imagery. By integrating wavelet convolution for frequency-domain feature enhancement, a dynamic feature pyramid network for adaptive
multi-scale fusion, and a wise IoU loss for robust training against annotation noise, the model effectively addresses the core challenges of
noise interference, scale variability, feature blurring, and low-quality annotations inherent in SSS data. Experimental results demonstrate
that YOLOVS8-ESI significantly outperforms baseline and state-of-the-art models in both accuracy and efficiency, meeting the real-time
detection requirements of underwater platforms. The ablation studies validate the synergistic effects of the proposed modules, and the
comparative experiments confirm the model's superiority across multiple evaluation metrics. This work provides an effective technical
solution for advancing underwater object detection in marine exploration, archaeology, and search and rescue operations. Future work may
explore the integration of advanced denoising techniques and the extension of the model to other underwater imaging modalities such as
synthetic aperture sonar and multi-beam echo sounders.

Keywords: side-scan sonar; YOLOv8n; wavelet convolution; dynamic up-sampler; loss function
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