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Ship Detection Method for SAR Images Based on Small Target Feature Enhanced RT-DETR

ZHANG Hongsen''? \WU Wei’, XU Jian? . WU Fei"? and JI Yimu®
1 College of Automation,Nanjing University of Posts and Telecommunications,Nanjing 210003, China
2 National Key Laboratory of Information Systems Engineering,Nanjing 210003, China

3 School of Computer Science,Nanjing University of Posts and Telecommunications, Nanjing 210003, China

Abstract In ship detection tasks, SAR images are widely used in maritime resource management, search and rescue, and other
scenarios due to their excellent imaging conditions. However, traditional target detection algorithms perform poorly due to issues
such as the small size of ships and sea surface clutter. Recently, many algorithms have introduced the attention mechanism of
Transformer to achieve better semantic interpretation or adopted more complex network structures to improve feature extraction
capabilities. This has improved detection accuracy to some extent but has sacrificed detection speed. This paper proposes a ship
detection method for SAR images based on small target feature enhanced RT-DETR. The method consists of three parts:1)Large
model prompt generation network: Leveraging the zero-shot learning capability of multimodal large models, prompts are generated
to extract more discriminative information from the image modality;2) AIFI-EAA module: Using RT-DETR as the baseline. the
scale-invariant feature interaction module is improved by introducing an efficient additive attention mechanism to reduce the com-
putational complexity of the algorithm;3) Lightweight small target feature enhancement fusion network: A small target detection
layer is added to the multi-scale feature fusion network,and the CSP-OmniKernel module is designed for multi-scale feature fu-
sion to enhance small target detection performance. Experiments on three public datasets(SSDD, HRSID,and SAR-Ship-Dataset)
demonstrate that the proposed method has advantages in terms of accuracy.

Keywords Ship detection, SAR image, Lightweight, RT-DETR, Small target detection
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Channel Attention Module, DCAM) FI 3 T 451 2 1) 25 ] 13 &5 /)
it (Frequency-Based Spatial Attention Module, FSAM) , i
T AUk A B T T 4 R EEAR AR

25 58 i A FEAE X Giona » PUBE 38 78 2 88 28 5% Xoion
Wi FH AR 38 18 1 & 77 (Frequency Channel Attention, FCA) :

Xica =J F(F Xaioba) QW 101 (GAP (X)) (8)
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Network structure of OmniKernel module

Channel Attention,SCA) :
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ARSI FVERT 3 AT IZ AT A IF SAR AR AR F 15 5
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1B ALFE AR 43 B RE K/ IR0 DL B A% AR 2 A . 8
AR ML 1160 FK R 2456 A AE SE 41

HRSID %454 . HRSID 504 4 i 136 3K 4 5% SAR Bl %
B0 8 AL 5604 SR YD ER AN 16951 AR AR L4, &
BRSF 7 800 X800 B E A HER N 0.5~3m, B E WS
T AT AR 5 2K i B0 I AN T T s 1 A9 SAR BEIZ

SAR-Ship-Dataset %% #i& ££ : SAR-Ship-Dataset £ 4§ %&£ /1
102 3“4 =57 SAR E{% A1 108 5k “mY £ — 5 7 SAR %
W80 4 B A 43 819 3K B R R R 59 535 A ALY 2 41
BRI E 2 256 X256 53, 9% K 3~25m,
4.2 EWEE

ASCHETF PyTorch IR 24 S HESR, fir 45 SC 98 ¥ 7E 64 {1
Linux #/E & 4t Ubuntu 20. 04 [ 317, CPU # & % Intel®
Xeon™® Platinum 8368, GPU % 5 34 4 X NVIDIA A800
80GB. K.l AdamW 1L 8% P AT 1L . S B B
W G2 R 0,000 1, AU N 0. 000 1, 37K/
H 32, Wy A AR KN 640 X 640 14 L I % 300 A4
epoch, #ME J7%E . 4% SSDD Hil SAR-Ship-Dataset 51 4
MRS = 2 43 Ry VIl 2 4R Rk 4, K HRSID %5046 45 % 18
6.5:3. 5 R4 Rl SR e Tl 4E
4.3 WEEXBELWERNN

T B UE T B Ok B A A L S i A A I H AR
K 89 78 SSDD %l 45 A1 HRSID $dis 4 L #E 47 %t He s2 e
FEXTEE R AT 4 M. 45 K 55 vk 7E SSDD U 4% £ Al HRSID
AR RIS R ank 1 i,

1 TR R AL S R 7E SSDD i 4 Fl HRSID i 4
by SE R 5

Table 1 Experimental results of proposed algorithm and other
algorithms on SSDD and HRSID

%)

HEE bol S TR % APs50 APs0-95
Faster R-CNNL3J ResNet50 95.7  61.1
GLIPLY] SwinTransformer-T 96.5 62.9
DINOL24] ResNet50 95.0  60.3
Deformable DETRE25] ResNet50 93.0  52.5
SSDD CO-DETR26] ResNet50 96.5  62.0
YOLOv8-L.L27] ResNet50 96.7  64.1
ELLK-Net-28] ALKS-Net 95.6  63.9
RT-DETR'SJ ResNet50 96.8  64.3
STFE-RTDETR ResNet50 97.2  64.4
Faster R-CNNL3J ResNet50 82.3  57.6
GLIPLY] SwinTransformer-T 82.1 62.6
DINOL24] ResNet50 90.3  64.4
Deformable DETRE25] ResNet50 82.3  53.9
HRSID CO-DETR26] ResNet50 92.1 70.2
YOLOv8-LL27] ResNet50 91.5 70.3
ELLK-Net-28] ALKS-Net 90.6  66.8
RT-DETR'SJ ResNet50 92.7  69.5
STFE-RTDETR ResNet50 93.7 70.3

2R 3C R FHOF 290K 15 R (Average Precision, AP) 4 T T fli

B BRI M R
__Tp 0
P—TP+FPx1ooA 1D
R= Ir X100 % (12)

" TP+FN

1

AP:JP(R)dR 13

0

Hodr, PR % (Precision) \R 42 # [A1 % (Recall) , TP & IF
ARG A A B AR, FP 2 B % A 0 B AR
o FN WA EA R R 3R . 315 IoU=0. 50 i1
AP 7EFR 1 TiCH APy i+ B FEAR R ToU B {E (WA 0. 50 F
0.95,2 K 0.05) LAYFH AP FEER 1 HiC N APso s o

WM 1 FrofE LAY RT-DETR £ B H 4, 1F
SSDD % i 4 Y APs M 96. 8% . APsoos A 64. 3%, 7E HR-
SID B4R 4E 1Y APso 2 92. 7% s APsoss 9 69. 5% . AL Z
T ,Faster R-CNN il DINO % £ ML J7 1 75 X 22 46 5 I 0 25 5t
B, YOLOvS R AR & ny kg (AR T B2 7 RT-
DETR. 5 —# DETR R0 #72% )% CO-DETR b it 15
AT 1 K RS L #E SSDD £ 5 4 F1 HRSID ¥ 4 F 1)
APs 2y B Jg 96. 5% F1 92, 1%+ APsyos 43 51 9 62. 0%
70.2% , A STFE-RTDETR 16T & X8 tr E#8 %
IR AL Y AR PR R L O T BT A AL . e SSDD 4 4 1
B APso ik 8 97. 2%, APsoos iK% 64. 4% ; 78 HRSID %4 45
i APso ik 3 93, 7%, APsoos 153 70. 3%, X i T AL
05 WL AE LAY B AR A AT 55 vh Y 3 R

WG AN | T A A SO 5 S S L E R SAR AR 3 4
£E SAR-Ship-Dataset LiFA7T T X HSE 56, 5 R an & 2 fr 41,
SeuF WA STFE-RTDETR 16 AP, fil APs,o; 161
PERETE Ar B T 44k )7 i RT-DETR Ml YOLO % ¥ & ¥
YOLOVS-L,

F 2 IR AL AR %A SAR-Ship-Dataset |- 1y 52 45 45 5
Table 2 Experimental results of proposed algorithm and other

algorithms on SAR-Ship-Dataset

%
it % APsq APs4 95
YOLOv8-LL27] 96.5 65.6
RT-DETR!SJ 96. 9 65. 1
STFE-RTDETR 97.6 67.1

F 3 XA RI S 80 T ERE MR B EIR
B(FLOPs) | 4 AL B WTR (FPS) BE4T T4 1o, Hirp R %
B R R B RERL Y 25 81 2 2% B, FLOPs fi & 53 19 3 5 1
(M55 B, FPS M SF Lk W SEPRig A7 B, & 3 AT I,
STFE-RTDETR #£ i 4 %} b J5 25 o (9 455 A0 2 B i B/ L 72 W)
— IR K/NTF B FLOPs 35 8l i/, FPS AU T AL & AR RT-
DETR. A it STFE-RTDETR .43 # {5 & i} 7] 5% 2 F1 P 77 %
AR, X FEARUF W T T B Y IR 4 A DR e A A o

3 B ITILIBIEI SRR T 0 OSO[B4 2 R

Table 3 Model parameters, FLLOPs and FPS of each methods

Pl S B E FLOPs FPS
Faster R-CNNL3J 4.135X107  1.935X 1012 17
DINOL24] 4.739X107  2,478X10'2 23
Deformable DETRI25)  4,010%107  1.812X10'2 15
CO-DETRE26] 6.418>X107 1.950x10'2 13
YOLOv8-1.L27] 4.361x107 1.648x10'2 71
RT-DETR'S 4.196X107 1.360X10'2 108
STFE-RTDETR 3.551X107 1.298X10!2 103
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4.4 HELIRLS
AR SCGE A HRSID 4 58 1 3847 7 il 5 96, BF 58 T 45
ol A0 SRR D B AT P RE A B e, X B4R AR RT-DETR
B BICHE B SRR AT T PP AR A 4G R B 4R R A B M 4% (LMPG-
Netv) B2t A/ B A7 4 fiE 54 58 il 5 W 4% (LSFFNet) fil AIFT-
EAA Bl

A4 FNH T R [F B A He fE HRSID 04 45 1 4 78 a3t
gk R JLLRRIR RT-DETR i AP35 3] 92. 7%, APy s 35
# 69.5%; A X ) ¥ STFE-RTDETR ) AP, 35 %] 93. 7%,
APs o 355 70. 3%, H AP, B 1 N E 4r L AP o 42
B 0.8 ANE AN . SEUR A AR B A SO Y KA R R 2
B 2% /N B BRRREAE B TR AL A R 45 f AIFFEAA 55
BIXpRG EEAR T — AR,

# 4 HRSID B4 4 1 i fal o5 56 25 21

Table 4  Ablation experiment results on HRSID

% # A + LMPGNet + LSFFNet + AIFI-EAA AP5o/% APsoqs/%

N/ 92.7 69.5

NG NG 93.2 69.7

N N N 93.4 70.2

NG NG N N/ 93.7 70.3
HERIE AR T —F I TN BARFRIE S % RT-DE-

TR 1Y SAR EME MU BARK I T i . Tk EEH LT 3 #F
SRR, 1) RO RS4RI g B 2R ES KR A
Paligemma [ FFEA2: 2 B8 1, A2 e 7R, DA BB B2 o
HHA S B, 2) AIFFEAA #i8. L RT-DETR %
2 VU RO R 22 ELAT R, 5 A TR 8O P A D LR Ok
AL 55 B R AL B R R M MRS B BRI B R
B o 3R AL/ B bR R AE 9 5 A P 45 . 7E 2 RO FRIE L&
2 i AN B AR A I JZ L 3231 CSP-OmniKernel # e i 47
FRAE A B2 /N bR ARG I PR R . A2 3 AT 2 N A B
8 L AT R &5 A S8 L E B T T B T TR TE MR 1 LA AR

2 % x W
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