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L P2 TR IR S AL B4 [ o S0, PE 2 710071,
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B E. 5AMFLEEIAESAR (Synthetic Aperture Radar) R EY H sh LA SAR BN FHAY B 2L T 22—
SAR RGN ik F 4 AT . ARG F S IR TIRE = . WM T REBERILaET Ik, &
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G M FLIE 18 SAR  (Synthetic Aperture Radar)
J2 LA R B I S AR PR s b R AP ) R U
W FRG, BASRN . 2R, R ITSE
Yo, FE4E AR S5 U ARG 20 Tz W (f
B A, 2005) . fEARTEAREEBC, Hlaed
ML (Machine Learning) X £(#li b B W EE, A
PR HLAS o I E YT R B T 432K (Tirandaz
8, 2020) . AAREEI (Modava %5, 2019) . 7“2k
K2 (Samadi 45, 2019) A1 H 3 H 45 U ATR
( Automatic Target Recognition) (Smillie, 1966) &
SAR MR AL FRATBE . ATR 223 FH % 11 ] SAR
B SO AL S P a7~ i, Sk
KPR A2 =5 BARUNERE  (Kechagias—Stamatis 1
Aouf, 2021). 7E4HTH HARPUEARE RS, £
WRETHREZOEAR: —ZRERIEEAR, &

s BHEE: 2024-12-31; FRENAR: 2025-02-13
BEEWE: HXARFHELE (45 62331020, 62301403)

TE N FR B8 RS S 420t BAT AR M AN DX O3 1
MOCHERAE ;. — R ordedniieit, HAERIZARTE T
WA RRE XS B AR AT HER 025 0 TERZ e,
UM E R M, Flan# Cover Fl Hart (1967) $2
W) B 48 NNs  (Nearest Neighbors) R,
FETHIRFEAR Z B IR B2, K510 SEREAH
SE R HAR AR RS s 847 Zhang % (2006) FTAT
T SZHE M HLSVM (Support Vector Machine) 43
Jeds, ARXA R BT, EFE
BRI h AR I R TERE s HEAl, Wright
4 (2009) T — i TR AR (19 H AR U
R, X MAHESE AT LGS — Ak By T
BAR BRI A R 22, M 2R e AT B T A R
A LR B 2 AR, DL R A B I 2R R
DA i R PR b i o T JEE 5 H AR 1) BB MR R o X 2B
FAER A RN 7 b R A AR, N
AR P BV 0 1 A v AR P B A ) S

E— BRI IR, WFTET7 o A S R EAR Rt (55 A B BOE A AL R O T B AL RS . E-mail: xmd@xidian.

edu.cn

BIEMEER A SR, WFFET5 8 H KR R (SAR) B REIEN 53U \7i5 H AR A 3hifU %% . E-mail: zhangjinsong@xidian.edu.cn
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i S BUCROR T AR Fp 00 LT R | A2 48
BURFIE | HR L BB RRAE AR 28 2K HEAE . ML SAR
JCAR ) £ R 3 52 VR B R R T IO R, AR
R T HAR R A DR, B UEAR . 45
FIFPEME B (SKRAE, 2023). HIREHBSTRREAZJ7
AL A A 53 P AR 22 S 0y e, DL RO {5 R
SNR (Signal-to—Noise Ratio) HA &M, KtEE
T HL B S AR AR Y O vk T DU RG] SAR H BR
(Wu s, 2024), 7E52Pr R R A B B e ok
VAR ] fif Bt o AR AP ik A e R it 2 2%
THRRCRAR . RUIPRG R AR 55 05 T B9 T

T B4R . PREE22 2] DL (Deep Learning) %
LR R A 70 A SRR AE SR BE ), 7E SAR [
BAL IRGBRAT TR T N . RS ) U
EROLSAAE T AT LA £ BRI m4ERe ik, A
T BT R N TRE SR I T AR, HEA RS
TSR AU B, (HE T 2 ) AR AE
BEAT R SAR HCHE U, A EE Y H AR U A
BB Z %) SAR HARM o] i BEPEFIZALRE 1 o 455
AR B R AR A B 2 I 2 R B P AR, T LA
PE—2P 4 SAR EIE H ARSI PEREFIIZ 1L fE
Zhang%F (2021a) FIRFEH T —FPFaiH SAR ATR
Fh A HEZE FEC (Feature Fusion Framework based on
Electromagnetic Scattering Features and Deep CNN
Features) , 1% 5 15 43 5l AR BE 2 2] 155 1 1 g 47 15
fF vty ASC (Attributed Scattering Center) #5 #l rf1
SEEARRRE , SR 5 R B B T e A 0 A 28 ) 2%
FRIEAR 255 AT Al SR AE , fm il o3 2 2815 2
SPRER, ITIE AN R SR A R R T A
RCPERIEPEVE . I 1 5 B — 4 O U Ak B
fdt IR 22 M 28 RPAEAH B, X R RAAE Rl 19 5 ik A
AT ZFHEAME, BER S T SAR HARK R
PERE, B H RIS SAR BIE H b5 IR 5 07 1
pL YN

PRl M A SC LA KE T W % IS e A Rl 79 SAR H
BRI 5 2 g R, F i ] B e A ok LA B
SRR R T AW E AR (Feng 5, 2021) |
CHLHBR (Guo %, 2021) LM H AR (Yu %,
2021) PUHAHSC B A UE R . I 22183712 SAR H
P U SR e 1 K e ke B, e R H R e Uy 1)
A SCHIFFE N 25 1 B AR RE AR T 181 1 s o

TARBRHE |

DORRT AT
D EASARHEARIRH
D EFEENA

......................................................................

R AT R SRR A |

kA | ETHERSBANTRA BRI |

HETARSE R A AR R B 20 o % ALY

Bl ARSCHEEAHESE

Fig.1  The overall framework of this review

2 R A mEECRH R AR RS R H BRR
M7k

AR, HLEkS AL SAR R G0 1 B d 15 g
JIFFEEg s, HA KA 2R B AR Xk 17
WD R L, A5 R 23 P A SAR TR 1 3R U
A RE . SR AL GO N TR 52 1Y SAR BUS f1J7
BAFTERGI 88 7 . MR UERA B b 32 R G R R T3k
SRR e, JF HXELARLE N AR5 WK . 18
(A 5 O N = RS RE RS S5 3 N7 80 [ W B ey e kB
MR SE AR, AT s i, A Sl Ak ib i SAR R
L AR Ly 1 S U ik 5 v ) T PR —, A
IR R QT AT 1 S EOR (AR, S SAR &
Bt BRI | BRSO RERY 5 ) 1
DLW 2 H g 38 4 0y 52 Br i /50RO 38 5%
2022) . HERHBIHE AL SAR ATR Z 40 1 H 22241 i
woayrz— (Dudgeon%ﬂDudgeon, 1993). HHISAR
HARPUIN T 20y i AL gepldesy > 5 ik
R A > 7 i

T ge bl g2 21 5 o da il N AR ICH Frky
fE G P AT, SAR H AR PN E AR dh 3z il
BIRSURRAE | 728 0 Sl R iE DA B v T BSR4 45
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X B ) UG SRR AR, LR kN AR ]
PRKHE SRR (Liu S, 2022a)  J7 B E T
FIRFIE (Zhang 55, 2022a) LUK H b 48 B8 AUE AR
FEAE (Li%E, 2022b), EMTELMEBE T SAR &3
HURAAE 3 X TS URRAE , T3 04 (Zhang #11
Ren, 2011). &R 301 (Liu 45, 2006) . i
SERUAYAYHT (L%, 2005) K HLASMRE )72 1
T SAR EURAFAE R AL AR (Sun 55, 2021b) . [l
W, FETAES a5, BN 8 F Gabor
UE I 2% (Akbarizadeh, 2012) 1 BEXKS 5 12 %1 SAR
FbR. SAR Hbp AL 26 & & + & AR IEE B
Horb i BEBOR R A TC O G, B AR b Rk T
H A T BA B MORHRE T . 2544 T8 25 DA K JU AT 4% 55
SGNTEY BR M, XA T B AR RR 4 HE
PRI IFH E AR 1) EC 1 T LR &
A~ ASC 37 (14 R, ASC AR Y 58 3o o7 8 L 1
BB T HAR R EC S a0 a5 i R
AR, BRI E T2 T SAR EI& AL
PRAG, . B UN, Morgan (2015) 7E MSTAR (The
Moving and Stationary Target Acquisition and
Recognition) (Keydel %, 1996) %ufg % I fd HIR
JE BT A M 2% DCNN  (Deep Convolutional Neural
Networks) HEAT HAR 038, %07 201 LA E 4 I
GBS Th e 2 B AT AR I RHIE AN BN T
Je I, JF B A 45 & 7 DCNN 1 Softmax
(Kiviluoto Fl1 Oja, 1998) Zr2edy, XFiknl LI2E
1B B BRFDNPERAAE , 207 R X — R It A
RO B BLAT 46 . U T ARTR g5 iy H
Bro ChenZ§ (2016) B IK$ZH T —Fogiiy 4 &M
M 2% A—ConvNet (All-Convolutional Networks) , %
PO 28 L ph A e 4 SR A N, BT S I T 99% I
SRS BE By [ A, W T M S8, Du S
(2016) 4t T —>Jo s B8 HUJiE i 110 4 B 28 0
2%, R BCE S I0 ZR 0 6 3% F1 e A B Y
PZEM2% . Ding%F (2016) i1 T —Fh45& 3 FhEL
P R 4R AE 0 B AR PUN DT 2, AR e s . P
AT Mg 7 Y 2R KR . Wagner (2016) $2 i
TR SR R R A 2 R AN g ik, k2D g
T2 AR R 25 80 H bR Al B B N,
o P R LR S AR e A N N R,
& BB 28 2 DA g A TRR rh SR BBURAAE O]
SVMAEA5p 268 o Kang 5§ (2017a) #2417 —Fflk
THES B S gt &8 i RRE Rl G 557 SAE (Stacked

Auto Encoder) 19 SAR HARIRBIFHIE L& H L, #2
BT 23 A BELR AR A = JRy B fH AL =0 TPLBP
(Three—Patch Local Binary Pattern) #$ffiE, X 2E4F
TIEBE A% LU A B TU A B R 3 1) b 1k 41 3 145
(42 R MR ARE R, RRER G SRAE i E
FSRE NN o R P S QI E SR (TR S TR LB
2 A TPLBP FEAE S - A 21 SAE o, i FHAE W
BAp Rk, SR 2GR 07 X SAE i
TN, feha, FIH Softmax 43 A& XA AL HEA T
TR, IFRE T BARS2E . Malmgren—Hansen 55
(2017) & WHIFFE RS 77 > AHOC B AR UL B0 2 A |
SR SAR BB Z IRl e &, HrP R AUl e 4 2 0d
SR E{VNS RN BN R e | B R S i € DR N
JEAR AR B Y . SAR ATR JF A& st i KRB A &2
Fe BRI B, R JE SRR HL S SAR ATR i
iy S R SEE 2 E SRl . LinSE (2017) 42
BT — R T U2 A TR SAR %040 1 % )2 w51 i HR T
GRMZ, ZM 4 HE G R oTE . sk
JEAENACZE A 8, J EL o e S FR T 45 4 ok 12
BUH T3 KM BEHERE . Zalpour 55 (2020) 42
T T 3 B BRI i, e Ry R R X
FEIC, AEER H BRI B, R A AR ORI 2 4
g3 o dE It —HGHE RCNN (Girshick 5%, 2014) 3k
SEPCH FRRFAE, I I8 A PR A PRGN 5 ik DA A H
) SR R DX e B H AR e e X 4, SR AT
CNN fi e AEASE H AR B2 R AE 42 BT 0] 66 32
BT AR ARGURRE , 55 A SVM #4753 25 .
Sharifzadeh 55 (2019) 2 T —Fifl & & FM 22 K
KM Z)JZBOLI S, AR B A T B
SPRPERE . ad R AP ISR 4 R 22 1 45 T LA
A B SAR MR R P 45 v 2 IR Mg P B 65 A T B L
RFMERFFIE (ChendE, 2016).

i FERRE TAEZ 4 SOC (Standard Operating
Condition) FI ¥ & T 1€ 4 1 EOC (Extended
Operating Condition) K& Z BIfFHER KES,
FE EOC N T CNN 1 77 1 1 FURG i 23 7 F e
(Ding %%, 2018). CNNTEZEATIRHNTE S0, HHE
MRS, EEIHE TR H—J2 CNN Y
B A SAR EHE e BE R, BODARGIE R, B
fi Jo i AR B SAR B8l (1 e B RRAIE s HE TR AE T
g B % 1 A R 2 I 2 R L B BR A R
FRAE, MELLA S HE SAR HARFIE S H ik T/ES
R B aRESCHE , SR TR B . A AR
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E A AR 22 10 28 DA B2 P A5 v 41 A 8 AR AT 10 £
gy, BT R RGO FEAE Y U7 2 5 7E SAR R
JRBRRGRLA . X SAR S G b i HUR O HEAT RS
WA A, X AR SO T AR A BR ), 15
T SAR FIE A BORUE B, B T UNS B 4 it
THRFE (Potter Al Moses, 1997) . HUH .04
fER W T 7 is HARRY Rl A e B 4, AT LK S
I v O A 0 AN [R] B RO B R S B A
il JL ] 2% 4 B 32 GTD  (Geometrical Theory of
Diffraction) (Keller %, 1962) lJ&:# H.0» ASC
(Attributed Scattering Center) (Gerry 5%, 1999)
O RO AR A Rl IR T 2 AR, B
A AL E . BECRE UMY PS5, X
SEP R A E R . A EOCHR . O AT AL T U
ol B9 SAR H bR iR B 5 % . il 40, Chiang 45
(2000) #2H T —FHI T SAR HAR Y DL i $4ir DT
Bl J5 s, b Ja MBS R IR SR T 0 R I BN 2
B, Dungan Fll Potter (2010) i FH & /)M& 55
WE SIEZN P g UN W€ N SO E 24
AR AEARAERRILHLAG 23 (8] fh 3Ros iR, DUE
PEAT AT ARAL A SZ S 3BT . Ding %5 (2017b) 4211 T
— BB T ) R SE DL 7 ¥, O EETE EOC
ZAF R G RA RR e M A = URRS BE o HR G HK
SPRMERIR B RRER . th 2 DS HUEE RS L,
X 55 R AR 1] R AE A A 2 BB AE AT A 2 2 Y
D, XA R bR 255, AT R R AU AR S
HoA AR ME LSS Rl 5, HE— P BRI T SAR
HARRSr AR BT, fEHTE e &
FEVERT, LIS B ks e e ey B AR

% B FE T CNNRFIE 9 75 1 7T LLTE SOC 44 F
TARAFARGF A ROR TR T RGO R AE 1Y O v
X EOC N A EIAR 47 K fa P B &, Zhang 4§
(2021a) B AR T —FOF B9 Rl-A B PO AR AR
P 265 A5 AR B F AR PUNHE SR FEC, B 42 H 59 FEC
HEHL R B WA 2 fr7n, FEC 77k i 3 i 4
J s TR R AR AR Y ) IS AR R ) AR R
BET VR BE CNN P8 RFAIE B IR He TR A i 5 46
(SR, 2022) o O T (42 R Y P U oo
R E RE SE 4F M T 5 2E RO RS S e AR 5
K K B R AT A B, R LA AL 4%
[F] 5 A AL D0 1) A AR L ) o FE 28 4540 7 1T, %
TR PR O RRAE A 4R B R, XML VGG
W2 EAT R i AL B, A MVGG M BEIRY, i

ik A B R 2% 4 E R 2 B, (S R R
SR P RRAE A 2 R NS BC . AR A PRI ZRAE AR
FAFTF, AT REFT 43 A2 AR s A RUE
TP T 4% RE A 70 A 40100 AR ERAE IO AT E2 T, AL
58 B2 5 FNAT 55, F5e KORE B b & 35 I 2
AR, IR A MERE. N T — R T
TE5 73 a4 G805, 51 A BIAE 543 # J5 1
SERRAESEAT TR AL A A B . AU RO IR T 4
TEMZERE , Wb TRAETUAY, [RIHR 358 T HRAE
IV AIRE F1, fiAS oAb BR S AR AR 7E 5 2 25 2%
gh A B RENE TN | R M 5 A ek, 4R
A HER USRI A2 15 R R e . R 14
TN [E DT BE7E SOC T EOC 454 1 MSTAR %4
LR BITEREXT L, LA FEC B4 & T HT
o P T O R AR B BT VR I s N T
R 28 B2 7 vk i i vER M, SEBR T A RO AR
SE I B AR

3 BT REECST R RS A A H
RN IT %

H 3l B ARKE I AR BI7E SAR REH K15 & 2
KREEMIEM . SAR HARHHIE—A4~ 378 i K4
B ) 5, H AT SAR EIG RS R 11
H bR 47K #5325 (El-Darymli 4, 2016) . 7£
DA AR, A0 A SAR G E 0 i BGE R H.
LA AR (R 1E X I 22 H bR 0K B A A K
. BHAET, 7z LA TE R B S R 95 [
B v S A T TR T & A B MSTAR i 4, 18K
PR B X B HH AL SR A BI=C SAR R4,
ARG RINEHRAE, BT F 5 MR 3R,
HOR T T 10 FfAS ) 2 ) 1t i 50 11 42 50 ) A i A2 8
FIE, k265 80 L BE U IF o0 R i DAL B AR 457 TR
oy, FEURIHEE B - B M 605 BRI 0.3 m.
B A S HESh T SAR BG40 H AR IR 3%
NN RSB A WP ANE 2 S 2 1 NS A R R B R
ARG AT SR e ) S R IR 22—, X4~ SAR %=
55 B AR TN B AR 0 KR A T URALE (15 1
B AR

BRMEMg LS 2 ERE, BAR
KAEFERIRAE ST, 76 BAR R mics TR
PEBE (Gao %, 2019) . XF FHUSHAFMET &, M
SAR 5 B4 rh $2 S BB L S8, R
B 0 280 UG T O TR AT IR RS, 4R



1602 National Remote Sensing Bulletin i & 54k 2025, 29(6)

Ja Xt AARSEAT RSB 02 o il T HRLS O Rk T H
PRECHE P B IAn LTI AR AN EE AL, (At
T LGB PP O AR 1 5 3 T LR AL AR Y

{,L,0,%,9,)

oy )

K RE . FET XS0, SR 6 B 25 ) 2% R AiE
FUECSH R AE B, ] LR AR R A 3 RS
(Zhang%, 2021a),

" e

BMP2
: o n — BTR70
E'_> Worldl World2 WorldN = —3» ® (]
: o 72
o i T62
World World2 WorldN — ® ° BRDM2
I SRECGEUR L K-3{8 R BEILHEL -

—> . _ BTR60
RS |—— 5 < ZAU23
A I, . 1 D7
= [T - = = ° 281
ZIL

L \
N BRE W 4B 451 LR A NG FIGMRMT FREDHE RE

K2 Zhang5F(2021a) T4 5% FEC W25 2510 m 2 ]
Fig. 2 Schematic diagram of the network structure of the method FEC proposed by Zhang et al. (2021a)

%1 Zhang%(2021a) FTiR75 7% FEC FE b 77 & HY
IR A A
Table 1 Identification accuracy of the method FEC
proposed by Zhang et al.(2021a) and other methods

1%

Ty k2R soc EOC
BFM 95.62 97.90

SVM 96.78 96.64

ACN 99.13 98.12

SRC 96.29 95.12

FGL 99.08 98.46
FEC(FrJ51%) 99.59 98.48

VFZ 58 22 R I A R E IR E A TR 2
Gi—AURFAEZS ] R, FRRR X SRR ] T SAR H AR
B, Amrani Fl Jiang (2017) FJH] CNN #2£ 5t SAR
B IRERFE R IL 3, iy SAR EIR 51 AT 58 K1)
FIUBFFAEFIE R R ALRE Sy, I (0 4RF Ak A3 1B S s
0 530 AR 5 o B B30 o il S TR CNINRFAE .
Kechagias—Stamatis Fll Aouf (2019) #f AlexNet [ 5
2 55 i g 2 S RIS AR RS o AR X B T [
AR R 5 07 1 AR GE i B — R AR D7 1 BAT B
GFRPERE, (HIXSeHF 50 20 1 H AR A O o 4
fiEe N T fEPCX A, Zhang 55 (2021a) FIK
& T — BT B RS R b O AR ) AR 0 45 4
fiE 1) HARRBIHESR FEC, W4 T HiRR
BRI (K2) o SRMAEX R T v, WO b4

IEFN CNN FRAE B L B R R AF 1] i, X P30T 4RAE
P LA A G Ak, 5 LA AE 2 3090 2% i) i A
SROICTEARYEN SR AT S BT .

T P bR R B, Zhang %5 (2022a) 7E
FEC (3 Al 142 7 — Ff il 500 o0 RRAE AR
V2 B 28 I 28 R IE 1 S AR M 26 . 2T TR K
SRR . B . CNNRRAEHE BB |
RRAERL A 5 0 A, U O REAE AT CNN
FRIETERAAE 2 ST RS, IR T e R e Y
2S5 E . 5 Zhang % (2021a) R RRAE K] 5% 4
by [ 2 1) S EA TR AR LA A LG, TR R A il
MG AT LR B R o0 F NN RRAE 14 B A
B, AT DU HEJE SR 1 2 B v S ik R . BeAb,
S FUVGGNet FIRRAE Rl & 7 90 265 4 21 B 1 ity 2] ity
Shiky, FEXFhEE R, BRSO AR BT AL
FHBHUEEER, [H VGGNet FIA 1M 4 rh AL
S 1A 35 R A Bl BT {0 2 ELAT R A U
PERE . T HE A TR0 I 45 235 ) 7 2 TR G ) 3 TR
T2 T RIE) 7 AE MSTAR S0 984 b i ) v
BOEE, T LA T 3 B v A 1R o o AU
TRRETT LB T 175 1k BE .

3% Zhang 55 (2021a) fill5 FHL GBI R AE AR
JE W RE AT BRI & o Feng 5§ (2021)
P — ol B A R A A R R R B 2 ) SR Y
SAR HAr/r2Krik . wok, AR T8 MU b
OB AR A, 3 3k 307 o ARURN B 2 118 R ) 45 A
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T8 P I 265 B B H A 1 R 8RR AE o SRS, R etk
() 42 BN 28 SR B H AR 19 4 SR R AR o 38 2 Ry R4
TEFN 4 SR RRAE B DR Al B A5 B e & B 4y 45 R . L
g5 (2022b) ¥ M\ H brlalipz h 42 U ASC Ay SAR
ATR B H A5 73 8, MRS ASC 19 JL o] 15 25 70 %)
SAR HAR#EATRI 4, AALREf 73 245 S i m A g
I AE E I R AE B AR 0 H RGO R, K 2 R
CNN FEAE 55 ASC REAE fil & DAY 5 RRAE 3 38 8 T o

4,L,0,%,7,}

FE MSTAR #4454 L TRy K S8, uEW] 1 frde
TRy R EPERE . Lin%F (2022b) 48 T —FOR
(R RRE FlA 2% ST HESE SDF—Net, 4 ASC A4 5K
P, MR Z AL A A, SR AT DL G A 4
SHAZ B FFN R, K AT E AL rh 248 SCRZ5 1)
5 B HUF R AE 5 CNN RRAE AN A, T i s 2]
Uity 1) 15 2 R AR 2 ST HE SR | 38 i ) 2 78 52 2 L) 2%
R Bz ik Re

—> HifERE
\\\\\ —— Rl
B O R A B 0 = —
> JBIE I
~~~~~~~ [T 4 Softmax
~~~~~~ s 15 --:::‘;_\ D _>( LES
WNBE RILVGG16/ %% FRHERLE 5 1R

B3 Zhang % (2022a) T 7 i M 45 2544 7 25
Fig. 3 Schematic diagram of the network structure of the method proposed by Zhang et al. (2022a)

%2 Zhang%5(2022a) TR 5 A FIE 1 77 X A IR A A7 B2
Table 2 Identification accuracy of the method proposed
by Zhang et al. (2022a) and other methods

pipi ] HERAE 1%
BFM 95.62
SVM 96.78
ACN 99.13
SRC 96.29
FGL 99.08

JrdR 5 99.51

HBARVF 222 505 T PR AR AR 5 CNN RHIE fil
G, JFEE T SAR EHE B AR RS R . (HAfTH
SAR MG B ASC L Z AR s s ik, 2
Mg T ASC I K FR . Li% (2022a) A %CH0K 4
JAPLBERRAE | JRI ASC 45 R AE LA K S 350 A0 vt
fEMSS &, UE— 88 T SAR ATR (UHERE, R
ASC 17 B4 B S5 P e IR A &80 v, T4l
FIH SAR H br i) B RE RS FRPE . 72 Li%F (2022a)
BREA b, Li%E (2023) #EH T —Fgh 4 CNN Al

Z ] 5 BN 45 1955 ) SAR ATR 5 5 MSGCN,

27 1% ] B 4 A J) A0 B8 AR 1T 0 J) 8 45 AL REAE
XL JR R A AL R AR B 5 R BB A B A A B R R
ERALEAE o B RUR SE S U ASC UK
JE AT B B 4525 2], PRt 3 7 )2 CNN
FRAE ] BEAS ASC YR 7 Jay B8P 06 R AE 5 ASC HE
IR e b 1 SURRAE X SRR AR E— D A B
] 5 L 2 rh o 3] Ry R 4 MR AIE L R B2 X 5]
(1) Jey R L5 A RRAE 5 2 SR SRR TR L o

SAR Hd th B 1 24 i 48 A A ASC AHRRAE A R
FRIEZ A1, 0 A HA R & IR SRR AE , WA
SR I SEARAE (Wen %5, 2024), nlik— 4
HARPUN R R v . AT SRz LR T . Wen 55
(2024) &1 T —Fh Z B8 FRAE Al A 2 2 HE S
MoFFL, MR (4 5 bR &5k 50 4 254 1w A 7 ik
FEPE O SRR, O SRR Fil 5 LA
H5R B AME . Zhao 55 (2025) JF& T —Fh H & L
T AR S TN A 9 28 ASAF—Net, 12 %45 BiE %
RS T HbsnYBUHE B AT A I, LIRS
AT 5T EA MR B ARRHIE
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4 BT BB RS B RALH
P T

75 SAR EHE B REAL i, H AR 50
) o A OCHE AT (Sun 55, 2022a) . KAHLFEH
SAR Bl it Y H s, AU L, AP B
%, i H 2 B A A (Fu 8, 2018) .
i 1 SAR UG TT e KL H AR AR I UN TAE, H
WSRO CHL HARRY B | Fh2E | Frab iz & LA iz
PR S RHEAR B, XS fF BAE SR 37 5t
HA Rl (B8 55, 2023). B,
TRATT R SAR EUZ KA B AR I BUIBETE BA N
BRI ARMEMBHLE X (Duf, 2020). HHI
ANTFHY SAR RAL H AR IO BE R B A R, 24
T % 38 ) BB 45 4 SADD  (SAR Aircraft Detection
Dataset) (Zhang %5, 2022¢) F1MSAR-1.0 (large-
scale Multi—class SAR image target detection dataset—
1.0) (Xia%§, 2022).

DRI 2 ) BB SERR A B Y, SR 1T SAR %
O 2B, SAR HARFHEBEA ] H br 438
AR5, SAR HARMR R 2L L 2 1 Mo ke
L, PLERIN#R & T BSAR HisHEARA L, H
M K 308 T 1 TR B 27 2 D ik I T SAR B AR T

______________________________

AT T W 2 B9 Pk (Sun 48, 2022a; Wang 45
2020). 5 SAR A4, LAY HARAILL, SAR KALAY
JRAGZE R 1 VF 22 B B SR AR A, SRR AR
R SAR &G R B U X e RIRR M, B
A BEEREYE (Fud, 2021), “HLKY
TG K (L R T S R R O R AR . R
455 R EU SR AL SAR TR MR A —Fh AT
1175, GuodE (2021) $& T —Fi BN {7 B 5
SIE (Scattered Information Enhancement) 5{F & /)
G THEM 45 APN  (Attention Pyramid Network ) FH4%
AT, Sun % (2022a) FXESAR KALA A
TE T — i B T O R A 2 A X 4 1 A R
STHESR , 48R HTHIC S OB RS B AR A2 L
il 5 WK AR S 5, ORI A B o o SR A 2 A
FUAR B OB RO Al o Zhao 5 (2023) $2H)
T — I IR R AR 25 ] 45 48 OCHK ) 2% SFSA
JIi 4 SFSA [ 2% 45 Ky 7R BT AN IAT 4 F 7, R 4RI
TRALAY SR U 5 SSP R I A5 K, RATEE
28 W 4% GCN  (Graph Convolutional Networks)
e WU G O R AR iR 90 S, A0 PG VGGNet
FEIBCRAL B R BURAE , 207 Rl G T RHLES 1
V18 P, 3 S AR o R B 5L 53] g A PR SRR A, S
BT R RE

T’W ________ HT ______
A ﬂ] '
3 Z_B Y l
%%‘”@J . ?ee B i (
é‘;g é%:% m i ; [
gk ™| ' JE = -
““““““““““““ 92 . T 4
¥ 1y 1
A, P i
—o Le > ETcONBRE  ——> ‘—;— :
L [
|1 FFM E
4 |

_______________________________

4 Zhao%(2023) SFSA W44k #h) 7 2 €l
Fig. 4 Schematic diagram of the network structure of the method SFSA proposed by Zhao et al. (2023)

B SR Rl FEL R RS R AE T DA b 1R ) H AR
Eﬁ?@%ﬁ%ﬁ B 3R 5 ik FUKE SR AR R — A B
s AT 7873 I AT RIS 00 007 e A s TRl R
/JQ(I:E%E’JIéﬁi, 2 T ST R R AR . A2
Al AR JE B AL DPM - (Deformable Part Model) 77

B[] — 2000 i P A R R B AR R Y s R
(Felzenszwalb 55, 2010), AKXt WG 55 1F B9 AT
T8 KL SRR I AN SE AR ], SR B AT
15 HARRE AT B 3 LSS . TR o PR
SAR &, TCHLH HAA A A T AR R
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OB ZH R I R LS A B LR (Zhang 5%
2021a) o PA Ik 26 EL AT Ry 8 X3 R 15 2% {1 1)
MERAAEENMRE XL (PandE, 2017), X4
RS et 52 1) 7 B 3 A B T R 2 TRAIL A A
Feo i, BB T CHLER KK . Kang %
(2023) HHHFNALIE 3 A B 5] A SAR "RAILEE
YA 2k B ECRN R R ST A1) 2 R R R AT
SAR MR ANKLE /325, Ye M Du (2024) 2T
— B SR A A AR50 45 SADRN, I
P ZAT 45k, MU T AR TG I 5 TR BT 55
B AR BT 9 S SOk R R Ay [n) 8, ST A I AN
PR, $RTF T RIRIA AR

5 BT WEECST R AR RS AN H
PR 7 1%

ULAE K, B SAR R BCHE 1) R B i K
SAR ARARRAIAE R SAR MG MR IFE — AN 25032,
FEMEE NI . RS A M A (He 55,
2024) . MRARVE R L EE A EYR, Hidgw
ERAEZ R R Y C AN RS ST PN < =
XS 4 R A B A LA B Y B A U
AL RCS (Radar Cross Section), X fh%8 K RCS
B 2 (A5 A0 T 7E SAR G rp SR80 & T HAb B
P b B s g, A6 BRI B WA
FRAE (Touzi 55, 1988) . I1F j& SAR £ 44 AR A By
ST JE B TR RR L3, BE 0% TR BT M Al 4 B A B A
BB SRR, R A L R 40 e P A L
W E B

HHT, AT SAR BUSMLAT B R R & FH Y
B 4 4 E B9 OpenSARShip £i#i 4 (Huang 55,
2018) . SSDD (Zhang %%, 2021c¢). AIR SARShip-
1.0 (Phi %, 2019) . LS SSDD-v1.0 (Zhang %,
2020) . H:H OpenSARShip 4 42 3222 AL Y Hb
DB S AN T, XS 11 BENE S W DX 3 P 14 A
WA GO, A 17 FORRIZE B ALY, 41 08
SAR EMRZH AL, R iC % 1 VV il VH Ak
R AR B RS S, BRI 5 T M
PifEE, R RIRERE, (HAE—2L OGN
(VA= DN g 1 R R0 s R 0 SR & RS
FIE AT DI R AT R, WA 2RI A pE k.
AIR SARShip-1.0 £t &£k I T o0 =5 LR W
SAR M4, & 31 5eBMR. W 7 25k
R, ALHRHE 1L Sl DL KA [) 0 g 250 YA 1 45 5

HE SR, &R AT SE N RS,
FIE S M AIPASE T0 AF 5% 8 AL B 0 L S B 3 5
AT B G RN AR 3R . LS SSDD—-v1.0 £dis 4
AL E 159 KR SAR BIMG, X EEEMRELH 1508
JF b K b 5 LR SAR MR, MR vV Al
VHBF, AT FF & FPEAS 45 Fl SAR AR ARG
WS, USRS R E448 5 T MR
TDRS B2 FIRC%

A ST EUANE RS B IR, T A A FE L
BN RFAE (Yao %5, 2020) o 15 AR 4G
U, A BT R 25 5, ARG Oy vk K EBUA
NI — RIS Ry SR i, X
2875 9 3 3 X B 0 G T I AT 40 A A A
SRR AR A 5 5y —JE MR ARFE DLEAR
W, TRBE 2 2] R B v A sl T i H
bR B FRRAE IS 78 R IAT 55, Wang %6 (2016) 2
W IEs2E SR 7k, DA Leng 55 (2015) #fF5%
(R TE 2 CFAR ik, AESEBRR Bt T —
SE A S, AR EERMIT N BT & T AR 2 i
2, JFPEASESIRAS B T T A SE R . B,
PAJC-1 CFAR /735 (Barkat F1 Varshney, 1991)
BT AT 0 F D HR I D W B o A A% A I 2%
FFhahithy, BT T A NCFY CRAR Kl ()&t [7]
B}, CFAR (Gao%, 2009; Kang%F, 2017b) Jik
5% B H A SS A o BEZE SAR ARG I XA
ESRAWI R &, T ERGRHEN k28 T
2 OVE, HhRAEE Chen % (2011) #2100 %%
HE R KRR R X 387 75 EMSERs . 3 SE4{61 T
Giit sk F THRBURRE B J7 v, i A BT 40 0
— . R RERT, BIROR B, RENR
S R AR B A, B 24 SAR B,
2o S R G | I R L DL SR I I A A
T, XEFERESED - ERE N EER, ™

M) ARG 245 S ) A e A R SR, DT R T
HAEG b s R (Zhai 55, 2016) . Xt fE
R AR W R R A R R I F B, AR
82275 Sl R Pk, kBl SAR ARSI B2 A 1)
FORGUE . ERUE R T M R R, R R R L
AR R BT T ARG H 2536 K A 72K

AR, TR 4 ) PR SR K A SRR AE R B
Z RNz RE (Zhang 55, 2021b) . R4 CNN7EE
F AR R Ak B b 3 B i e T R SOR M
He 5 (2022) # T —FhSC B0 &2 4% 2 1 b B
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R By 5% 12 0 0 4% DABNet., 75 4 BT 09 AR & J i
FErp, JLT CNN Y H AR I 5 2% 78 24 AR B 5 45k
L R S s i FH ) 5 b B8 B B K B (B 5 9 )
AG I Sk B S5 M PR 1 R EA T 4328, 2T CNN Y
H A5 0 77 v g % B 4] 43 A 1 B B A T A K DA e
BB BRI 2 X B BRI ik, LA
R-CNN (Girshick %, 2014) #Faster R-CNN (Ren
&, 2017) ARRER— R I J7 i SOHAR B AR R TE
SAR FR AN B S BRI 137 5 v A48 T W B A3,
FE A T A A 1 1 A 52 232 19 SAR RGBS vh Ui i
AR B bR, A - H AR | g A R S 40

SR T SRA IR SRR, ok SR SRR SR
T SRR T R SR R B MA R4 Li
& (2017) $&i5 T —FP el Y Faster R-CNN J5 i,
FERAE T — AN TF (9 SAR AR A6 0 B4 4 SSDD.
Kang ¢ (2017b) Al i& 1 #b }% Faster R-CNN 5
CFAR M54, Ft Faster R—CNN 2= i A48 356 X Ay
CFAR PRI . Cui % (2019) i3 T —Fl
THET E L FE MY DAPN (Dense Attention
Pyramid Network) Y SAR KI5 22 KU I A A5 0
i, DAPN R & FI4M, &R Bk
CBAM %5 45 1% 45 8 4 I 46 1T 1 R SRy
MG, $RICT B AL o BRI UE B
BIRRAE , A RHRE 5 1 22 L8 MO 90 G U ) A A
Sun%F (2021a) &t T —Fh & T RHEREERE S
A7 00 15 11 A9 5 T3 4 1) 5 B PR 22 1 4% PBNet,
PBNet & & HARM N — 0, JEROE 8%
R ETFXFEESD, USRS BRI R
[FEF, Cuids (2021) #H T —Fh LT CenterNet

Et—

25%25/32

KM SAR EGMARAS I J5 3%, 51 A28 [ 3 i 14
BB, T R SAR EIZ A A AR
PR B A0 3 B AR M e L T R
BB 7 i A BRI E AT (Wei 45, mw%
P Bk, ARERYE I J2 SSD (Single Shot
MultiBox Detector) (Liu %%, 2016) . YOLO (You
Only Look Once) (Redmon %, 2016) 1 RetinaNet
(Zhao 55, 2020) . =z FFr B YOLO & 91553 1Y J
% (Xu%, 2024), Zhang (2019) $2H T —Fht
T B 25 N 45 1) SAR TG 2 ARG 5 12 G-
CNN, G-CNNZ—Fp i Meahity, ©E2H
— A T B 2 X 4% B-CNN Fl— 4 K60 45 R
22 4% D-CNN 20 il 3¢ A7 1k 3 3 Do A% Ak i A1
Bk B R R, IR ] T IR B AT 4 B A AR
2T TR FﬁﬁEomm5§um%>
P T — Tl 30 S G SAR A A AG I X 48, I 4%
SERYANEEL S BT, FEARRAE B A9 ASTR] FPN 2 AR
[ RSE R B bR, 3RO vk KRR & T = 4%
5N 2 R MU B AR ks B, JR4R 1 S5
e B AR 118 2 1] o RN RBE A DG 4 5 1l A U3 — b
i pR BT 22 RN T 25, RO BE AR TS g A
BRI UR M, B S LRI A A R i
AT T IR S 10 FHE B 1] 1 BBAV, 3k 27
MR IRAEBR 2R 4G BRI 40 A5 [ 1 45 FPN AT LA
P At b 00 22 RO AR, ] s R e e S g ) R
. Zhang%F (2021d) #2147 —FhERUETE/IVEA
1 K R S AR RO B A SR BB B B, O
A/ INVREABIEAE IS T R A MR
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Fig. 5 Schematic diagram of the network structure of the method proposed by Zhang et al. (2022h)
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TERUR T B 1) CNN A () [, AIFSR A Bl
S A A AL GE R FT CNIN AR B Hh S Sk T
R HUF ) SAR MR 43 25 07 75 (Guan 5§, 2023),
Wang % (2017) #&H T —F R H £ 4 CNN #E47 H
PO M UREERESE , IXMEZRES A T SAR BIR Y i
FEMNZAE H o Zhang 55 (2021a) $2H T — Rl
B4 Rl A TSRS PO R AIE ] 2 R I 288 A [ 2 ) H A
PUNREZE . K SCI S5 R, XM a4 b gk
SPRRIE () CNN ARSI 53248 v mT DABAR AL (R 25
B (Guan%%, 2023). SunZs: (2022b) f£H T —F
254 WO R AE R RO AG I FD Ay 2 R 2%, i T — A
S8 R R HICE A R T 2% SPAN, 32 R 245 AR 41 18 3 4l
BRI AR A7 DX 300 53R HICSRT A5C08 0 A AR DX 0 R A
JeH] . Zhang % (2023b) $&H T —Fh 19 SAR i
AAAS I 5 1 SPG-0SD, 83T T — 4~ 3 T HUF R 1E
PR R 5 o) R DU A, ZE ARG 2% 45 5 SAR U
REAF DR A5 X 265 1 M B, D0 o 0 R R A s ARG 11
(M), Zhang % (2023a) & T —Fh 3T HUH &
S Y O R S N 2% SPT-FSC, 3T T —4
FEN RS o3 3, JEXFHUR SR M BT — &
gt EeAE, SEEL T UM AR TN AR, $R
T X G AL S e, BEAR T SAR BI& )
WAR A M . Zhang % (2024) 2T —MAHT
SAR LA H AR U 9 22 RO 4 Jmy B3 RR AF SC I )
2% MGSFA—Net, FJ RS 4 2 E06 SAR 14 i
My EARNE S oy B ok . T k4R A SR U
fifs E AR BB Gy, IF A L 4 R R I A5 4
Jri R 4t A8 P 22 RUBE AR R RIS 7 iF DG IR B A g
22 JRUBE 4 Jry B RRAIE o R 22 4 R 52 AR A1 4 BBUAE
Bk BARMIREE R AR, BeJa, 3l ad AR 4 il
B U IE FR BEARAE , T B AR A 2R
6 k& H

JE T B O B AE I CNN FRAE Rl 25 0 Ty 1 T
DIAR KRB b 45 5 SAR [EIM% B bR A4 ] fg Bk
FERGPE . TAEok, KA I SAR ART £ K 19
BRS-GBS REAE 1) CNN B AL 7E
A MRS S5 B AR R ER LA A b
fE. LM FHRREIUR, R T SRR
TR LA T

6.1 BERESIWXRTREEBHSHIRIER
BN A (77 ¥R R 2 24 SAR [R5 b 4 BURY 1k

SRR R AR 2 A A EE A, IS G U
LD ARE R IR FR O R EAT HARPUN A 2, R
IR AT LR Ay A T FF 0 M 0 4l 38 B AR 4RI, (B
BN BRI 18 2200 T H AR U G AR (] 35
{18 P T e SO R PR P o FE SAR B AR B b,
WEHU D SHER B R R 3G SCHER] . Bk
24t H bR AU T YRR AN Y, SRR M 4R
TET SAR [RUE AR B n 2 i R B 5 R AN E,
Je 2 B AR RS 5 40 26 TARST T RSkt EN
HMECE G A U Y B R, HEBIE TRk K
(L eSS W )i ST IEPN 5 9
A A AR 25 R P 2 B AR B i R E U K
(Yang 5%, 2021; Deng%§, 2022). HFrAYH#EHL
SRR S HO U TR S FIb BT 255 S e, i 43 9%
MU 0 S N U R 2 RUE . 2By
Progfit 7 RTRE, PRITE R O 98 A B R R AT
BT L RE RO B ) ZHAR R S AF R 0
AT L RO R AR 4 B vk T 22 (R T e A e
THRCAER Dk b, AR R HR 2 ] 4T 24
PRI, TR o 2 I 2% B AR B R AR 5 v v
MPEA, (HI2l TR BB R IES U A% . M A
A SR AL, T HLA TR 22 0 25 53 PR [ - Y
PP, SRR TR R A ) 0y B R IE 2
BARBUSCR AR N BRI an o] 5 A5 FR e 28 I
25 T ROR B B B 2 ST AR G 1 H R TR R AR 2
B R R A B R TR e PR S R E S R
JE& 7 1n) ¢

6.2 ETHmMEERNFEFARBIRCNTTE

TE SAR H bRAG IR 340038, ZEREAS B ARG
E—FhEeE e = BARFEARPRIEMIER T, BT
56 50 R B A 1) 1245 8 S8 B E A A i O ik o
FESZBRR Y, SAR EHME Y B Anbr i3 52 4% H
A, UHEZESH RS Bbr, sERREER
PRSI S8 . I FLSCPRIz s rp i B bR fp 2 2
%, TRAEN W B 56 fr A 2850, R REA
FE SAR S HA S ZE X AlA SAR EME I JLAW
TEAR . b T R SR G H S R 1E AN SR A
Y {5 B R P AR, A BT e B s Bk )
ZMF R SEENT R S0 H bR A ORI L TR I R ke K
A WL O R . W R | IR SRR £
BOSHRE, AR H Ak B2 4L 5T 5 19 S 55
XHF, W EE MR MIREE . BN
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PO R O 2 W O3 PN R 8, 950 bRk
W R AR, TR AL S . W
TR EER S5 . B4 SAR BRI ZREA
Fo RT3

6.3 ETHEMEEREMNIZEEMEEE

BEF SAR KHl Ak BT 55 52 2% JBE 9 384 Jin L e 52
P S R X RS A SEHPE R AR, B R AR
R B P 5 BRI . HETA V2 W Y
B4R S TT 12, W AR A% S8 4 R O3 i o T
JEBRAZE AR, a] DUR R AR S B0 fit 3
i PR R AT, Al
AR RE; W M ERIC AR E B R 22, AL R
IREER ;o nl DOREAS A HE DA R B0 4 D AR A
Fon, PREFSCHERRIEAS SR R I I T0 A . SR
e IO 28 R AR A R B T 5 T A9 A 4 R A R
BN HARR BB = S . A TR LA
Jrik g CRpER L, (HaE SRR TR
SOk, WZREEIEI%, USRS e, X
DA BN T Bt IR 2 BRI B A, IR IR SR 5 27
W52 2 MM 58 D0 A B0 TR e 52 30 H A Fi R
A5 SRR Rl 2 T U S

7 %5 i

BE A RGO BEIE . HLAs o ) IR AL BT
MR, SAR HAREY 32 U AR i 5 2 58
o FBBEGN LG J5 kI T IR 2 ) J7
VETE SAR ATR PRI 1, AS SCLAR A5 Ft 4 T
R LA 22 0 28 AR A 1) F AR RO D7 i o L, o3
BITFIE 1 Ml Rl R A AR A ) RE R T A
LS AT H RS RO RO o O B R TR
K AARRBIIE R KR TT 1A . ARSCEAER A
Mo TR SAR H AR PR 5 Gk i) SCBEZE AT, S B
Bl 7335 3 ¥ SR R U AL, O H ST 5 5 N
PR 3 9 BIE S 5 T7 955 1
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Abstract: Automated interpretation of Synthetic Aperture Radar (SAR) images is one of the important development directions in the

application of SAR technology, the core of which lies in how to efficiently extract target information from complex SAR images and realize

automatic recognition. SAR target recognition methods are mainly classified into two main categories: traditional Machine Learning (ML)

methods and Deep Learning (DL) methods. Traditional methods usually rely on hand-designed features extracted from Electromagnetic
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Scattering Features (ESF) that have clear physical meaning and high interpretability. For example, features such as the ESF, Radar Cross
Section (RCS), and polarization characteristics of a target can directly reflect the target’s geometric structure, material properties, and its
interaction mechanism with electromagnetic waves. These features show strong stability in target classification and identification tasks,
especially in complex environments or under low Signal Noise Ratio (SNR) conditions. However, the limitations of traditional methods are
that the feature extraction process is often complex and computationally inefficient, while relying on the a priori knowledge of domain
experts, which makes it difficult to adapt to large-scale data processing and diverse target recognition needs.

In contrast, DL methods are able to automatically extract high-dimensional features from SAR images through an end-to-end learning
approach, avoiding the tedious process of manually designing features. DL methods usually outperform traditional methods in terms of
target recognition accuracy, especially when dealing with SAR images with high resolution and complex backgrounds. However, DL
methods also have obvious shortcomings, such as the poor interpretability of the model, which makes it difficult to explain its decision-
making process; at the same time, the generalization performance of Neural Network Features (NNF) is often limited by the quality and
diversity of the training data, and performance degradation may occur in the face of unseen targets or scenes.

In order to overcome the limitations of traditional ML methods and DL methods, researchers in recent years have proposed a DL
method that fuses ESF and NNF. This fusion method aims to combine the advantages of both. On the one hand, the physical interpretability
and stability of electromagnetic scattering features are utilized to enhance the model’s understanding of the target’s intrinsic attributes. On
the other hand, the high-dimensional features extracted by neural networks are used to enhance the model’s recognition accuracy and
adaptability. For example, in the recognition task of targets such as vehicles, aircrafts and ships, the fusion method significantly improves the
recognition accuracy by combining the ESF of the targets (e.g., strong scattering point distribution, polarization response) with the NNF,
while improving the interpretability of the model to some extent.

The paper discusses the research results of target recognition methods based on the fusion of ESF and NNF, details the application of
this idea of fusing ESF for target recognition of vehicles, aircraft and ships, and looks forward to and summarizes the future development
trends of target recognition and detection research.

Key words: remote sensing, Synthetic Aperture Radar (SAR), target recognition, Convolutional Neural Networks (CNN), Electromagnetic
Scattering Features (ESF), parameter estimation
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