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SAR ATR based on disentangled representation learning generative
adversarial networks and support vector machine
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Abstract: To solve the problem of insufficient training samples and sensitivity of the target’s aspect
angle for Synthetic Aperture Radar (SAR) Automatic Target Recognition (ATR), a target
recognition algorithm for SAR images based on a DRGAN and Support Vector Machine (SVM) was
proposed in this paper. First, a multiscale fractal feature was used to enhance the input SAR image,
and the target binary image was obtained through threshold segmentation. Hu second moments were
used to estimate the aspect angle of the target. Second, the estimated angle was quantized into a
vector, and the parameters of the designed DRGAN model were trained and optimized using these
vectors and original images. Because the deep generative model in DRGAN was designed by
disentangling the target’s pose from its representation, the aspect angles of SAR image samples could

be transformed into the same interval through this model. Normalized gray features were extracted
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from these transformed training samples, and an SVM classifier was trained using these features.
MSTAR database was used to test the performance of the proposed algorithm under different
operating conditions. The experimental results demonstrate that the classification accuracy reached
97.97% under standard operating conditions with variants, which is superior to some methods based
on a convolutional neural network. The proposed algorithm can achieve classification accuracies of
97.83%,91.77%,97.11% and 97. 04% under four extended operating conditions, respectively, which
are better than traditional methods. Despite some errors during the estimation of the aspect angle of
the object in the SAR image, the trained GAN model acting as rotation estimator of SAR objects still

achieves better SAR object recognition performance under the condition in which no complex data

preprocessing methods are used.

Key words: Synthetic Aperture Radar (SAR) image; target recognition; generative adversarial

networks; aspect angle estimation; Support Vector Machine(SVM)
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Tab.1 Architecture of discriminative model D and generative model G in DRGAN

G Fl D 251 Goe 5514
S22 R B T8 B Kb K iy RF E A s WS A TR Kb K LT
Input — 96 X96 X1 FC — 6X6X320
Convll 3X3/1 96 X96 X 16 DeConv52 3X3/1 6X6 X160
Convl2 3X3/1 96 X 96 X 32 DeConv51 3X3/1 6X6xX128
Conv21 3X3/2 48X 48X 32 DeConv43 3X3/2 12X12X128
Conv22 3X3/1 48X 48X 32 DeConv42 3X3/1 12X 12X 64
Conv23 3X3/1 48X 48X 64 DeConv41 3X3/1 12X12X96
Conv3l 3X3/2 24X 24 X64 DeConv33 3X3/2 24 X24X96
Conv32 3X3/1 24X 24 X48 DeConv32 3X3/1 24 X 24 X48
Conv33 3X3/1 24 X24X96 DeConv31 3X3/1 24 X 24X 64
Conv4 1 3X3/2 12X12X96 DeConv23 3X3/2 48X 48X 64
Conv42 3X3/1 12X12X64 DeConv22 3X3/1 48X 48 X 32
Conv43 3X3/1 12X12X128 DeConv21 3X3/1 48X 48X 32
Conv51 3X3/2 6X6X128 DeConvl3 3X3/2 96 X96X32
Conv52 3X3/1 6X6X160 DeConv12 3X3/1 96 X96X16
Conv53 3X3/1 6 X6X320 DeConvl1 3X3/1 96 X96 X1
AvgPool 6X6/1 1X1X320
FC (for D) — N, +1+N,
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ZSU234 3 K Hbr, IFEA KM T72, MEKHEA S
IR AR AR £R A 30° 0 45°°F i H AR AR A B4R, H
1t BRDM2 il ZSU234 f# 6 R B . A ST
AN AR R 305 B0 T RIS

%2 MSTAR $iE&E#ik
Tab. 2 Description of MSTAR dataset

BMP2 BTR70 T72
HPr2k% 2SI BRDM2 D7  T62 ZIL131 ZSU234 BTR60
SN9563 SN9566 SNC21  SNC71d  SN132 SN812  SNS7
WAREARS 299 298 299 299 299 299 256 233 233 232
WikeEAS 214 214 274 273 274 274 195 195 196 196 196 196 195 191
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Fig. 3 Aspect angle normalized SAR images for 2S1 class

(first 60 training samples)
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EHERE 3445 280K BE (Average Accuracy, AA)
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¥ J¥ ( Percentage of Correct Classification,
PCC) ., TEMIUREAS f 2 A2 (R 1Y 15 00 AR 43 26
FEBEIREN 97,9706, 5 HATHE T IR E CNN Y 1

TR . T8 4 Y REE S EOCI-EOCY 4%
PR ASCRE M BEONER 5 R 4A~F 75
R WRIALIE LIRS REAE R T AR
AR AIAR AT T 05 0 43 M fE B AR A K
B4y ik B T 97, 83%. 91, 77%, 97. 11%.
97.04% , ¥ 43 M B 43 53k 8 T 97, 83%,
91.77%,97.63%,97.19% . X PEHH T A SCHR
SEVE IS P AE 2 R AR S5 00 X e A 4
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R3I RAEREEZEGHETAXEEZNEEER
Tab. 3 Confusion matrix of our algorithm under standard

operating conditions

10 PCC/%

1 2717 0 0 O 0 3 0 0 O 0 98.91

2 0 262 0 0 9 O 3 0O O O 09562

3 0 0 274 0 0O O O O O O 100
4 0 O 0 273 0 O O O O 0 100
5 0 0 0 0 274 0O O O 0 O 100

0 2714 0 O 0 O 100

7 0 1 0O 0 2 0 192 0 0 0 98.46
§ 0 0 O O O O 0 553 1 33 94.21
9 0 0 o0 0 0 0 0 3 192 1 97.96

o 0 o0 o 0 O 0 O 9 0 573 98.45

AA 98. 36

OA 97.97

F4 EOCI TAXEEWREERE

Tab. 4 Confusion matrix of our algorithm under EOC1
281 BRDM2 T72(A64) ZSU234 PCC/%
281 285 0 0 3 98. 96
BRDM2 0 287 0 0 100
T72(A64) 0 0 288 0 100
ZSU234 22 0 0 266 92. 36
AA 97. 83
OA 97.83
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x5 EOC2 TAXHEEWREER

Tab. 5 Confusion matrix of our algorithm under EOC2
BMP2 BRDM2 T72 BTR70 PCC/%
T72 202 21 2487 0 91.77
AA 91.77
OA 91.77

£6 EOC3 TAXEEWRBREER

Tab. 6 Confusion matrix of our algorithm under EOC3

BMP2 T72 BTR60 T62 PCC/%

BMP2 366 26 0 0 93. 37

T72 9 377 0 0 97.67

BTR60 1 0 194 0 99. 49
T62 0 0 0 273 100

AA 97.63

OA 97.11

R7T7 EOC4I TAXEXWREER

Tab.7 Confusion matrix of our algorithm under EOC4

2581 BRDM2  ZSU234 PCC/%

251 285 0 3 98.96
BRDM2 0 419 1 99.76
ZSU234 29 0 377 92. 86
AA 97.19
OA 97.04
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Tab. 8 Overall accuracies of different algorithms under

several operating conditions
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