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Abstract

In recent years, the advancement of deep learning technology has led to excellent performance in
synthetic aperture radar (SAR) automatic target recognition (ATR) technology. However, due to
the interference of speckle noise, the task of classifying SAR images remains challenging. To ad-
dress this issue, a multi-scale local-global feature fusion network (MFN) integrating a convolution
neural network (CNN) and a transformer network was proposed in this study. The proposed net-
work comprises three branches: a CovNeXt-SimAM branch, a Swin Transformer branch, and a
multi-scale feature fusion branch. The CovNeXt-SimAM branch extracts local texture detail fea-
tures of the SAR images at different scales. By incorporating the SimAM attention mechanism to
the CNN block, the feature extraction capability of the model was enhanced from the perspective of
spatial and channel attention. Additionally, the Swin Transformer branch was employed to extract
SAR image global semantic information at different scales. Finally, the multi-scale feature fusion
branch was used to fuse local features and global semantic information. Moreover, to overcome
the problem of poor accuracy and inefficiency of the model due to empirically determined model
hyperparameters, the Bayesian hyperparameter optimization algorithm was used to determine
the optimal model hyperparameters. The model proposed in this study achieved average recogni-
tion accuracies of 99.26% and 94.27% for SAR vehicle targets under standard operating condi-
tions (SOCs) and extended operating conditions (EOCs), respectively, on the MSTAR dataset. Com-
pared with the baseline model, the recognition accuracy has been improved by 12.74% and
25.26%, respectively. The results demonstrated that Bayes-MFN reduces the inter-class distance
of the SAR images, resulting in more compact classification features and less interference from
speckle noise. Compared with other mainstream models, the Bayes-MFN model exhibited the best
classification performance.
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VB —Fh E B BRI &, & AR TR IA(SAR) FA 4 KK 4K A — 7€ 1 2 3% fE /11
PR, DGR ZE SR R A V2 A 1] 5T DA e ARk = BB R, SAR B E&F
B HEE. R, BT SAR MM AEHLIE], SAR BUSMREE AT SR A B E2]. sk, 3K
HURIFRIC SAR BUSAR M AE, 752K NP 15806, ik, SAR H3) HARRAI(SAR ATR)IT K AH
W AE S T B R A R AELE, SAR UG E AR 4R BERFAE, IR )2 8] 22 5t
IE, SAR UG/ AT S AT5 98 BA PRk

BEAE VR 2 I BRI R R, IR M4 O 12 B FRANIR[3]. 7E SAR ATR 4k, 52ET44
BRUCHC [4) AR A PLRE ST iEAR b, JE TR BE M2 I 2% 1 1 B B ShARE SR B A 35 . o, He EAR
RAE T IE AT T BRI Z M 25 (CNN). CNN LAZIRT7 R SR EBRFE, SAF K BB LR, FHrTEL
7o HEHL SAR BMG I RS SN . 2022 4F, Liu ZE NIRH T —MaliBAmamg:, 4~ ConvNeXt,
B e R ERENER CNN, MG CNN, ConvNeXt HikH ik, ¥ /D(6]. SR, ZFHH
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XarTFk. DL, A0 BREUCEATT ) R AR e DA s A $e b 22 e 7. A 7T R A SAR BRI
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Figure 1. Structure of the multi-frequency network model
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RRAE, BEORBAY F)RHERNEE /1. CNN SR WA 2(a) iR, 5% ConvNeXt HIJH &, CNN HiH— R 7%
HB 7 x 7T EBBEKADN. BHLLN). 1 x 1 FF. GELU BiF K% . SimAM VEE AREAI 1 < |
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Figure 2. Diagrams of different processes
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Figure 3. Implementation details of the CNN block, Trans block, and FFU block in stage 3
3. 5B 3 MY ERAY CNN BR, Trans $RF0 FFU BRAGSEINZATS

BT DU SR 5 1 2 H DR 3R 9 45 (Bayes-MFN) B T VR FE MR 22 X 8 M0 (1) 52 2% 1, F3h 240
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PR IR LE, DIV 2 U b 25 52 bk . S HOAT DL SRR 2500 5 (1 5 BSR4 #g AR 5C 14
SR TR R RGBT B AR DUE AR 2 S SR BUE A 10 7 ek e, BRSNS
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RAE A ] 5 AR HEERAE 24 (SOCs) R4 F i/ E 2 HH(EOCs) [17]. SOC 5 72 VI Zr A AR SE A AS O
USRI A AN, ABREAR 1) 7 415 R bR BCE AR T Ot A, BOC a1t 2 I 2R FilliR S 7
MM EE . Bbsg SCRIA R 3 FAG 23 22 R iSO, (2 UL SOC B 5 A+ 114r 4T 55 . MSTAR %
PEAE T &M R AT H) SAR BIE, 35 128 x 128, 158 x 158 Al 177 x 178 4% . NV F4F Hbr R~ —
v, RGBS A AR B AR T X S18T308 128 x 128 85K . 78 SOC 4r2Kkh, L4 10 R 40 H AR,
3% BMP2 (S5 <} %), BRDM2 (3 H 152 %45). BTR60 (B Hiz#fi %), BTR70 G H iz %), D7 (JfE+
Hl)s T62 (7). T72 (HH7E). ZIL131 (H %), ZSU234 (A 4T2055 25 1) M1 281 (A AT M3 . Il ZrAnin
PREA N BIREAE 17°F0 150 M R AR A EE . 4 4 Box 7 MSTAR $E 55 th oA A 4240 H AR e 22 B
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Figure 4. Ten class vehicle targets for optical images (top) and SAR images (bottom)
4. SR FEGNXEERMBIR(LEF)F SAR ElfgR(T7)

4% EOC 4328, INGEMMRE 2 MFERKESR, WA, SR, B i B R m)
Et SOC SEARL. Kk, I AT THERE AR, B E ML SOC T NEE ., Rl AT st 7t[18], AW
T S M B R E W H AR: T72. BRDM2 fil ZSU234. IR FIINRFEA SN BIRET 17°F0 30° R4
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Table 1. Specific parameters of MFN model
1. MFN REM A K-S Y

DA
g ﬁijﬂ‘ R NeXt-SimAM 432 g}i’%f{;ﬁlfﬁi = Swin Transformer 43¢
32 % 32,
- %6 4x4, 96 - 4 x4, 96
%4
FE}’IL 32 % 32, d7 x 7,961 x 1,3841 x 1,96 —1x%x1,96— Window size =7 x 7 head = 3,1 x 1,96 x
= 96 x2d7 x 7,961 x 1,3841 x 1,96 x2  — 1x 1,96 2window size =7 x 7 head = 3,1 x 1,96 x 2
Fr 16 % 16 2x2,192 1x1,384 Patch merging
123 192 d7x7,1921 x 1,7681 x 1,192 x 2d7 A ko g4 Window size =7 x 7 head = 6,1 x 1,192 x 2
= x 7,1921 x 1,7681 x 1,192 x 2 VEpOoL ks, § window size =7 x 7 head = 6,1 x 1,192 x 2
i 2 %2384 Patch merging
— 1 x 1,384« . .
Bt 8x8,384 d7x 73841 x 1,15361 x 1,384x2d7 |, ;34  Window size =7 x 7 head = 12,1 x 1,384 x 2
= x 7,3841 x 1,15361 x 1,384 x 2 ’ window size =7 x 7 head = 12,1 x 1,384 x 2
N global average
% 1x1,1 i pooling i
T 1 x 1, numclass

M d7 x 7. 96 XHFHFRIEL AN SN, Hh d ARALBH, 7 x 7TAEREBRIEAD, 96 RE
HHIEH. Avgpool k2, s4 KoK 2 x 2 B Ak & FUR/NAE O 4 34T (1 P A7 A R4

e, I 2 R RERE 7 3R A5 3 S SAR FHE(S BB &L . £ 4 R Fib 2 5, SAR
AR At R AT 4 2
3.3. MSTAR SRR S ST
33.1. NHEBS R HER

K T3 5356 MEN I TOASE S BT84 : epochs 22 213K (k) TR TEJ(wd) 8 S E L AL

R/ SOC F1 EOC sk IR AL 45 KA 2 Fros. T — A Sei i iR L KB 2 554 SAR
KGR AT 22K

Table 2. Optimization results of Bayesian hyperparameters in SOC and EOC experiments using the MSTAR dataset
% 2. 7£ MSTAR ¥uiE& L1 R NS B 1T SOC F1 EOC SRR

B socC EOC
I ] 180 180
E{1Acw AN 16 8
)R 0.0039 0.00016
R 0.0335 0.0356

3.3.2. SOC LR

1E SOC 536, 3 3 B T R=T 10 ff SAR 280 H AR VELNE B . TEUIGEMMRES, 17°F0 15°
TN, 331 2747 ASF1 2452 4~ SAR ZEREHEREA
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Table 3. Detailed information on vehicle targets under SOC in the MSTAR dataset
= 3. MSTAR #iE&+ SOC FEMBMRAIFHER

i UES PAIREN
151 BE K e 15 £ J5E o
251 17° 299 15° 274
BMP2 17° 233 15° 195
BRDM2 17° 298 15° 274
BTR60 17° 256 15° 195
BTR70 17° 233 15° 196
D7 17° 299 15° 274
T62 17° 299 15° 273
T72 17° 232 15° 196
ZIL131 17° 299 15° 274
ZSU_23 4 17° 299 15° 274

£ SOC SE36H, A ARG T 10 Fh =59 B AR AR 45 R RIE R FE I 5 Fros. WA b 0 2
B FEERIEX AL b, RBIXLE B R RS KBS0, BRI RIAE] T 99.26%. 1
SOC Szu6H, Pt R P RE B . A B F1 0800 55 %) T 99.18%. 99.29%41 99.23%. 2SI,
BRDM2 Fil BTR70 =R ks # IR S T 100% . RIEFERF o, ZIL131 FRORS R 2 S MG, — 28 ZIL131
PIEHE B R R 8 BRDM2 Fl BTR60, A]REAE R ZIL131. BRDM2 Fl BTR60 fE AR ERAR &1
AR . RIS, 7E SOC SEIGH, B BRI T RAFHIRAIHERE, A RE0TE T HA k.

Confusion matrix

100
2S1 UKl 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
BMP2 1 0. LR 0.00 0.00 0.51 0.00 0.00 0.51 0.00 0.00
80
BRDM_2 -4 0.00 0.00 pleefeld 0.00 0.00 0.00 0.00 0.00 0.00 0.00
w BTR60 4 0.53 0.00 0.00 EEEYA 0.00 0.00 0.00 0.00 000 0.00
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Figure 5. Ten categories of SAR vehicle target confusion matrix under SOC
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Table 4. Detailed information on vehicle targets under EOC in the MSTAR dataset
# 4. MSTAR ##E&+ EOC THMBIRIFMIER

i UES PAIREN
151 BE K e 15 £ J5E o
T72 17° 299 30° 133
ZSU_23 4 17° 299 30° 118
BRDM?2 17° 298 30° 133

1E EOC s286H, Frid MR yRIEHFE A 6 Frs, F TR =M 450 B AR R A 45 3. HR
AETR RIS T 10 Fh B FRA U R, HAAS] 94.27%. 76 EOC SZi6, P AR (K kS i 22
HEIZEM F1 15570 k3] 94.39%. 94.40%A01 94.24%., S5 RFH, At (R B RIFRZ A A&
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Table 5. Experimental results of MSTAR dataset ablation
5 5. MSTAR HUEE BB R

ik LR
SOC EOC
ConvNeXt 7337 86.52% 69.01%
+Swin Transformer 433 95.13% 92.71%
+SimAM 96.21% 92.97%
+ Tk 99.26% 94.27%
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Figure 6. Three categories of SAR vehicle target confusion matrix in EOC experiments
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Table 6. Comparison between Bayesian optimization hyperparameters and empirical selection
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Table 7. Comparison of model performance before and after using the Bayesian optimization algorithm in the MSTAR da-

taset
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MFN 96.21% 95.95% 96.18% 95.99% 92.97% 93.01% 93.19% 92.93%

Bayes-MFN 99.26% 99.18% 99.29% 99.23% 94.27% 94.39% 94.40% 94.24%
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