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Lightweight SAR ship detection algorithm based on asymptotic feature fusion

LIU Feiyu, ZHANG Jing* , WANG Yinan
(School of Software, North University of China, Taiyuan 030051, Shanxi, China)

Abstract: To address the limitations of restricted receptive fields, inefficient multi-scale feature fusion, and high computational
complexity in existing synthetic aperture radar (SAR) ship detection models, a channel-aggregated feature pyramid network ( CA-
FPN) was proposed. At the feature pyramid architecture level, a cross-level dynamically weighted feature fusion mechanism was
introduced. This mechanism adaptively calibrated multi-resolution features using learnable channel attention weights, which
overcame the fixed sampling constraints of the traditional asymptotic feature pyramid network ( AFPN) and significantly enhanced
multi-scale target representation. In designing the feature extraction unit, a parallel multi-scale dilated convolution block ( PDBlock)
was developed. By integrating the squeeze-and-excitation ( SE) channel attention mechanism with dilated convolution techniques,
and employing a feature channel aggregation gating mechanism, the PDBlock effectively mitigated semantic conflicts during multi-
scale feature fusion. Experimental evaluations on the standard SSDD and LS-SSDD datasets demonstrated that, compared to the
baseline AFPN model, CA-FPN maintained detection accuracy while reducing model parameters from 1.93x10° to 1.17x10°(a 39%
reduction) and computational complexity (in Gpop,) from 4.24 to 3.19 (a 24% reduction). The mean average precision increased
by 2.8% on SSDD and 3.5% on LS-SSDD. CA-FPN was more effective and better adapted to the requirements of SAR ship target
detection tasks.

Keywords : synthetic aperture radar; ship detection; multi-scale; cross-level feature fusion; attention mechanism; dilated convolution
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A L% F 15 ( synthetic aperture radar, SAR)
LA AS N 5 e 2 AL B SAR &R IEIG , B sl s Al
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ARACTRI X 3 A7k, TR B 4 2] BRI B )12 T
SAR FRARAM , e RE B AR EL Y . H AT £
H T Transformer #5587 14 F1 3k T FH M 42
2% ( convolutional neural network, CNN) [t A 7
1 B UM S RE S = WALy IN BT = S o Sl N =0
AEJT,# SAR &3 FIA ¥ 5L EUR SR IEA T HR-IE AL
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Fig.1 Structure of the CA-FPN network
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Fig.2 Feature maps of each layer in the preprocessing module
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Fig.5 Comparison of receptive fields at different scales
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Fig.6 Experimental comparison of convolutional kernels
at different scales
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SAR I fiiy K M %% PE £E ( large-scale SAR ship
detection dataset-v1.0,LS-SSDD-v1.0) ") Fl SAR i}l

ME A I % P 4 ( SAR ship detection dataset,
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Table 1 Environment configuration

28 [
B RS Ubuntu22.04
GPU Geforce RTX 4060 8 G
CPU Intel(R) Core(TM) i5-12490F
WNAF 16 G
TRBE2 I HER Paddle2.6
Python fAS 3.8
GPU -5 CUDALI1.8

WS HEE  H Adam L2512k 300 4~ JE
W1, A MG R 800 12 FE x800 142 &, fiL ik K/)h
912, FAT BRI R AR KO 8, kg wI bR 2E )
4 0.01,
2.2 iFHIEERR

FEATRIS H , FIr SR FH 0 4G TR B2 D¢ 38 b Ry A
B A RO, KSR PR [0 R 1Y
EAH

p=— " (1)
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T, Py 2 Bl R IE B TR O 1 28 1) ) S 0 4
H s N, 2 LPRIE T 1IE AR 2R 7250 1
FEAK G ; P, Fn S PR)E T 50 IS H AR A 5 158 H)
FE R IE N I REA R

SEBIRERE m o VN B AR 55 B A% O T 45
b, 03 AE K ToU BIE (A58 R 50%) T, 25
BHERTE B bR R 52500 T B RRE FE m s
HIME AKX F IR,

Py= [ P(RYGR, (3)

1 C
mAPZE ZPAH (4)

KA, P(R) HLLH IR R R A 5 B i R R 4L
P NS i ARG S9HE B2, C S Bai 4R v 2 )
VB DOTHIR A 2 T 2 T SR W A 2 4k 2k 5
BIWMIRR . (1) 1T B H i Gy op, 278 HL R
JF T A K TR A5 i IR %L ( giga floating point
operations per second, GFLOPs) , Jz B4 AU () -5
B (2) BEE Py, AT AT I 25 2 501 A7
SRR, D S L R W ATk
2.3 Xftbikie

AR ARG B 5 2R A BF SR R AL B2
WA EAAL AT B, i 2 Fow, il iE A0 i %
HR[ 64,128,256 | B, iR Gy p N 2.76  SHE N
1.01X10° 15 m s ( 0.965 ) 3L IE MK 0.8% ; P75k &
(256,512, 1024 ], Gy op B30 2 4,78, K E & &
0.970, k[ 128,256,512 S HEAERE &, DL AR
Grop M 3.19 FIS R 1.17x10° 3K il m ps N
0.973 1 e LT .

F2 2 M AR [ T Ak B2 s 0 T A 8 2 L

Table 2 Channel comparative experiments under different
preprocessing layer selections

JHE P R Mupsy Griops Ppams’ 10°
[64,128,256] 0.975 0.958 0.965 2.76 1.01
[72,144,288] 0.978 0.961 0.969 2.92 1.07
[128,256,512]  0.981 0.964 0.973 3.19 1.17
(256,512, 1 024] 0.979 0.962 0.970 4.78 1.75

FEF AL E L E 76 SSDD 5 LS-SSDD %4
RTINS RS . Wk 3 i, 78 SSDD #idii s,
CA-FPN L) m 50k 0.973 JEERFTA SAR il 4554
FERAEE R 0.981 Fill B 40 sf , 1153 A 75 [R) SohG BE AE
A MHASD 1Y 50.6% % J1, 2 % & /& LPEDet 1y
6.4% ., 43k 4 Fr s, 7€ LS-SSDD %k 4l 4E

40% ,Z B0 L L-YOLO F# MK 39.4% , o 5 UF W
CA-FPN TERG 552 Ak A WU 280k, A i1 2% i
PR AR G T =

3 SSDD RN il

Table 3 Comparative experiments on SSDD dataset

B3 P R M Grop Pppme/10°
Picodet!?" 0.955 0.921 0951 8.23 5.27
YOLOv1On'2'  0.931 0.965 0.961 8.20 2.70
YOLOvIIn'®'  0.960 0.966 0.971 6.30 2.58
MobileNetV3'*! 0.932 0.917 0.925 3.68 6.30
AFPN 0.897 0.949 0.945 4.24 1.93
LPEDet"* 0.970 0.962 0.972 570  18.40
MHASD!*/ 0.980 0.956 0.971 6.30 2.58
E-ShufflevV2'¥’  0.934 0.928 0.932 6.80 3.58
MSDFF-Net'®!  0.939 0.947 0.915 9.57 8.94
SFRT-DETR'®’ 0.972 0.949 0.966 23.10 12.80
CA-FPN 0.981 0.964 0.973 3.19 1.17

# 4  LS-SSDD KdG XS H ik 56

Table 4 Comparative experiments on LS-SDD dataset

W 2 i 7 P R My Guop Prpm/10°
Picodet 0.601 0.643 0.634 8.23 5.27
YOLOv10n 0.819 0.633 0.707 8.20 2.70
YOLOvl11n 0.767 0.655 0.733  6.30 2.58
EfficientDet'*"’ 0.621 0.671 0.613 107.52  39.40
AFPN 0.701 0.642 0.701 4.24 1.93
YOLO-SARSI®"  0.819 0.633 0.737 8.10  18.43
EDHC'! 0.502 0.778 0.706  6.30 2.58
L-YOLO™! 0.847 0.639 0.730 8.10 1.93
CA-FPN 0.833 0.672 0.736 3.19 1.17
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CA-FPN ## YOLOv11n AFPN Z5/¢ 82k 1
PEREOLIA NI 7 v, 5 v (o A I HE 2 7 JF ff G
2SR 2T Epr i R s A s s Bk, 8 H
s (87 45 1 90) &S Re o8 A 5 i 1+
HAr (B 7 55 2 51)) Fs L Bhrkiil (&7 55 3 51)
Y&, CA-FPN Yk R AR R AL,

CA-FPN B35 = RO — B X FE
JIHUHIA R O 5 R A s TR SR R
FRRFAE P2 BURE J1 5 — 02 Sl A FRAE Al A O W 4 5 X
BAEHED AR 0 X 0 B8 ) 5 =0 22 RUBE AR AE 42 B
AR S o AN [A) R BE A A A 0 A% 2R O H N H
(<5012 ) ki, 56 UF 52 H BB A R X SAR
PR BE TR A T, 5 4% U 00 AU S ) AL T
EEARTE,
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Fig.7 Performance comparison of CA-FPN on SSDD test set

2.5 HRnAIE

ik CA-FPN £ BEH A 2t , 78 SSDD £k s
VAT RS, 45 BN 5 s, #PV7 3R
DL A, < x 7 R DL AR g, L
AFPN Jy 328, # %Y 1 il PDBlock % #t AFPN [¥)
ResNet FEfili itk 1545 T H KRR ERRZE 5 2 RE
FRESRIAE ST, mppso BETFF 1.1% ; BEAY 2 FEABEAY 1 KL
fill E5I A SE ¥ & S AL, 38 5 FE AR A 43 Tl 3 Ak
KA D, mppsy HE— 251 0.6% ; B AU 3 FEALAY 2
TRl CA A R G A 38 i 38 18 P R A 2 il
TURFHE T, LI BB SE B mpso B2 T
0.7% ;B AU 4 FERIAY 3 Zhy bt A 85 2 905k 2 %

P2 30 1 A 8 H B SRR AE il A 0% A X
R AR, m o FHERTT 0.6% , IR I HHE W],
FE TG AFPN, A WF58 i #¢ CA-FPN il i A5
PRRIAL SZ B 2.8% B m gy, PEBEER T, 25 B0 A
39% , SoilE T BHL R HS B T 0 0L AT 74

#5 CA-FPN [7H Ml 56
Table 5 Ablation experiment of CA-FPN

%l AFPN PDBlock SE  CA JFREEE  mup

AFPN X X x X 0.945
RV vV x x x 0.954
B2 Vv i x x 0.960
B3V VvV vV x 0.967
KR4 VvV vV vV 0.973
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