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Abstract

Synthetic aperture radar (SAR) automatic target recognition (ATR) detects and classifies targets automatically. However, acquiring
real SAR data is challenging, which leads to the use of synthetic datasets generated using computer-aided design models and
electromagnetic simulations. A distribution gap between the synthetic and real data causes performance degradation when trained models
are applied to real data. In particular, variations in the signal-to-clutter ratio (SCR) alter the target and clutter intensities, which worsens
performance. To address this issue, we propose an SCR-based data augmentation technique that integrates existing Gaussian noise and
Gaussian mixture model augmentation methods to improve generalization. Experiments show that models using SCR augmentation
achieve an average accuracy that is 24 % higher than that achieved by those without augmentation.
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Table 1. Composition of synthetic and measured data.

Synthetic (train) Measured (test)
2s1 174 174
bmp2 107 107
btr70 92 92
ml 129 129
m2 128 128
m35 129 129
m548 129 129
mo60 176 176
t72 108 108
zsu23 174 174

8 3. §A dele el 43 wlelE e tSNEX Azt
Fig. 3. T-SNE visualization of synthetic and measured data.
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Table 2. Classification accuracy on measured dataset with data augmentation.

Conventional augmentation Domain generalization
Translation, rotation, scaling SCR fluct Gaussian noise Soft segment randomization
Model (TRS) (SCR) (GN) (SSR)
Synth.+ |Difference Synth.+ (Difference GN+SCR |Difference SSR+ | Difference

St A rs@y | B4y | O serpy | 00 | NE L m | @R | SR soran | meo)

ResNetl8 | 7391 | 3093 | —4298°| 7391 | 8796 |+1405 | 82.60 | 89.14 | +654" | 89.14 | 90.11 | +0.97
MobileNetV2| 2693 | 1948 | —745 | 2693 | 8542 [+58497 | 56.38 | 89.07 |+32.69 | 8126 | 89.59 | +8.33"
EfficientNet| 79.56 | 2327 | —56297| 7956 | 81.12 | +1.56° | 7130 | 8579 |[+1449" | 8384 | 88.77 | —0.07
AconvNet | 57.69 | 24.83 | —32.86 | 57.69 | 8394 [+2625 | 7553 | 8490 | 937" | 8899 | 8290 | —6.09"
AM-CNN | 69.67 | 2788 | —41.797| 69.67 | 9279 [+23.127 | 7985 | 91.89 [+12.04" | 91.07 | 9338 | +231"
Average | 6155 | 2528 | —3627 | 6155 | 8625 | +247 | 7313 | 8816 |[+15.03" | 8786 | 8895 | +1.09"

*. .

Indicates performance decrease.

*k . .
Indicates performance increase.

679



THE JOURNAL OF KOREAN INSTITUTE OF ELECTROMAGNETIC ENGINEERING AND SCIENCE. vol. 36, no. 7, July. 2025.

5 ASE B ol WA o153 37 Fe N A2

297, 298 9L HAL B

i)
tilo
offt
%

#7, il
% (zero padding)°] B St2 WellslaL, w2 ol S H Aoz y#Hsly] Wil EHQl zolg ¢std 4 ot
of AFot7|Erhe B 83 9% HHo o ks WA T A% HAFth o7]¢ SCRE F718 4%, FeE
A7) wzolth. o] Ak Wed] HolHTE F7MI71E A HEdo] U% thgsten, Asol 1.09 % o
MO = ANish e R glon, wuldl S43 19 62 2zt §Ad ElolE, 7H-AIQ A, SSR S
o[ge] oquE AT S0l FositE Ae HolEn of et t-SNE AlZksk 23E vepdith o714 o'
wuQl dutst S 7IWES] ARdME 4 HolE A Hlolg e 54, x& 54 HolHe 545 nd
20 35E Bdo] T EHlelA EE 2ol 9 % o tSNES &% A48 2345 Z9EY, SCR $74=
ool Aes VS5 Asol® B, AS volEdA e BE AgAM FHs 7] Aol FE AT
= %ol 2A AstEdt ol A FEoA A5 gk 9 39 A A9 HlolH ¥ 9} Wk
T 2l Ao7h B FEAN FHHA FuS B < o, &l o] & FPHh o]E F3l, SCRe L
Fth 28k, A9k SCR 718 F7 71 SAR 4739 e Ao dA dolE gk A5 oy 7he] mmQl 2}
A S0 FeES %4 74e] 9L B Aol wh o]F ¢t & Slte A APHOE HoFETh
35l o A LTH o] Ynts ‘ﬁ;@%]% = E
;],néﬂi L’ﬂ 7;13 5 ;%ij%i ‘:0; . OJE ji:;;; 2 4-4 Unknown Clutter0l| CHet 22 43 H|il
ojel € ®He AR 54 Sgs TheshA drk % 32 35 dolEl9} Hut dlolE 7+ Tuel zho] 7}
TO8, TFpASE #5E B vy 39 A% A skE Aggel A, PR 9] 2218 (unknown clutter)7h
A dolEte FEAe WET FAH2E 1158 % e H7h delEAldl tigh 2+ 7 71l A des
P, AZS] EE QL Aol 7H AR 7h-A < Nwd A7 vehdth 34 SAR OB 7Y 2
Feoll SCR T2 A8 A, Be LdddA 450l e §ANS oz 2o} 9o}, ulFd ZE
A FENH, BEH LR 1508 % F< 715A of g AuE 2dEe] YA aoi®l vk, 4= dlojg
ol 7HPAIRE #Hol SAR @ Al AF3 g F = 79 ZegRY op]g Yl 7 A4 2 Bgs)
7etel SeE BEIA A3 U] WS freshA A8 122 239 073 29 4L A A3
T MEANS e AEetA ko] wiEolth v 24 o)) we}l, 7 ZE 7ukezut sk o) v
SCR 5745 F7ket 749, 88 9o d94 9] ¥ #9 ZHE7 23 3AGAE Auls A= 928
S fristo] MEdS 2T & Aok B9, SR 5% T YEAE AFA7] 8, MSTAR SeiE 93-S 45
T AT A R FeE B ohE 24 8 Gatol FAste] 43RS SR 1Y 7& 4%
ddAl = Y7) Wsks 1EE 5 3lo], A HlolE T SAR Aol A therat e £3E dAE HoZ)
& ot Aut H 52 A% e olgodn 4 glolE] 78k BEL HFA 02 22 %] A 3
v Ete 2, SSR HolH S 9 F 7w 2 A Blom, 7h9-Aek ol SCR 7S 71 7

L f & -
....,}- . A ' T he BRI ¢

@ Sy L. - - =
e LI A e - .
¢ : . <
“ ~ & % ’*
Synith Synth+5CR G GH+SCR S5R SSR+SCR

8 6. TSNES §3 A 37+ A48t
Fig. 6. Visualization of latent space using t-SNE.

680



3. wlole] Sl uhE vAe SHEAAY B AE
Table 3. Evaluation performance on unknown clutter with
data augmentation.

Syntht GN+ SSR+
scR | N oser | SR ger
ResNetl8 [70.71] 7985 [77.62] 7941 [84.83| 84.75
MobileNetV2[ 34.94 | 82.45 [57.03| 8238 [77.84] 89.07
EfficientNet |64.91 | 77.84 [69.73| 8454 |[83.79| 85.87
AcomNet |5245| 7323 |65.13| 7584 |78.14 75.16
AMCNN [65.87| 8572 [7524| 87.73 |[85.87| 85.79

AVG  |5778] 79.82 |6895| 81.98 |82.09| 84.13

Model  |Synth.

M&0 T2

a8 7. vAY SEE7E 3E QS HolE 9] dA]
Fig. 7. An example of measured data containing un-
known clutter.
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Fig. 8. Classification accuracy based on SCR fluctuation
in measured data (ResNetl8).
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Fig. 9. Classification accuracy based on SCR fluctuation
in measured data (aM-CNN).

H 4. 4=

dlo]ee] SCR ¥F

of w2 '8 E(ResNetl8)

Table 4. Classification accuracy based on SCR fluctuation
in measured data (ResNetl§).

SCR Fluct, Syntht Nt SSR+
@ Y oger | N ger | SR ger
=3 217 | 688 | 187 | B8 |72 | 742
T35 [ 289 | 747 | 236 | %23 | 817 | 819
2 1368 | 195 | 35 | 862 | 854 | 871
~15 [ 481 | 835 | 467 | 877 | 873 | 894
~1 588 | 855 | 615 | 889 | 883 | 902
05 | 679 | %65 | 746 | %88 | 886 | 905

0 | 739 | 880 | %26 | 890 | 891 | 901
05 | 758 | 881 | 854 | 893 | 889 | 899
T [ 768 | 881 | 883 | 883 | 887 | 897
5 [ 762 | 876 | 886 | 851 | 888 | 893
3 758 | 817 | %84 | 875 | 886 | 887
25 | 749 | 879 | 882 | 871 | %83 | 885
3 |72 | 875 | 874 | 867 | 879 | 834
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5. A5 volE 9] SCR ¥WFol wE AEE(AM-CNN)
Table 5. Classification accuracy based on SCR fluctuation
in measured data (AM-CNN).

SCR Fluct. Synth+ GN+ SSR+
@ | ger | N oser | SR ser

-3 16.1 741 | 146 | 767 | 724 | T18

—25 21.7 816 | 180 | 822 | 809 | 85.1

—2 262 | 868 |192| 860 | 8.1 | 893

—15 33.5 899 | 258 | 892 | 8.2 | 912

—1 449 | 913 [ 413 | 909 | 900 | 925

—0.5 60.1 924 1606 | 915 | 911 | 936

0 703 928 799 | 919 | 911 | 934
0.5 760 | 926 | 865 | 920 | 90.7 | 93.0
1 802 | 918 |81 ] 920 | 9.9 | 928
L5 839 | 915 |88 | 919 | 90.8 | 923
2 84.5 912 894 | 921 904 | 915
25 854 | 908 |904 | 920 | 9.3 | 912
3 86.1 90.9 1900 | 915 | 900 | 909
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