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Abstract: The wide application of electro-optical sensors presented the urgent need of cross-modal learning between
optical and SAR image. In this paper, a new cross-modal synthetic aperture radar (SAR) target detection method via progres-
sive knowledge transfer was proposed. First, a new generative technique from the optical image to SAR image was present-
ed. The immediate domain composed of the generated pseudo SAR images can be formed accordingly. The semantic dis-
crepancies between SAR backscattering imaging mechanism and the passive optical radiation imagery can be bridged. The
optical radiation features with SAR scattering characteristics can be fused effectively. Second, a dual-stage domain adapta-
tion strategy composed of the multi-scale feature alignment skill was presented. The semantic components between the opti-
cal source domain and the intermediate domain can be aligned through the multi-scale feature learning trick initially. The
scattering distribution alignment between the intermediate domain and the SAR target domain can be then achieved. Third,
a quality-aware dynamic weighting strategy was presented to mitigate the impact of outlier samples in the intermediate do-
main. It was capable of adjusting the contributions of synthetic data based on confidence metrics dynamically. Finally, mul-
tiple rounds of experiments were pursued on SpaceNet6, SSDD (SAR Ship Detection Dataset), and HRSID (High-Resolu-

tion SAR Images Dataset) datasets. The results proved the advantages of proposed method. The improvement of 21.5 per-
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centage points was achieved compared to the source-only learning method. Likewise, the improvement of 3.3 percentage

points was achieved in comparison to the state-of-the-art. These results confirm the viability of electro-optical-to-SAR

knowledge transfer for enhancing cross-modal target detection.
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B T AR B 6. B AE R EA B T IR BR R A .
Ah , FRATTEFH AE e R i (Non Maximum Suppression,
NMS ) K BR TUAR 930 FAE U . PRk, 76 3145 A 20
B S ) ORI, R LA P 3 28 O AR 25 ok ik — 28
DA A B 5K pRECE AT
(X, Y)=L™ (X, Y)+LS(X,.Y,) (22)

cls cls

FHorp, YRR IIRR | R E R R R
max min Ly (F.R)+L, (F.D)+ 6L, (X,.Y,) (23)

L unsup

adv unsup

Herp A 0 J2 FH T V8 A 1 458 2 ASCER B 28, el
FE XA SEE B R A BRI R T R AR E
FRAE 22 56 A TR0, IV 30 e 2 2 S0 965 31 4 e P A1
2.3 BKimiE

EFXFE/SAR EMG 2 18] (1 X 25 5, A SCHE T —
i o 2T B 2 20 O 58, R AR AT AR S — A
AR (1) PR ISURN v 18] 38 22 8] A9 00 SR 4 AE X6 5 5 (2) H )
SR E BRI B RS 4B 6 5% 5 (3) FL IR ONAR 824 > B
B, e R A el AR RO Y G e e
SAR UM 7w , BRI Ry v ] dsk bl SAR PR 5 SR # 7
Wy BRI X R AT 55

S — B B, X B 2 20 0 5 sk R v ] 8k 2 ] 1)

2 RO RHIEREAT 0 5, Sr — i PR AR5 0]

5 B RS — B BOW SR RYIEA I g2 o 2
PE— A" R B P RLERT H AR, BEATHRFAERS 57

LA, S T i o5 I P P S AR PR AR S
AR SCHE XA 55 50 ¢ HEAT S P A I ik, AR A 5
Bl A ) AR S A 18 22 30 R R T AN [ B AL
B i A 3 AN SR O AR AE 7 2], % T 4 ad i B BUReAE
Xt 5o A DI R A RS 4 (8 H G AR P At 47 93
A B, A SRS B D AR B AR SR BEAT YNNG , (7 5 55 3
S8R AN DA AR RS =7 2T 147596 A doe /MU I 7 DA B 28 3of A ) e
IR A

3 XWHERSHW

R T SRR SCHR A S S R AT A% SAR
Ak 4 AR 09 5 B 5 A R L 18 ORI 22 9052
BARIATRI IR . FEN A LR B S HE, RS
R R F W PE A 8 A5, B Je R S50 45 SR IR T 4 1
Mrsvhie.
3.1 XWiEE
3.1.1 HIBENA

b 4 T VA 5 T B L AR SCAH SpaceNet6 ™ |
SSDD (SAR Ship Detection Dataset)"*’ #l HRSID (High-
Resolution SAR Images Dataset)™ /3 JF % 4 45 17 56
UE AT 55 U A 5 290 205 a3 2 s

F2 LWHTEXMREMESER

1155 EREASIRE) | SARBOCS(AFREY) | TR ITm
{145— | SpaceNet6 Ja2#EfR | SpaceNet6 SAR Ef% | [RIUEER
{£45 . | SpaceNet6 J&2%[¥If% |  SSDD SAR &% SIRERS
{E:55 = | SpaceNet6 Ja22F1% | HRSID SAR % | HIETH

SpaceNet6 £ 4i5 42 [F] B 43 1% O =7 BN SAR S8 PR 1~
B EE, I IEI8 SCIE B SpaceNet6 H1 622 KR AR
AR P, SpaceNet6 H1 [ SAR F{% . SSDD £ 45 il
HRSID #4853 iV A M PGE R (1) H AR . M SpaceNet6
Bl A b UL S DRI I 3R 1 500 XTI, O
XF AT B AR A TR IR S IR 73 1Y L
%153 .

SpaceNet6 J& LA Y Z RSB IRBHR L, RET 2
RS R et (Rl M) 5y AR AT 5T . %8s
FEA0 5 L X Y Capella Space SAR 3214 (X 7 B, VV/VH
WAk, 0.5 m 43 HE%) 5 Maxar W4 KR (2615 ,0.3 m 7
R ) 38 AT AE B 0 B 2S DL BE 5 AR AR Ao, B ff SAR 5
GBI AE 25 W] B 58 X5, I G i AR e A B AL
I AEBR AL AL B .

SSDD J2 T 1] SAR LA I 9 T R 4 L & oA ot
RadarSat-2 . TerraSAR-X . Sentinel-1 25 Z 15 T 2548, {4
1160 5K SAR IS 1 2 456 4 A 52 61, 3 2 8 ) 43
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PEE(1~15 m) WAk 7= (HH . HV .VV .\VH) K375 (G
Vg AR A,

HRSID &% 5 3 93 SAR AR AG I 51 S 431
BB S 05 5 604 5K 1 000x1 00015 % 1Y K15 1
16 951 MM LB, 73 HE 378 55 0.5~3.0 m, 5o & JF
ALV SS V11 R A A T LA (A A% ) , S F B AR
W S5 53 5 A 55
3.1.2 LBHRBERSHEE

WS HE T PyTorch HEAR BEATIIE , T4 SEIRTE
AR IR A R85 T SR A TN 2R AT . Br 2 3 2.0 4 il 5
BHH0.2.1.0, BAFH{E 6 B E R 0.7, EMA AL
S BA0% E N 0.999 6. FE RS I 1 7 2R FH 200 %
WKL 120 R A2 2 22 [ 7 4 0.000 2, )5 80 P&k
R R 0. Fr A B Adam P AR HEA T AL I|
S, HISBOZWR 7 B, B oM 0.5, 8, B E M 0.999.

Sk B AT R UM 56 T B O A S L 183
A3 SN R P50 TRIT B SAR H AR K I 5 5 J5 0 T B
SAR H ARG 5 4~ 2 i 4 2S00, 55 R ik b AT L
e, I PRI JCIE RS L T BRI, TR AR B
AT UGG IS5 8 H BRAGI 99 26 157 - H Ak SAR &
1%, BEATHERE IR, B PRA AT T A b 2
3.2 RIBEFMIRFEHLE

STV IR FRGE B S 0 2 48 AR R YRR mT Dok
% 55 18 B AR SAR BG4 8% 1 AR [A] A9 500 48
SpaceNet6, K 1] UL G AR A 4 /E 0 AR R 2B 2
SAR %, T HARK AT 55, 7 0036 3 FR A94T 55—

3 SpaceNet6 FFREIBHTHRER(EE—) %

Method AP Precision Recall Fl-score
I TR 32.1 42.1 36.0 38.8
DA-Faster™ 39.2 43.8 39.4 41.5
SWDA™! 43.3 445 42.3 43.4

ATE 49.4 46.8 49.8 48.2
HTCNE! 42.7 43.2 45.7 44.4
D-Adapt™ 49.7 46.7 45.1 45.6

CMT! 48.9 45.4 47.1 46.2
DAI-Net™*” 50.3 48.2 49.5 48.8

pMT™! 48.6 475 47.5 473

PCKT 53.6 56.5 50.9 53.5

3.2.1 S5EZFHEMIEER

R 9 RV SO 4R O VA A AME 5 A BRE AT BR
1T 1F F& AT % — (SpaceNet6 45 7] WLt El 1% 3] SAR &
B AT I, IT 5 YA R R SR T AT LA
BLRGE R3% 3 s . % S2 50 245 R = A 2 kAT
G318

(D5 HEETCER ki as R . I TE %

& A HTAT L6 R I 25 B AR a5 |, SR J5 40
T SAR MG, S4B HARFNIX I, 7T LA H 7R A
AT AT B IS I B0 T, SAR IR H b il 45 2R
H321% ,ZARWER T AT WOEES 5 SAR B Z [H]
FETEA 35 0T 22 5, R IR 2 ) 45 R i H]
T HARBUSCR I AR

Q) HHE TR RS0 BCEBT
5Fh M SRS HRIE B 2 ) I il R kR T
CVPR2018 ,CVPR2019 ,CVPR2022 . ICIR2022 45 3 4 %
AR 2B DA-Faster (Domain Adaptation Faster-RCNN) .
SWDA (Strong-Weak Distribution Alignment) , AT (Adapt
Teacher) . HTCN (Hierarchical Transferability Calibration
Network ) Fll D-Adapt, Hrp DA-Faster 38 33 X475 2% > 521
FRAEXT 75, 75 2 A #6:) AP ( Average Precision) A 39.2%,
SWDA J3 51l Xif 42 Jr 11 Jmy 047 ARG 17 50 X 5 R 55 %) 5%
P FD AW, SC B E BRI AP Ry 43.3% , HTCN J5 2R
Cycle GAN XJHT 2R 09 B /MBS R 922 7, e H
FRAS I AP N 42.7% , D-adapt 38 35 >R FH R [ 555 1 Y 4
fE XS 55 07 ¥ S AR B |, e 400 H bR £l AP
49.7% , AT £ tH 14y A 38 I 2 ) 0o 2~
RV 55 - K A0 398 R R fip A 40 22 R, HE H AR A I AP Sy
49.4%. "I LIF I i AR TG N R IK 5 21.54>
Aoy SR A 4 & 1 33N E A AL SR
S5 ARG 50 0F I 4 5 125 1 B

(3) HEGHINESS RN I S 00 . RIS Sl
PO LU T 3 R S AN 27 S I e iR R R T
CVPR2023, CVPR2024 % K 25 i i) DAI-Net, PMT F0
CMT, Hor DAI-Net 38 i ff P REA G 22 180 3 1 ke
BEARDCH A I, H AR I 384 50.3% , (H 5L T HFAE X
FF 7 V5 TN T 4 /N B TS S X R AR T
1y 5 ARk P01k B A il 45 . CMT {5 FH Oh 5 2 F0E
PO RARAL T GECRRE IR T X H AR BRI A5 2K
H HARKE I AP A 48.9%. PMT J5 i3 flf FF 28 i 70 ot 457
FEAE £ RHEAT 0, A1) ARG AP 2y 48.6%. 7T LA
E i BT AR A A B, SR Bt i) = A A
AT DL SAR R Z ] i MR IE RS A M A PR, 4R S
JrE LSy ik T B ARKIN AP R 3.3 .47 M50 H
g3 R ST REEOITER L 18 ST A D G/SAR
A B AR G I SAR H R 3, A R4 /N AT LG RS
FISAR U Z A B8k A1 Bt . R, 1 O AR 2 2 2] SR s
204 T S Y5O A PR 5 ) 2 2T B3 A R
X A g P s B R 4R 38 S AR Ty 12 4 E AR A
AP 53.6% , W AL T B A7 e 45 1% . R 2 Preci-
sion, Recall Fll F1-score 548 #1 L BB 8 & 1 18 SC 4 U7
S X OB A TR
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3.2.2 HRASEIY S8 I PRIAR B AN TR O ik AT 0 LE et X

N T RS JGISAR A Kl B T SIS YA, 18 SRR HY
TR g S RS A ) Ok AR S TTE R
F5 W 4t AT 55 43 f# (Progressive Task Decomposition,
PKT) . £ RUEE H#AE X 55 (Multi-scale Feature Alignment,
FDA) F1 B Il 2k T4 5 25 24 > (Self-training Pseudo-label
learning, STPL) = 5 W& , 52 8L DA AT D S 128 J2 (4] 15 3]
SAR U RIS , 2 ToAr 15 B 24 1F T #Y H bp
KRR . S T B0 B 5 5 125 25 B e AR [a] SR s 1 A7
M, 18 SCH) FH SpaceNet6 %885 42 1 47 ) P50 AT #8
(R 55— )T AR SC s, SCR 4 RNk 4 s .

R4 HBEBER

itk PKT FDA STPL AP/%
TRIC TR 32.1
N 35.9

N 42.6

N 347

PCKT N N 51.9

N N 393

N N 48.8

N N N 53.6

F U R bR 282 20 J2& 1 FH B AR AR 0 X5 H ek
SAR BEURHEAT#E AR bR 1, ifE— 25 2 e A 7 2 )
AR A TR0 2 X DR S BSOS B 2 SR
KE LI H NG br 2 2% 2] R ms 14 B AR AP
34.7% , K M PERESRTH T 2.6 1~ 43 45, 2B A YN G bhbs
B O RE R o4y M A2 4 S IR A i EE B B FE
PUEBRE.

[ REKE 20 B BEARGE RS L 2 ROBERRAEXT 55 . A
b2 21 43 0 Ur ) TR I 25, o fg de 35 4 T
H A7 46 T A RS I 555 L 4 PKTT 5 FDA 9 20 43008 H A
K %K 51.9% , PKT 5 STPL (9 5[] 2 > 2 5 H Ar ks
M K 39.0%, 1 FDA 5 STPL 414 i 89 2% > 3R N
48.8% , 1.3 W] Z2 Tl 35 W ] 116 I 25 1) P [ R0

W Ab, 33— F1 F SpaceNet6 045 4E [F] 5 1R 7%

Fo B, rhiEsEA E

H ) 35k

o I 45 SR A 52 e, S5 45 R AR 8 i, Hirh “Source
only” S8 AUR FH IR B i T WS UG AT U 25, SR I %
HAREL R SAR S HEA TR . Synthetic Augment # K115
5 Sl e VO — A R 3 i T B R IR B e S Y
G EMR A IR E— IR, SR 5 % B AR BEHR AT 4
I ; Synthetic Augment DA K 7= ¥4 I B8 5 G R
HEFE—E S BRI AT REXS 55 . S g0 ss
AT LUE G WA 00 45 Bl FH 7 3 ¥ 16 AN Tm) 72
BT B ARSI RE  F BT B 7 VA A U AR S, i
2 R Ay i i Oy 2 45 Tl e R W 5 A R — 2 ST HE
ENWNTIEEE €7 S niEikie

Comparison of MAP Scores Across Different Methods

55 53.6%

49.7%

=
P 35.8%
=

32.1%

Source Only Synthetic Augment Synthetic Augment DA Ours(Phased DA)

8 PGS Tl T 5 X A DI85 SR R 5 )

3.2.3 HERRATHRLER

J T A R B AR B AUR AR XS A
Fp ]S, YRR | b TE] s R A e AR £ TR A 4
LA 9 s . AT LU s G R MOk
22 B SAR KUK (9GS . SR, i (B KU DR B T R e 1)
SeAF R R AR R IR 0 T U Fn &5 4 Jr 48 5 B
PRIBAFTERR Ay 22 5% . RV, b a1 0h SAR EUSAFAE
R EIMG R SAR MG 22 1] i H [BIR 2, AT A by il
W5 B AR ] — A5 R BB B LA AT 5O 5
V4D 5] 503 it kg I A B 114 15 B4 55

ER7$:1

R 3R B AR
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S T AU BRI B AR ] 8 2 ] 3]
B, FRAT I -SNE R RRAE 0 A A7 AT AL R | 5 5
E10 frs , Herbg— . = A74r BIERR SpaceNet6 1] il
JIE14 5 SpaceNet6 .SSDD I HRSID SAR K415 FRE X}
FEHIE PR IE 0 AR 18 O, BEAT =108 1 20 591 2 7R Rk
Fp )R AR BERAE 20 A . AR 10(a) FIIE 10(h) BT LA
F A CE R ) B RFAE S0 A5 7 T sk (2 (e
TIE A5 FE BRI (L0 EARAE 05 Z 18] . 3@ 25 A ] &

-SNE Visualization of Domains

18, AT A 25 AR DAUBCRIT s o ] 8 X 5 4

K10(e) 7n T 22 ROBEFFAE X 5 B B P H
PRBRARFAE o0 A, 80 5 8 10 (a) XS LE AT DL Y 7R
fEXF 55 Z A, PRk H AR FRIE 2 A A AR , 4 73
B O MEREARAG . 18110 () o, fEHEAT 22 RUBE AR XS
FEIG RIS F AR A RRAE A A2 A5 SEAH I, X DA A%
DX g3, TSI T B 1) 22 JXEE R AR 368 57 T vk e 52 81
AN RISAFAE 23 A (A7 00 5

isualization of Domains +-SNE Visualization of Source and Target Domains

(a) P54k

(b) 1Ak

(c) Ftmik

10 BB -SNE SHAE TG 43 A

3.2.4 BENWNESH

3 W INAAT: 5548 2R X6 T i 2 7 12k 9 2 20 SRR
BT EEMER, A — 20 Rk X T A H A R K]
G 5T 5 AN Al 1) 5 AT R AR 715 R SpaceNet6 254

B (L 55 — ) BRI E S R A RS DLt AT T — dL R
RIARGE RS S 5, e 25 i A A 3 B NARAT: 55
RIS ARG 2 R 1 B AR 5 B

R LA, o B4R D7 AR B A RR S TR
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Il FV AR A1 22 6] B4 B R TSR HAS R, AT A5 A
] AP 3 8 AR S o 2 2T SSOR B R S 45 Rk T
PTT T A [ E A TR ARSI AR . [l
B FAT AR (BIACEE 25T D AR EL, Brde J7 it ]
RERHI AP $E i T L9 H 0 A

R5 NESHRNEERM

EH 0.8 0.9 1.0 1.1 1.2 PCKT

AP/% 49.8 50.3 51.7 51.2 50.8 53.6

3.2.5 PARREZFIHR

N T IER IR D s 25 SR AT RO L AR R T
SpaceNet6 FU i 5 (f1: 55— ) A7 2 AL 9256, i — 20 % L
3t F IR O bR 2 2 T Wi JS A vERE 22 7 . &l 11
71 OO BRZE S S 2 T 1 ST AE 74 YEE A P4 AT mIoU 5
b BRI, B 11 (o) AT USSR, 285 F IRl
P28 i B LA B 0 2485 SR 100 S S o JEE B SR B
B8 O0 3 2SR M el G 45 REAS SE VR HArT £ ARy 23

Box Accuracy

[EJRFAE A BRI T M R A AR . IR B 11(h)
JEAR T H IR D bm 2 5w X F0 A mIoU 1 A A4 (2 35
PETE. LA Y Lot PRSI AR IS i B i SUAE S
S H bR 523 1) 6 7545 B2 BH R i . S g bt —
YR T AR SCHT 4R v A% A AR v f 4 ARG 25 SR

TESLIERE I, FRATT i — 2 A UL 0 X D AR 4 2 2]
G PR 22 S 0EA T E M, SE IR 25 SR an ) 12 s
AL AR AEGE RS SR s I 2R kil 4 , % 5 bR
PRI A 7 503000 8 280 A B 1 O AR 285, AT S 35 1 T 5 00 A
HIMER PRI mloU F6 b5 . BRI L K 12(a) AXT HLES
P, 258 AN GREhhRas 2 I Ak Jm i w45 3, 7 8
FHE 2 ARG BE b 0 T 00 A, G0 25 B T I
e BARAY S [RIRRAE , 7 SRR T R R R A% . [
FERL12(0) &R T A I P bs 2 5w %t B AE mIoU 44
REMY B35 $2 71, Zead P bR 2524 >0 e Ak I (% 0 20 SR
55 R0 H AR 23 (R0 508G B I b £ 5 gk 1 O bR
B > v R A B VA B 1 ARG

Box mloU
—— Pseudo label
60 Feature Domain Adaptation
55
X
=
2
'é‘ 50
45
0ok T0K 20K 30K 30K 50K

Training Iterations

(b) X 78 {5745 £ mTou A

B Phbrgeey S BOeR

—— Pseudo label
65 Feature Domain Adaptation
X
<60
Iy
£
=
8
<
55
P
00K 10K 20K 30K 40K 50K
Training Iterations
(a) T E ARG 2 1 50
Average Precision
— 8=07
60 — 5=06
— §=08
50
40
S
g
S 30
20
10
0 0K 10K 20K 30K 40K 50K

Training Iterations

(a) XF FIARHGIN AR mAP B3R

Pseudo-label Boxes

30
— 0=0.6
— 0=0.8
25| =emes Ground-Truth
0=0.9
— 0=0.7

Number of Boxes Per Image
[

Toskora AR AR o
5‘/»/"(“/'

0K 10K 20K 30K 40K 50K
Training Iterations

(b) X T 2 SR 52 R

K12 BRI 0 RS
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3.3 RIBEMIATHIE

“ SRR E RS S5 2 4R VR S IR B AT I O 1A
1% 516 K BRI SAR R4k A R R B BCE 48 , Bt
FH SpaceNet6 1] WLICHLAFARAE 2 AR f HAE B &
Hoh SAR MG EHR A , SEIFREAR S E T 19 SAR B brks
MRS TR ER 2 IR i AT 5 MR 45 =7, Bk, 5
) PR AR AT RS AT 55 4 L, S5 V5 AR B8 04 Bk i RN v 2
k.

M SpaceNet6 i] Y@ &4 5] SSDD SAR K4 # AT
e Rk 6 s . Al LAE W, 5 RN T RS S0 5645
AT, SR AR RS 14 B AR B Y A R RE
B B, 1t 3 B S YRR UEE A 14) E RE E  F [R] JRA
WUTER . (H5HE Ty At BT iU T ARG i
KSR, 5 “ IR e B AL " SR A L, BT 4R T 5 11
HARKEI APSETE T 2144 E 5305 . BUA Tl ik (i 4
R5UE5— "M A 81k, DAL-Net 78 “ 155 — " 11 [F]
JERAT B Hh AR A T HAth 3 28 Ty k| (EL7E S UL
TR LG 245 H) T CMT A1 PMT, 22 WA 12 7 925 1) 2 B
FEARRME, T A N GRONAR 2% ) I ik RO A . S
AL A, BT HR D7 R G B ARKLI AP FL AR T 1
PETHT 2.6 EH o, LIRS R T 21440 H
S ARG b BSIE T T iR SRR B RCR
%6 SpaceNet6 5SSDD RIBHAIBIWER(EST) Hl:%

WiReS AP Precision Recall Fl-score
R TCIT R 29.4 31.8 335 326
DA-Faster 35.7 38.8 39.4 39.1
SWDA 39.7 44.6 423 43.4
HTCN 38.1 43.6 39.3 413
D-Adapt 45.4 44.1 473 45.6
AT 43.1 45.4 425 439
CMT 482 487 45.1 46.8
DAI-Net 452 477 48.6 48.2
PMT 477 482 48.4 48.3
PCKT 50.8 523 48.5 50.3

Ry 2 BRI SCHRE T kS R R B A
R FRATLHLUT M SpaceNet6 A 614 7 HRSID SAR [&]
B AR L, R mME TR, TLER, 5
SSDD H i 42 (1) 3T F5 5L 46 25 20, R 1 B ARG 3%
TR T FRIJR AR A 45 5, DAL-Net B9 W55 T CMT Fl
PMT PhbR 2% 2 HAR SCHE 1) 5 AT BH 8 ik 2k
T SEA R FR T I UE T A S A S IR 0
PRIER & HE S e
3.4 MIAEBERKENERETR

R T R TR AR SO VR W SEBRAOR AR TR S
SCHTHR 7 5 22 Fh 32 R 0T RS O 2 X 40 R 1)

F7 SpaceNet6 5 HRSID RFEEEIBILWER(ELKE) B %

ik AP Precision Recall Fl-score
BRECER | 317 32.9 29.7 312
DA-Faster 35.1 36.0 38.1 37.0
SWDA 36.9 37.5 37.8 37.6
HTCN 38.5 41.1 38.2 39.6
D-adapt 42.1 453 46.0 45.6
AT 43.7 46.1 459 46.0
CMT 47.2 48.1 46.6 473
DAI-Net 44.1 43.9 45.7 44.7
PMT 44.6 45.9 45.5 45.7
PCKT 48.1 47.2 46.8 47.0

AR 8 H b 4G 25 2R 647 nT AR X L, 5 2R N 13
7 . NP 13 0T LU, BT LG [T 45 AT SAR B8 2
[ 7754 2 35 09 B bR 22 55, DR O 0k 285 A5 25 TR
ER R TR . WA RRAE 22 R 5 B DA-
Faster J7 1% W i % 1 A6 58 55 0, D-Adapt 38 3 1 71
FHE [ 3 0 e e AE R T D T A (R Dy T AT
o 0 5 I N AT (AT ) 38 0 58 | 55 REAE X 5% 7
T2 20 A I SAR Bt iy S R AR AE , #1255 T X SAR %%
P s B A2 08 , B ur Ml T IR A LR . DAT-Net it if
FI T Retinex B8 FE MO AZ MRS mE $2 55 1 B An kil
AR [FRE CMT A PMT A R0 A A b 10 &l v i A
FOEL L HGSR TRz ARRE ) R EW T RE . 52
A EE , A 3C 7 35 PCKT (Progressive Crossmodal Knowl-
edge Transfer) %} H PRI 2R R 2 S5OR I 6 2R 4% T
B 1 W ST Wik 1 i 2 B Be R S
A B

NP BRI $ 07 1: SE PR ASCR 8 PCKT 5 28 4
B4 T R 3 H R A Jy % CRAR AT HLER , B R T4
P gt v A T A S 0 B d DU DU 25 | ek ik an
P SC Y 1H B % (Cell-Average Constant False Alarm
Rate, CA-CFAR) . W Z: U fH Jf % (Two-Parameter Con-
stant False Alarm Rate, TP-CFAR) . ¥ B Bt fH B % (Two-
Stage-SP-CFAR) %5 , SE 90 45 RN & 14 it s . nl LA HY
ARG I EAR LG, 18 SO $ 07 12 3 00 T 1 M Ry
PRI PERE , ORI ik 2T R, e SRR A
125 M R A 0 /b L SE e DA AT IO IR B SAR (5]
B 5 B BRI HGERS L T o BAR S E & A5 {5 5L
B WGE TR I B R R S e AT BT BB
GUDE

4 £t

BEXF AT DLOG S SAR P52 18] S 35 AR 25 22 S 2 i)
T R ROCR B R, 18 SO T — Rl 4 B B
WIS AN PR IL LR SAR EZTC B 19 H x
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HIPCKT A& R ; [ 2 (UAEF R IE B Ik B A F s i (MBEBH IR ) 2 EAE s T sl (AL e )
F13 BRI IER F A Il 4 R nT A

2 I E 1R 435102 SpaceNet6 .SSDD \HRSID Al 5 5 s 4447 A2 B 47 43 BilJ& HL30hR 1 .CA-CFAR \TP-CFAR \1S-CFAR . Two-Stage-
SP-CFAR \PCKT 454 ; ] Hr R (A1 2 7 T A0 I 3 (U AE 367 2 (MR B 0 ) (0 (0 HE s s G (A T ).
K14 51550

For A . 3 Ak A Ol A Sl v ] S —S AR B A
AT BAELE , Beit 1 2 ROBE R IR RS SR8 e 5 AT
55 PR AL, ARG T RS S R R AR A3 AT 22
5. I HUNZRONAREE 2 2] Sm , G2 i B ARAS I 25 X6) 15
BB B R B . i Je , A SCR)H SpaceNet6, SSDD Fil
HRSID S5 445 45, IF R 1 W] PR PRI 3% 1 53 U5 R IRIE
R SEYR 0 E . 25 R R W] A SO 7 B S A 7 10
Hpnfailveae . 78 I B, Bt i) 2 B Be i iiE % ok
WS B . 2 e Bl TRD AR X6 5 A80RE | 4 1 1Y 22 RO AR AIE
X5 SR AT S TN H PR A DN A B2 3 5 ¢-SNE A] 4
AT TN SAR H ARS8 AT UL G B 4R 1k 43 A B in
RE A INZROL SR 7] 1 P BR % mloU KM 2 71 .
W, T4 5 v A AR DR R A A3 A S5 AR 7 SAR IR
fif PRI BB AL T A R B S
S 3k
(1] PhEREE, BXHESER, Uk, % . LT IO MBS A & N 5L
PUBEAE S5 R 5T JR (7). vh I RL 2 BAR B, 2022, 52(1):

26-54.
SUN Q Y, ZHAO C Q, TANG Y, et al. A survey on unsu-

pervised domain adaptation in computer vision tasks[J].
Scientia Sinica (Technologica), 2022, 52(1): 26-54. (in
Chinese)

A, M, TR . SAR G AL ARGk f2 ],
TEIRZAR, 2020, 9(3): 497-513.
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