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Abstract: To address the susceptibility of Synthetic Aperture Radar (SAR) target recognition models to

overfitting and their limited inter-class discriminability under few-shot conditions, this paper proposes a few-

shot SAR target recognition method that employs collaborative learning of visual and semantic features. First,
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given the limited visual information available in SAR imagery under few-shot conditions, a semantic
information construction method for SAR targets is developed based on a “generation-encoding-selection”
paradigm. Class-level semantic prototypes are then constructed from semantic prior information to capture
target-class attributes and complement visual features. Second, a dual-branch collaborative learning network for
visual and semantic features is developed to extract more discriminative class representations of SAR targets. In
the visual branch, the Pearson correlation matrices of the visual and semantic prototypes are aligned, to
transfer category-related information from the semantic prior information to the visual branch. A dynamic
quadruplet loss is employed to optimize the network and enhance the discriminability of the visual features. In
the semantic branch, optimal transport theory is introduced to refine semantic features using visual features,
thereby improving their discriminative capability. Third, a weighted decision-level fusion strategy based on
instance-level prediction confidence is proposed to achieve robust SAR target recognition by jointly exploiting
semantic and visual features. Experiments were conducted on the standard and extended sets of the MSTAR
dataset, as well as on the OpenSARShip dataset. The experimental results demonstrate that the proposed
method effectively exploits the complementary strengths of visual and semantic target features under few-shot

conditions, leading to substantial improvements in both recognition accuracy and robustness.

Key words: Synthetic Aperture Radar (SAR); Few-shot target recognition; Visual-semantic collaborative

learning; Cross-modal feature alignment; Optimal transport
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Fig. 1 Visual-Semantic feature collaborative learning framework for SAR target recognition
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infantry fighting vehicle;

tracked armored combat vehicle
with dual-side metal tracks;

a medium-caliber automatic cannon
and a coaxial machine gun mounted
on the turret; a square armor
layout with a slightly raised

top;

six pairs of road wheels.

wheeled armored personnel carrier
with eight wheels;

small turret integrated with a
machine gun;

a small hatch is respectively
arranged between the second and
third pairs of wheels on both
sides of the hull;

amphibious capability and
propelled on water by a water-jet
propulsor mounted at the rear of
the hull.

heavy tank with wide metal tracks
for off-road travel;

main armament is a large long-
barreled cannon, with a coaxial
machine gun mounted on the right
side of the turret;

six road wheels and three carrier
wheels on each side

wheeled armored personnel carrier
with eight wheels;

ring-mounted machine gun rack is
installed on the roof;

amphibious capability and
propelled on water by a water-jet
propulsor mounted at the rear of
the hull.

tracked self-propelled artillery
with dual-sided metal tracks;
main armament is a long-barreled
howitzer;

a turret slightly extending
rearward;

featuring tank chassis
characteristics but primarily for
artillery support;

seven road wheels on each side.

BRDM?2

D7

T62

ZIL131

750234

wheeled armored reconnaissance
vehicle with 4x4 drive;

two sets of tires at front and
rear;

a light machine gun mounted on
the hull top as main armament
with light armor protection;
featuring reconnaissance and
light defensive characteristics.

tracked bulldozer with dual-side
metal track propulsion;

a large dozer blade mounted at
the front;

featuring a tall and sturdy hull
structure with the cab positioned
centrally and slightly rearward;
characterized by engineering
machinery traits.

heavy tank with wide metal tracks
for off-road travel;

main armament is a large long-
barreled cannon;

a coaxial machine gun mounted on
the right side of the turret;

five pairs of road wheels.

A 6x6-driven military truck ;
featureinga angular cab

positioned behind a prominent
hood;

the front of the vehicle is
equipped with headlamps and rear-
view mirrors,;

the rear houses a large

rectangular cargo compartment.

tracked anti-aircraft combat
vehicle with dual -side metal
track system;

four automatic anti-aircraft guns
mounted on the turret as main
armament;

with a tall profile;

featuring tank chassis and anti-
aircraft combat characteristics.
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Fig. 2 Manually Designed Standard Texts for Each Category in the MSTAR Dataset
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A (AN PIRENT RS, A Bh T AERRAE 25 () T B R K 3
gk, fRHERE &, B E SR

L = max(0,d(z;, zp) — d(zp1, Tn2))

Luad = Lqu + Lirip (8)

:/H\:EP ’ Ltqu?%i‘_\‘@ﬁéﬂlm ’ LQuad%%ZT—\‘;TEA%E/‘J @ﬁéﬂ
k.

2.2.3 BRI ZHISEBE

ESARKEGR HAR WA M4, 43t A&
@y T G FRFAE AR B 208 K JE LS Dy s 4E AR A 17
Foss BEJE, R AIEREBERFE Wi X %RFIE
BEATERAEAR e LA S Logits, i A B 2 )5 IE
i Softmax PREC H AT I ALEL, 15 2] H by
ST TR o A1, B
Zvis = Wifuis + b

exp(zk

ViS) 9
Z exp(zzis) ( )

ox 30915 2 BB 70 3 H AR I3 1 T A8 2R 5
A, RS G 1 0 SR BRI BE R A BEAT B &0
B BB ERA R RE R A7 SCUNTIE T 37

Pys(y = k|z) = Soft max(zys) =



Fx

ARG A JE T AL 0E- T8 SCRFE PR 27 21 D REAS AR H AR R 7

INBURAE Ja SR IR o IR 7 ST 50 RAFR bR R L
XN

exp(z\’fis) (10)

og | —=——
Z exp(zfris)
J

BEN(B), (8)PAK(10), MLHBRFIES: > 5 K
R R ELLY, I

Lge:_l

=k

Efotal = aLlgrkp + bEQuad + Cﬁge (11)

as by cAFEMIRIIBE, ELRAa=1,
b=0.02, c=1.

2.3 ETRMUEMINAREMK

(Al A CLIP 3 #2581 KRB B 2R 0 2 R —3C
ASFHEAT TN ZR, RAFTSARBAGHLERA H b B 5L
STPRFPE AT B PR A, BT AAR ST I N —Fh 2k T i
Pl A% (Optimal Transport, OT) B2 5 A RFAE
X FEAL R G i b3 1 PRI SRS 22 57 5] S )38
Fe o ZALHI LLSEFRS ARFEAS T AR ) 03 Jis 2 S
P, I A R AR A AR UL L OC R Al THSAR ML
I3 A5 CLIPAE AT Z A IR R OG R, R Ao
Brh O HOE B T REEFSIE R, 5EH
P2 R S ARAGE R AE A CLIP SCAKFAE % 55— SUH
bt, TR A 2 TR R de AR A o VR AS RIS DR B 5 E
FAERG 55, AT PR R 2448 S SARBUS HLEEAS—
= AR ERILEL . SURFEIR, FRZEMIRE T
JR GG SCATE LR IS RN ThRE S ae, G T i SR
R SE A A/ DA A T AL SR o

BART S, k5 2 B REE £ F0 B bR
JR A PP o B S JE SR BAE A A, R S R
PLSERFAEAT H AR R AN f F Py, 18 S B

B X ERICN P, R )5, THEBUR S R 5 4
P SR EE R P 2 AR FE R . A T IHBR
REES M, K R5ZIE EE AR, RNHRE
C;e R 5E SUN:

Pgt ) st
EAIE:
i i=1,2, M (12)

Horb, MR R .

PeA, i Sinkhorn FEPITH AT Bl B AL AL M
FERE T, MHRZ AR RE X R 4G B AR R P 34T
ARG, AEHAERRIE 2 (R 454 b 5 3O R A
1 3 = X5, B

Pvt

aligned

C’ijzlfcos(Pvit,Pg):lf ,

== T* . PVt (13)

e, CREET B AR R A8 A At =
A ReLU ZH ARZ LT 22 M 2% F o SRERHRTE SR Y
B IET, PAESRAZ IR S 58 3L f5 b
& 7 BRI RE R Py, B

Pcsalib = PS + FICS(R;iitgncd) (14)

FEACAGTE SR AL FERE b, A SCAETE 3 A o
WHINT HEXT LR, B 7R S R R A SR A A
ALLFRY P A5 R AT R S 2 1 32 ) o g id B R T
PR TE (TR

1
2t PO

. o exp(z; - 2p/T)
pEZP:(i) ’ Z exp(2i - 24/T)
a€A(%)
Hr, ORSAHTBatch PHEARSI K G, 2z480m
FEAR e B I A — M Ja AR I &, P(i) R
SRl B — A KR EREA A, AR5
FEAR AR AR REAS, b R B2 AR 5
HEMG D SZH R RN, 15 RN E %
AERLR S (4 I R R A E T S Logits, 45 24 ) 7]
Bz, REHN Softmax H—L1GH 3 RER, H
Xf N FR) 73 A SRR RAC N L5, & AT

£SupCon =

(15)

exp(zF)

og Y
> exp(z)
J

W SR EAUR R B LY IR T
Listal = dLsupcon + €L, (17)
dfl e R MIAE, TEIZR d=1, e=1.
2.4 RIRK
WZRE R
Etotal = p‘CZotal + q‘ctsotal (18)
Hrb, p MU g 53 9 227 P T5L 45 2K oR) HR A A EE AR 4
PR FT, WE p=1. ¢=2. HTIIZ%EER
AR, 55 ST RESE IR A 245 B X A
B, DRI B R 75 BB 22 s (ORI S 73 SCHR A R S B
FR. BHEMEARMBIY K, M SCReS 3RS 5
hnze sy BEA FU I R AE R 7, DRI TR A 10
N op=1. ¢=1, PAMGRRALAE BT A0t AR 1Y
TUER, AT 3RS EE AL AR A M R
2.5 FNASIMNAVRR RS
N T AEHER AR T 78 20 R AL AR R 5 3 SRR
i, AR — M aha BAS B MALHL S (Dynamic

Li=—1
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(gL

H15%

Confidence-Weighted Fusion, DCWF) %%, HnJ
BT %00 SIS0 e BAG AR 27 B 3 SR B0 1 S 45
R TTERBLE
WY, ZRBEB S AR BIETIEESR, Y.&

INTE X SCAF RN RPN . FEAR R R BLAE 1S
43S S A EIT

Svis = max(Y,)

Ssem = max(Ys) (19)

N TG R AN R 7 SCRI PRI A 2R, AR
SIS R RPN R/ A R N S Y ERR 7S ORI R R
U Z A1, AR T e B 3 0 SO KR SR b
fIlES, AR IR EEE D IR RE R

L= Svis
Svis T Ssem
Ssem
n=—1——— (20)
Svis T Ssem

2 )4y R Pkl g AR 518 SO 73 ST
N6 TR A 6 1 5 15
Y}inal://f‘yv"_n'yvs
g = argmax(Yinal) (21)

Horb, gROSFEA BB T bRZE, argmax(.) R AF
AT RO R iR K E T E MRS, IRk
TS S foe 2 IR 5 e ot (R SR A AR 25 o

3 LWHERS5HH
3.1 HIRESITERE

N6 AIE AR SC T T VE R E Ao, A SCR A
MSTAR##E 5 PRI OpenSARShip #riE 451 i
T2 MR MTSEIS . MSTAR #5045 5 1 55 [ [H [y
A AR R A ER R SR = B ), R E SR
i WY SR SE 6 = R AR, AESAREG H AR SR 5
FOEVERE VR AL 1 L vE RO AR, JRIEE 10 Kb E
HHW, BREBRYOTAFR T AT
SARKIE, Hot2xEMG AR KIS ARG n K4 Fr

BTR70 251 BRDM2 BMP2 7ZIL131

e ZHRICHR[36-38], AW T A LI —2d%
HERAR £ (SOC), 12 HUIHA A1 17° 1) EHEAE Al 5
£, A A L5 EHRAE NI ER , Bl 4R 1 R AR
BlE Ve, “AMSTAR [ EOC-1 ¥ J& T4k
AR, HE ARk U AOY 7 170 1 BB )
REE, A 30° I BB AR R AR, RS R
AR E TE N L2,

OpenSARShip #4528 SAR EEMEM
H bR R ARG A R BSR4, HOk %1
G R FISAR MG W5 T 7R« OpenSARShip%L
PEEER FH Sentinel-1 TR R EAZ 5 H iR R4
55 AT S B RS E X 55, $e 4t Tk R s B
FEV AR Z AL RE RO D) o B AR A
PRTC B A3, AR BUH b i LI = AN 200 (1
TR BB AE A GEAS) I R PR AR 43 BT SE 5

AL D7 VIR SR F 3 LA Al T (Ad-
aptive Moment Estimation, Adam)fltfb5 %, Fr
A 1Al SEIG A ZE R 44 NVIDIA GeForce RTX 3090
Ti GPUMI RS 2% Lit47 . IBMESAR B bRiR A 1%
AL 7 B, A E e EG T EET R
T2x 2B R LAH R R BE, N
FEARY 5T MBS 2 e, i — 2 B AT
64x64 B ZEMBENLEEY . fERA IR d, it
K/ (batch size) BB N64, 2> FRBEE H0.0001,
R IN A B0 B oN5000. A BEARBENLIAGE 10 K FE
ARBEHLRFERT 256 45 R, AFHLIRAEL0 A
FBEHLFF (1111, 2222, 3333, 3366. 4444,
5555+ 6666+ 7777, 8888. 9999) N/ EHEIZ
17, FEX S TS, A, eI T i AL s
(13 E AR AT, Sinkhorn IEM RECH
0.05, fFKIEARIRE N0 . AL,
PRGE 53 3518 53 SO0 A R TR A 43 5 BN
1FI2. %FF MSTAR ¥ & TAE% M4 (EOC) £ di 4
MOpenSARShip##E4E, A& RIIZrbe AL L
60, 1E S S I R A E 21 B N 1

T62 D7 BTR60 T72 7ZSU23/4

7E: BTR70. BTR60MNZERRE %D, 2SUNFREE AT H504E; BRDM2 AR 0I5 4:; BMP2NABOE R4, ZILISUAFREER %

T62. TT2RFABEEMIATE: DTYSEEMELN: ZSU23 /4875 B A7 m M.
4 MSTARHHE G v b [ 42 H AR 006 5 UG S AH LS AR A

Fig. 4 Optical images and corresponding SAR images of ground military targets in the MSTAR dataset
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ARG A JE T AL 0E- T8 SCRFE PR 27 21 D REAS AR H AR R 9

3.2 BIRIHAMREXILE AR
ARICFTHH ETEMSTAR SOC 4 11

#& 1 MSTAR SOCHIEEMIFMGE
Tab. 1 Detailed setting of MSTAR SOC dataset

251 WNZRREAR(17°) DRRE AR (15°)
BMP2 233(9563) 192(9563)
BTR70 233 196

T72 233(132) 196(132)
BTRG60 255 195

281 299 274

BRDM2 298 274
D7 299 274

T62 299 273

ZIL131 299 274
7SU23/4 299 274

% 2 MSTAR EOC-1#B&EMIEMEE
Tab. 2 Detailed setting of MSTAR EOC-1 dataset

2551 WFEA(17°) WHaURE A< (30°)

281 299 288
BRDM?2 298 287

T72 233(132) 288(132)
ZSU23/4 299 288

-

P PERE IR ARI RSP~ . R LSR5, 750
FERZAMT, MBI ZEASGR 20 5,
AT VERI AR 294% LA R s ks FE IR ). RN
BTR605BTR70ECATE L EA “)\4e7 “d%
Fighy” A P ” 3R g, BRI =3 1iE X
JR B BE B A X R . ABAEARDREARZZAETR, WTHT
o3 A 35 R MEARE AR A A PR A5 B SR R . Bl
FEASECER N, A58 L 50 R PR e A B B A 4 5
AISE, RANE[AR SV T =2 R B AME
1S3 78 9 K%, HIEBMP2. BTR60FBTR70%:
GHREIR AR T EH R MR T, RARIEKSH
LA e bRt — 20 W 1 2010 P e T 35 1 1)
. b-shotZ&fF N, BARUENIR NT3.06%, 1%
S B R AIF LE 2 3871 72%M171.37%, it B
SRR 252 B SR N N TR, T BMP2,
BTR60MBTR70% N M2 7 BFAK T 21348 bR o
BEEREARBEINES0, SRR, 2P H 0
HFFUE 5 9k 398.52% . 98.32%4198.33%, =
TR 2R R AG /N, RHPTIRTTEE R m A
PEREI R, T 68 T A [R) 2090 2 18] R 1Rl 32
i

fEMSTAR EOC-1## 4% E il tEgetn ke
MFRTHR, SR RINGRE AL EIL R 200, &
IR R 1% . R 2%
L5 MR A 22 005, R M Re Bchn ifE
TAREAE TUEA TR, (HEER R E KT %
GEIRRE, I NG R — EFE R RN
AR A 5| R 1 E AR RS S50 SO R E S, M
T R AR RS e AR 240 BRI e Sy Az 4k
PERE.

%< 3 OpenSARShipHBRERIFMIEE

Bulk Carrier Container ship Tanker Tab. 3 Detailed setting of OpenSARShip dataset
7E: Bulk Carrier NELHEMY; Container ship AR MY; Tanker A HEMT . 5 WZREAR TREEA
Bl 5 OpenSARShip K5 AH B AR EHR KAL) Bulk Carrier 120 218
SAREI&
Container ship 120 218
Fig. 5 Optical images and corresponding SAR images of target
ships in the OpenSARShip dataset Tanker 120 218
# 4 MSTAR SOC HIEE EAEIHAKE T ZLIRGERE
Tab. 4 Recognition Accuracy of Each Class with Different Sample Sizes on MSTAR SOC
Class 251 BMP2 BRDM2 BTR70 BTR60 D7 T62 T72 ZIL131 ZSU23/4 Average
5shot 67.63 51.79 81.06 56.43 51.85 80.69 78.28 85.66 76.57 87.26 73.06
10shot 84.89 70.41 94.12 69.34 74.05 90.26 94.18 92.14 90.22 95.44 86.67
20shot 92.59 87.38 98.61 89.59 84.87 97.30 98.17 94.49 97.12 98.50 94.48
30shot 96.13 91.69 98.54 94.74 89.44 98.58 98.64 98.37 98.54 99.31 96.77
40shot 97.77 94.26 99.34 95.92 93.03 99.64 99.45 99.34 98.83 99.67 98.00
50shot 98.50 95.85 99.64 97.55 94.10 99.49 99.30 99.49 99.60 99.67 98.52




10 CEEEICESY

H15%

7E£OpenSARShip 4 4 F (13- P Be i s 8 1
KON HRFMLIEE R T LLER], 1E& 205
H AR AR B 200, AR SCHT R TTIEATIE 3071.30%
RS B2, FERER H AR R A 120 FEA 1) 3 5
i, ARSCHTIR T AEOpenSARShip £ 4l 4 FFT A
H AR K7 R A BE AT 117K 78.93%

N7 ATV TR TR AR S, ASGERC T —
i sk BAARR MR 0 SAR ATR BEAUEXT
tbo7ik . FEMSTAREIE A R th7 ik ds:
T A B 5 ST HEZE M 73 2K N 4% (Semisupervised ) 1)
G546 77 LA AE P ER SE 58 R R 1) 43 2R 4% (Probab-
ility-Designed Network, PD Net)*, 255 B4
PG B TR AR T B3 S EEAL [ 44 (Dual-Branch

% 5 MSTAR SOCHES LT RHAKETH
F1. acc. recall, precision
Tab. 5 F1 Score, accuracy, recall, and precision under
different sample sizes on the MSTAR SOC Dataset

REAEL F1 acc recall precision
5shot 71.37 73.06 71.72 73.18
10shot 85.40 86.67 85.50 86.25
20shot 93.84 94.48 93.86 93.97
30shot 96.41 96.77 96.40 96.52
40shot 97.74 98.00 97.72 97.79
50shot 98.33 98.52 98.32 98.38

% 6 MSTAR EOC-13E&E EFRHAHE T & LR EHE
Tab. 6 Recognition accuracy of each class with different sample
sizes on MSTAR EOC-1

image reconstruction and Subdomain Alignment,
DBRSA)™, Gl NEEIMLFEM 2% (Dense Cap-
sule Network, Dens-CapsNet)*, DLk 2 2% &5 K4t
B R AIE Rl 2% (Multi-level Structured scatter-
ing Feature Fusion Network, MSF-Net)*, Ayt
— B M S BXTSAR B AR RANFIVER, ASC5]
ARemoteCLIP*/F1GeoRSCLIPUHE Xt Lt 77
RPPIR TR S s g R gl B £A TN LR
SCHR, $RH SR IIMSTAR-SOCHIZR4E . Re-
moteCLIPHIGeoRSCLIPTEMST AR #(#i £ L ()11
PEREARNT AT IR, 32 R PRE T P 2880 DAL 5
RGP RN T, MR 787 L SAREL
SPRMIE 5 20018 SCZ TR0 N R FR o 30 EE SESS:
L RINZR 107 o

fEOpenSARShip##fs £ b 9 xF HE 7 ¥ 47 -
gE A& U E A Swin Transformer FH T4 2 1) K 2%
(Swin Transformer with improved Blind-Spot net-
work,STr-BS). [FFEGI AN TE AR B BE4T B 19 ot
I %% (Semantic Data Augmentation Trans-
former,SDA-Tr)0, -2 W B 5% STHE SR 1 73 25 Y
% (Supervised) "), FlE CNN FRER NS &2
5207 (CNN+Matrix) P, DL A 2 5B
TR 12 4 o R 2 B 15 B B8 7 KM 2% (Unsu-
pervised Data Augmentation-Absolute Log-Likeli-

7 8 OpenSARShip#1E&E ETEHREAREE T & L HIRBHEME
Tab. 8 Recognition accuracy of each class with different sample
sizes on OpenSARShip

Class 251 BRDM2 T72 7ZSU23/4  Average
10shot 96.08 92.13 79.90 71.98 85.01
20shot 98.19 93.34 90.42 82.99 91.23
40shot 98.75 95.99 93.61 84.72 93.27
60shot 99.13 96.27 94.41 89.93 94.93
80shot 99.10 96.93 94.44 91.84 95.58
100shot 99.10 97.28 95.14 93.26 96.19

Class Bulk Carrier ~ Container ship  Tanker Average

20shot 71.93 65.00 76.97 71.30
40shot 73.99 69.68 80.60 74.76
50shot 74.72 71.47 81.01 75.73
80shot 7775 73.94 81.65 77.78
100shot 79.08 74.72 81.15 78.32
120shot 78.85 76.97 80.96 78.93

3 7 MSTAR EOC-1¥E&K ERRIHARETH
F1. acc. recall, precision
Tab. 7 F1 score, accuracy, recall, and precision under
different sample sizes on the MSTAR EOC-1 Dataset

& 9 OpenSARShipHiE&E ENEHEARKETH
F1. acc. recall, precision
Tab. 9 F1 Score, accuracy, recall, and precision under different
sample sizes on the OpenSARShip Dataset

REAEL F1 acc recall precision PEARZL F1 acc recall precision
10shot 84.84 85.01 85.02 86.40 20shot 71.25 71.30 71.30 72.04
20shot 91.23 91.23 91.24 91.97 40shot 74.68 74.76 74.76 75.02
40shot 93.27 93.27 93.27 93.79 50shot 75.73 75.73 75.73 75.93
60shot 94.95 94.93 94.94 95.24 80shot 7.7 77.78 77.78 77.91
80shot 95.58 95.58 95.58 95.76 100shot 78.33 78.32 78.32 78.51
100shot 96.21 96.19 96.20 96.38 120shot 78.95 78.93 78.93 79.11




% x PRV SE . T A0 SURFE B R 27 2 i) D REARS AR H AR R 11
% 10 MSTAR ¥#R&K ERXSLERIER
Tab. 10 Comparative Experimental Results in MSTAR
Method Semisupervised PD Net DBRSA Dens-CapsNet MSF-Net RemoteCLIP GeoRSCLIP Ours
10shot 80.88 83.73 77.36 80.26 65.54 86.67
20shot 92.62 93.00 92.95 85.48 94.48
30shot 94.63 92.45 94.56 87.05 96.77
40shot 97.11 96.50 98.00
50shot 97.58 97.61 69.97(total) 76.00(total) 98.52

VE: 22 PO NTRLB (8 7R P A< 2% - 3 U

hood Estimation,UDA-ALE)PY, XfLbseit &l $an
FKI11FTR,

MEA-RIP SIS RATLLE H, RSO
EAEMSTARMIAR #ELE AR R4, BL X OpenSAR-
ShipB¥E s FAFFEAR R E NS T Hr
PUNTERE . R RTEFEAR SRR T, A
B4R 7 e B B . AEMSTARBUR S 424
HARLOMFEAR AT T, A SCHT 7 15 B IR AR B ik
F86.67%, LRI RN GEREH2.94%. 1E
OpenSARShip 4 4 1528 HFR 20 FE A %1
T ARSI VE R R B R 71.30%,  Hhik Ak
Jrikm9.42%. LIRS R HRE, AR
VEIETE 51N T R RS B A S GE TR
A TFSAREUE H bR RAE RS0 M, T 1h0E T
AR DFEARS AR 5L iz AR 5 IR &
W

3.3 MATHEIERAYME IS

N T BAEA SCRI iR SCAS R I HE U (AT 2, A
T XNZBEI B T A RS . N PRIESE
AR B N LT VAR AR SO BT i ) 45 4
¥, AAE T8 SCRRIE S L ) SCA K 32 77 X B A i
Ao BARME, SERRM T MRtk — &
KL SN B SCAR 5, BRI SO A
B RIBRAE SR, TR ARG IR R R A
JESCAS, BIBEATLA S AR S5 3 S R KRR A i
A, ANBATARTTEL . PIRO EE T8 2 SCA
#2238 i CLIP BEAT 0\ 25 i JF SR B8 DA 2 S04
JFA . SRS R AR 12PN

HIR12H SRR T LLE 1, A SCHR ST
AT HE M BRAS 1 e R R, T AR % 4t
ANTBH AR BRI 2. SIANKIEFHAE
LA 75 SRAE R RS FE B 250 T N TR 3
A, AT EAIE B ORI 5 R0 A Bl A SCAS T S B A S
WIRFE MRS 52 X o Bk, Gt AR SO
HED T8 ) 1 SCABS 7 58, FLAETA R T BEHL L
ASH R T3 i IR B A S i 4 i a1 DU £ 2K

# 11 OpenSARShip ¥#EEE FRIXILLSIGLER
Tab. 11 Comparative Experimental Results in OpenSARShip

Number of training samples

Method
1-49 50-99 100-120

SDA-Tr - - 68.87(100)
STr-BS - - 68.56(100)

61.88(20)
Semisupervised 68.67(80) 71.29(120)

64.73(40)
CNN-Matrix 72.86(50)  75.31(100)
UDA-ALE 73.75(50)  76.25(100)
71.30(20)  75.73(50)  78.32(100)

Ours

74.76(40)  T7T.78(80)  78.93(120)

T RAIH BB RO AR R AR S0 T B R iR A 1

& 12 NEIZARANRAER R
Tab. 12 Recognition Accuracy with Different Text Strategies

Strategies BEALSCA LB i 136 LA
5shot 71.18 70.93 73.06
10shot 85.65 85.28 86.67
20shot 94.52 94.31 94.48
30shot 96.12 95.92 96.77

Ve R MM BB AR R A S0 T 0 e AR

P, BRI ZHE N A S Re e o e o L . W
EAHHEISAR B AR 1 R E S

AT E R SCAR K (S K kit T
SIS, IR KR E N2, 3, 4, LGSR
RN NSEIRTLUE S, 408k (R B 0 S0 AR %L
NS, BAS R T R SLREER . NHER)E
MRE, HIUXFESERGRRET: —JiH, 43X
KB/, FTERREURTE SUE A 2 A4 T %)
#EHFRE A B, 18 UE BRI 52
HBoEE AU, MCABE 2R, @A
TR R IR T A4S R AE S 8], A
T EAANEE U B X a1, SR RE T %
BG4 7 SCAS B AN [F) I & AN 2 501 )18 SR 7Y
KEFE, W UE BITESCARSE N3, % ME X
JE I 2 [) R IX 43 P F K



12 K AR (R D)

H15%

R 13 FEINAHEHEIELERITEE
Tab. 13 Experimental results with different text counts

FEASL K=2 K=3 K=4
5shot 70.79 73.06 70.64
10shot 85.05 86.67 85.05
20shot 93.80 94.48 93.67

T RN EUE R M REREASE AR 1 s PN L

3.4 JHRASE

N T IRNGI BT BITHE 7 32 o 25 KB R AE D A
AT X HAR ARSI TTER, AT AEMSTAR
Bt ERREARBE NS, 10, 2050F T T EH ah

FHR 4P SLIe gt nT 4, MRSt A, %
FRFF0 I H24.91%, 21.06%F111.89% F 1k A4z
Fbs 0BT SO B 255 1K 2000 96 &R T DO AL =
(S BEAR XIS (A RS M S50, FRARH PRAE A IS

AN 1.46 1.41 1.67 1.49 1.39 1.27 1.39 1.70 1.3
BRDM 2 1.161,12 1.37 1.65 1.42 1.71 1.37 1.56
BTR 60 -p%it 1.12@1.21 1.71 144 150 1.75 1.49

RN 1.52 1.38 1.74 147 1.33 1.20 1.35 1.70 1.33

1.5‘21,(!8 124 1.60 146 1.59 1.71 1.40 1.56

.70 148 142 1.76 1.46

FRIGZE AR IR B S N DY R R G, A
B AR E27.19%, 24.52%M13.95%, FJ90Y 04
7 R L4 240 o R S AR 5 TR e 7 A A 2 i) f AR G
B, Aefg [FR RSN R A R A o, X b
FEAR AN R H0 28 12 SR 1) 1) BB B e
TER . BB NEtARSia, R 5l mi25.53%,
21.66%A111.93%, Ut BHMRYES ARML L 5 24 43 A %F
CLIPHE SRR HEAT H & N ARHE, 7] DL &Rk
SRS ZR1E 5 SAR B R HIUR R AL 2 18] AR 2
W2 o

KEXFFE ARSI, #EfRIA
$169.86%, 85.13%H193.78%, & TAF— Bl e,
T N A R 2 R AR EREEAS TLAAT AN 2 T
SPARFASAE 25 R AT A0 56 250 TR R AN [F) 2 5]
Z AN R AT S5 44, DU G245 R U gk — 2B A Ak 2
P B T R RIS 2 TRl SR i . o B —
TEHAME

129 1.73 146 1.38 1.20 1.42 1.70 1.35

.45 m 112 129 1.62 1.38 1.57 1.72 143 1.53 1.6
2 1 29 173 143 138 1 R4
90

BTR770 1.67 137 1.21@1.4s 1.66 1.63 1.23@1.4& 1.62 1.68 1.55 1.28 1.6¢ 1.2
T_72 49 1.65 1.71 1.4&@15(; 1.46 1.70 1_4&@1.54 1.51 0.97 1.60 1.37 1.0
BMP_2 .39 d 148 1.62 1.54M y 5 0.8
D_7 59 1.42 1.68 1.51 1.4;5N 1.50 1.5 0.6
T 62 M 6 15 4 -0.4
7IL, 131 66 1.24 1.63 1.60 1.52 ||55M - -0.2
— .00 -0
ZSU 234 56 1.61 1.68 1.33 1.24 151 1.26 1.63 [0} 1.68 1.37 1.28 148 1.20 1.62 [0 63 1.70 1.33 130 149 121 162
—- N o o [ I S <ﬁ - N O O &N & I~ Ao <r
& IQDIl\l ! IU:>IQg & lw\l\\“\ | leﬁg
R = B R SR N = B R SR
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