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Multi-Source Domain Generalization for SAR Ship Detection Based on
Frequency-Aware and Prototype Alignment
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Abstract:  Synthetic Aperture Radar (SAR) is an active microwave remote sensing technique with all-day and all-
weather imaging capabilities, playing an irreplaceable role in maritime environment perception. SAR ship detection is essen-
tial for target perception and maritime safety monitoring in complex marine environments. However, variations in imaging
conditions, including incidence angle, sea state, and noise level, often cause substantial distribution shifts in SAR data, lead-
ing to unstable detection performance in unseen scenarios. Domain generalization addresses this issue by learning domain-
invariant representations from source domains to improve detection in unseen target domains. In multi-source settings, di-
verse source distributions offer richer supervision for robust ship representation learning, but also introduce more complex
inter-domain discrepancies and optimization challenges. To tackle these challenges, we propose a frequency-aware and pro-

totype-aligned multi-source domain generalization framework for SAR ship detection. The framework enhances cross-do-
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main robustness from three aspects. Specifically, considering that speckle noise, sea clutter, and ship structures exhibit dif-
ferent characteristics in the frequency domain, a frequency-aware feature enhancement module is designed. This module de-
composes features using Fourier transform and reweights low-frequency structural information and high-frequency noise
components, thereby enhancing domain-invariant ship-related features and suppressing domain-specific disturbances. More-
over, to alleviate semantic shifts caused by different imaging conditions across source domains, ship semantic prototypes
are constructed from candidate features and explicitly aligned in the feature space, leading to more consistent cross-domain
semantic representations. Finally, considering that different source domains contribute unequally to model training and that
some domains may negatively affect optimization due to severe noise or poor sample quality, a multi-source adaptive
weighting strategy is introduced. This strategy dynamically assigns weights according to training losses, effectively reduc-
ing negative transfer caused by unreliable source domains. Experiments on multiple SAR ship detection datasets show that

the proposed method consistently outperforms existing approaches in cross-domain scenarios, achieving improved detection

accuracy and generalization capability.
Keywords:

SAR ship detection; multi-source domain generalization; frequency-domain awareness; prototype align-

ment; multi-source adaptive weighting; negative transfer suppression
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Figure 1 Overall framework of the proposed frequency-aware and prototype-aligned multi-source domain generalization for SAR ship detection
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Table 1  Performance comparison of different methods on unseen domains SSDD and AIRSAR for SAR ship detection unit: %
SSDD AIRSAR Avg
Method
mAP P R F, mAP P R F, mAP F,
DGFRCNN-RS"™ | 56.8/71.8 | 66.8/ 77.6 | 56.1/75.1 | 61.0/ 76.3 | 19.6/ 23.5 | 29.4/ 29.5 | 30.2/ 32.3 | 29.8/ 30.8 | 38.2/ 47.7 | 45.4/ 53.6
HRSID/ 0A-DG™" 66.9/65.7|69.4/ 66.2 | 62.0/ 64.1 | 65.5/65.1 | 31.1/27.8 | 43.7/ 38.6 | 36.6/ 32.1 | 39.9/ 35.0 | 49.0/ 46.8 | 52.7/ 50.1
SARShip G-NASP® 69.6/75.5|73.4/74.9 | 65.2/ 73.5 | 69.1/74.2 | 28.5/ 42.6 | 30.5/ 56.5 | 36.6/ 41.0 | 33.3/47.5 | 49.1/59.1 | 51.2/60.9
DMCL®! 72.9/77.4|75.7/80.5 | 78.2/ 72.5 | 76.9/76.3 | 31.9/37.6 | 48.8/ 44.2 | 34.5/ 41.4 | 40.4/ 42.7 | 52.4/ 57.5 | 58.7/59.5
DMSN®! 79.6 79.4 75.3 77.3 40.6 52.7 44.1 48.0 60.1 62.7
HRSID+
pmT*! 80.1 78.2 79.3 78.7 455 50.2 46.7 48.4 62.8 63.6
SARShip
Ours 85.4 80.8 82.0 81.4 47.2 53.6 52.8 532 66.3 67.3
3.2 A SR IE A BRI F B A B AR AR AS B H AR o

SR T S UL M A S [R] 64 T 95 R R T
F14 B SRS U RE ), A SCE B HE 1137 5% b R B SAR
PR AT DA XS L, P 20 B AE | 2 (AR RS (B AE 23

M 3T LU RS 2% 13 VIR BT 26 AR 7
A —E WIPERE T % . DGFRCNN-RS 78 i} 7
2 BRI 5 oy B R A | T G5 IS/ H AR B A 2
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Table 2 Performance comparison of different methods on unseen domains HRSID and SARShip for SAR ship detection unit: %
HRSID SARShip Avg
Method
mAP P R F mAP P R F, mAP F,
DGFRCNN-RS"™ | 43.0/55.0 | 54.3/ 63.3| 51.6/ 56.3 | 52.9/ 59.6 | 63.9/ 55.3 | 68.9/ 61.0 | 66.5/59.4 | 67.6/ 60.2 | 53.5/ 55.2 | 60.3/ 59.9
SSDD/ 0A-DG"” 43.1/28.1 | 58.4/33.5| 57.6/ 39.6 | 58.0/ 36.3 | 48.7/63.2 | 54.5/ 67.5 | 57.3/62.1 | 55.9/ 64.7 | 45.9/ 45.7 | 57.0/ 50.5
AIRSAR G-NAS™ 52.6/16.2 | 78.5/24.6 | 53.4/25.4| 63.6/25.0 | 62.3/59.8 | 69.1/ 64.7 | 63.5/60.3 | 66.2/ 62.4 | 57.5/ 38.0 | 64.9/ 43.7
DMCLP! 59.9/39.7 | 88.1/58.3|57.9/42.869.9/49.4 | 68.8/47.2 |70.2/ 63.1 | 72.4/42.6 | 71.3/50.9 | 64.4/ 43.5| 70.6/ 50.2
SO DMSNE 58.9 73.8 67.2 70.3 67.9 68.6 70.2 69.4 63.4 69.9
D +
PMTH! 59.4 74.8 69.9 723 70.5 69.4 73.8 71.5 65.0 71.9
AIRSAR
Ours 60.3 74.8 70.4 72.5 71.3 71.2 74.2 72.7 65.8 72.6

(e) DMCL (f) DMSN

(h) Ours

(¢) PMT

B3 H s BRI HJ7 v A S AR 4 S 5 e

Figure 3 Visual comparison of domain-generalized detection results of different methods in harbor scenes
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Table 3 Ablation study of different components on multi-source domain

generalized SAR ship detection unit: %
Method Freq | Proto | Weight HRSID SARShip
mAP | F, | mAP | F
Baseline x x x | 472|511 | 488 | 54.9
+Proto x N x 51.6 | 59.4 | 55.2 | 60.7
+Weight x x Voo | 498 | 563 | 52.6 | 58.1
+Freq N x x 53.8 | 68.2 | 57.8 | 62.9
+Freq +Proto | ¥ N x 57.6 | 70.1 | 67.4 | 69.3
+Freq+Weight | x V| 561|695 653 | 68.4
Ours N N N 60.3 | 725 | 713 | 727

F3 o M AE A SR R R A 8 SR AR B SR 5 A 2R
TE I AL S W (+Freq+Weight ) 22 J5 , B 4 (4 1 BE A He
AL ol AT SR 4 SR AR B [ B A BT 42 T . HRSID Al
SARShip [ mAP 43514 56.1% .62.3% , 53 5| Lt +Freq
W23 A H Ay AS A EH A L F, N 69.5%
66.4% . H LTI, Z2 5 5k [ 16 N A EE 5 B T IR B
A VR IR RS ke sh 25 W1 Ak BTk , B AR 7T &
T8 33 M 5 A i 2 R TR B S T AN R T
T AR SR E AR I 12 L

0 SRR I 1 A A 1 SR R X S L
il LA K Z2 15385 W AR B — 2 A Z )5 (Ours ) , BT
KF T RAEMISCR . HRSID 1 SARShip Y mAP 4351
FETF 2 60.3% F171.3% , AR MBI TIFE & T 2.7 H

o MBS

Gy RRI3.9 AN E G 8L F o ik B 72.5% F172.7% . A
SR, S AR T IR R W] LAAR G bl g e A AT S
P | R 1) B 3 A% T AL, 5 A5 A0 B o o R 1Y
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Figure 4  Effects of parameters a, 8, 4, p on detection accuracy
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