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Abstract: Deep learning is primarily used for target detection in Synthetic Aperture Radar (SAR) images;
however, its performance heavily relies on large-scale labeled datasets. The detection performance of deep
learning models degrades when applied to SAR data with varying distributions, hindering their real-world
applicability. In addition, manual labeling of SAR data is costly. Hence, cross-domain learning strategies based
on multisource information are being explored to address these challenges. These strategies can assist detection
models in realizing cross-domain knowledge migration by integrating prior information from optical remote

sensing images or heterogeneous SAR images acquired from different sensors. This paper focuses on cross-
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domain learning technologies within the deep learning framework. In addition, it provides a systematic overview

of the latest research progress in this field and analyzes the core issues, advantages, and applicable scenarios of

existing technologies from a methodological perspective. It outlines future research directions based on the law

of technological evolution, aiming to offer theoretical support and methodological references to enhance the

generalizability of target detection in SAR images.

Key words: Synthetic Aperture Radar (SAR); Deep learning; Multi-source information; Cross-domain learning;

Target detection

1 35I§

& L2 1A (Synthetic Aperture Radar, SAR)
Je P B 5 2 6] 73 H R BROUL I RE 0 1) 32 3l 2
WIR RGBS, 8BRS T A AR T F R
0 JFL S PR SORT [ELp dEAT SOk SR B R Y. it
Ah, ERENE A R I A R A b ook i AT W, SR H
AN HIEFIR AR A BRI, PRUAE AR I A2
W U VPl AN IR ST R S5 ST A B B
F &

SR, SotZErE kR AL, SAREMG IR 1%
FEOGT PRI, B R AR FI AL BRAERT #E 77, N TARYERL
AELE, XA ARG TR M . B
FU = 70 HF R SAR BB 5 HOos 7 ) 0l 2 1 R AR
JEoR T e U R A s AR AE R = R

ENTR KRR, FET IR ) Hirka
W—E RN R E S TS, IS T — R
IR FURSR, BN R AT K T RE I FTT
FERAMSAR G I H bR KPR AT, SAR
PR A8 2 B2 S0 L TET 22500, W TR A . Bl %
BLEE B ARk 550005 26 KE, SARKMG N RE
A PRI 5T N SO IE S AR AE S AL B R RN
FH R 35K 00 00 S5 7T 7 490 B R DY AR I 9 7 [ 0

FRARVR P 2 ) J 3 HE 5 K 1) iy 281 B i) R AR 1
735 AR IX 0 DK B+ H00 5 (RR B o > SR AR AE
RS ISR [F) 23 A SR B AR e, = I Ziornil

(b) HeEG
(b) Optical image

(a) SAREI&
(a) SAR image

Pl 1 B O RS AR FR S5 500 B A O 2 RE IR PR 0T e
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Fig. 3 Different classification methods for target detection
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Fig. 8 Schematic diagram of pseudo label generation process
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Tab. 3 Statistics of two or more papers experimented on the same cross-domain dataset in recent years

f£% E | SCHR
SSDD < Gaofen-3 IR R [17,43,45,58,71]
SAR—SAR
miniSAR <> FARADSAR 445 [16,52,53,56]
LEVIR—SSDD [67,72,75]
HRRSD—SSDD [44,46,68,70,72]
LEVIR—SAR-Ship-Dataset [67,72,75]
FRA
. DIOR—>SSDD [55,57,60,65—-67,70,80]
% —~SAR
HRSC2016—SSDD [47,50,75,84]
HRSC2016—~HRSID [47,50,69,84]
Toronto—~miniSAR [12,48,78,79]
225
Toronto—~FARADSAR 12,78,83]

TEARATI RIS B ARA I S A WL VA bR v, Ok
# (Precision, P). #[H# (Recall, R). ¥
(Average Precision, AP). Fl-score®. FiHfi &
FRAEFTA R 20 1 5 AR b ISR B AR R . H
[ 2 J2 48 S B B A H AR H IE ARSI 210 1 B B 10 8%
o PR APFIF 1-score | & 8 it 45 A4 1 5 A1
H Bl ) 255 R IR VPG BRI M e . Bk
AR AN

. . TP
P = Precision = TP TP (1)
TP

= l= —— 2
= Reeall = 75755 @)

1
AP:i/ P(R)AR (3)

0

2x PxR

F1- = —— 4
score iR (4)

Hrp, TPERSIEFAI R B s R, FPRRH
AR B bR g, FNERRIER T H R0

4.3 HAFTENXEES S

T AT TE USRS G — A2 E, BT 1
Hm s B AME, Hoh, HBEIIA K
PEIRS ARG HARKE N J7 5 KA T, s LIRS
S8 B IR A6 SO T IR T IR A R RE . LAt
SRIZ M TTEAE 2R S T R T R I, H AT
RIS 5B AU A S HE SR, SR
ARG NI ACH RS b b, LB ) Ee b
REARE. B, AR REL7RSARKE
LANSARFISAREGX pifhig 7 A, gttt 1 51 H
B SR SO A TN VR RELE R, BLARIX STk
SIS RO BN E B A, (HR AR
fit U B PERE LA 3R A5 1A 2 rT O B Bk

S U T et DA R oA S B SR I B3 1A v R A A
BB RS HERIE K.

(1) Fe2#FISAR MG B 8 H bRt 7 L ERE /3BT

P8 22 L R R 2 22 3% [ BA 1248 T8 T
ZRISAR KR 2 18] F 2240 B bR AT 45 B3t
TR F T, AL T Ix s 4
B AR A T VR S B . BT VAR L B AR
TorontoE|HLEKSAREE £ miniSARF £ #SAREL
FEEFARADSAR M RIS 15 & R 4T T A G525
BOUE, 3R EM AT G S B wmRIFTIR, RS
Guit 7T AR RE TR AR . HHSEIN 45 BT LR
H, BT RFESAREGRIIREGESHERBR, H
o AR AR RSP BE P AR T B RS, (5 L E A
R 75 v Faster R-CNNIZEAT M2~ BISAR K #5458 H
BT BN PR BB, T D% (1 B8 48 7 VR TE 5N B8 45k
2 S SRS 5 SE DL T B R F 1-score, i, SCHER[79)
13 F— € B 10 B AR S AR ZRRE A HEAT 5 15 H Arks
M, B T RARR SR MERE, X RIEIH TS Ik
HARRIES, MEE Y BRI BEES 514
B, TR E SRR P RE

(2) SARZISARKEUZ K B el 772058 7 b

X JEL Y G N 117484558, TU i - i 8 2 ) S5 4
K, TEAF R G 2 B P IRS ARMUAT H brAs il
B4 R ES T — R BIBEHT MR, A SO IR 4
M 7 X VR RSB 45 . BT 7 VR 7E Gaofen-3 471
SSDD AR A U K 8 5 2 6] 38 AT 85 35 B A A ) 512 563
IOAE, R6guit TN EEREMN B G S5, K7
Guit T X L VAR PERE TR AR . MR SIS XS L
RATLVAEH, M RISAREUE K G S 55 R,
BIRBFSARZ ARG SH = TN, (BRHAR
PSR RS I PR e = A2 T B RS . R E bR
KM J7iEFaster R-CNN#HEAT B 48, 5 A5 A 0 1) 14 B
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Tab. 4 Imaging parameters of three vehicle detection datasets
etk ey BB WOE(GHz) 4 b7k (ACH WHIFEE () NBAEE(®) 20955 (m)
Toronto Jei - - 2016 m/RKRIRY . BT #EIRIZSE o2t A - - 0.15
miniSAR ~ HLESAR  Ku 3 2005 TR TR HEBMHEFRE 26~29 61~64 0.10
FARADSAR E#HSAR Ka, X 3,5 2015 R R B T R AR mEXZELH 26~34 56~61 0.10

< 5 ARG XA TorontoRminiSARFIFARADSAR - FSigi4& M 14 BE 3T EE (%)

Tab. 5 Comparison of cross-domain detection performance of typical methods on Toronto to miniSAR and FARADSAR (%)

Toronto—~miniSAR Toronto>~FARADSAR
Jii:
P R F1l-score P R F1-score
Gaussian-CFAR, 35.87 80.48 49.62 28.13 46.71 35.12
Faster R-CNNE! 70.97 90.36 79.39 74.82 92.19 82.60
SCHR[48] (TEHEY) 77.60 78.05 77.82 - - -
SCHR[79] (DFEAR) 80.49 73.47 76.82 - - -
SCHR[12] (TEHE) 80.16 87.80 83.81 78.82 71.43 74.95
SCHR[78] (Gl 81.69 91.87 85.92 81.84 92.91 86.81
SCHR[T9]) (DFEAR) 84.56 93.50 88.76 - - -
& 6 2MEHSARMATCNBIREN ARG S H
Tab. 6 Imaging parameters of spaceborne SAR for two types of ship detection datasets
EVEITES PR BB WHE(MHz) PUEEE(km) ASHAE(C)  MMAERAEEC)  REEEGD) 5P (m)
Gaofen-3% 4} Gaofen-3 ¢ 240 755 10~60 +20 10~650 0.5~100.0
Sentinel-1 ¢ 100 693 10~60 +20 20~400 5.0~20.0
SSDD Radarsat-2 ¢ 100 798 20~45 +11 20~50 1.0~100.0
TerraSAR-X X 150 514 20~55 +25 5~100 1.0~16.0
7 BRI RTE Gaofen-3FISSDD L EEIE A M1 BEXTEE (%)
Tab. 7 Comparison of cross-domain detection performance of typical methods on Gaofen-3 and SSDD (%)
SSDD— Gaofen-3 Gaofen-3—SSDD
Jii:
P R mAP P R mAP
Faster R-CNNPY 57.0 71.0 57.9 62.5 77.8 67.0
SCHR[71] (TCHEEF) 69.8 79.9 68.4 74.6 82.9 78.1
SCHR[LT] (DFEAR) 72.3 74.6 76.5 75.4 77.0 78.6
SCHR[43) (TEli B 73.7 81.9 74.4 78.4 86.3 81.5
SCHR[58] (H B 74.1 82.8 75.8 78.9 87.0 82.6
SCHR[45] (JCHaBF) 74.8 83.3 77.0 79.8 86.3 83.6

B, e DA A SERRA I FE SR, T 51 NBS I 5 0K
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F Transformer 25 #) % 1 (1) JC MBS B8 S AR H bRk
TAEZE, B T A seo i ge, XK Trans-
former 42 K A5 Y 6 % A5 2500 Sk 1] 260139 4 £ A 32
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