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Abstract

Synthetic aperture radar (SAR) imagery suffers from chronic data scarcity because of the high operational costs of SAR systems
and the associated security constraints that limit large-scale data collection. To address this limitation, we introduce a data-augmentation
strategy that converts raw spatial-domain SAR images into frequency- and eigenspace-domain representations, thereby creating three
complementary views that are fed concurrently into a convolutional neural network. Experiments on moving and stationary target
acquisition and recognition benchmarks revealed that under reduced-data conditions, the proposed multidomain input scheme consistently
surpassed models that were trained on a single domain. Further evaluations across a wide range of signal-to-noise ratios with systematic
adjustments to the amount of training data, confirmed the robustness of the proposed multidomain approach under both noisy and
data-scarce conditions.
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Fig. 1. Spatial-domain, frequency-domain, and eigenspace-
domain SAR images.
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Table 1. Number of images in the MSTAR dataset at de-
pression angles of 15° and 17°.

Depression angle (17°) | Depression angle (15°)
Target — :
Train images Test images

BMP-2 233 195
T-72 232 196
BTR-60 256 195
BTR-70 233 196
BRDM-2 298 274
ZSU-23/4 299 274
281 299 274
T-62 299 273
D7 299 274
ZIL-131 299 274
Total 2,747 2,425

(@) T-72
32 99
(@) T-712 (b) T-72 (¢ T-72
Spatial domain Frequency Eigenspace
domain domain

5%
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Fig. 2. Domain-specific visualization of MSTAR target images.
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Table 2. Target classification accuracy of spatial- and multi-do-
main according to training data usage (ResNet-34).
(Unit: %)

Train dataset usage (2,747 (100 %)|1,373 (50 %) {824 (30 %)
Spatial domain

(I-channel) 971.57 93.65 90.60

Frequency domain 95.30 9221 29.81
(1-channel)

Eigenspace domain 9361 90.52 £5.20
(1-channel)

Spatial & frequency

domain (2-channel) 97.94 94.02 91.22

Spatial & frequency

& eigenspace domain 97.44 94.39 91.59
(3-channel)
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Table 3. Target classification accuracy of spatial- and multi-
domain according to training data usage (Efficient-

NetV2-S).
(Unit: %)
Train dataset usage |2,747 (100 %){1,373 (50 %)| 824 (30%)
Spatial domain
(1-channel) 96.08 93.44 82.97
Frequency domain 9365 29.90 R6.43
(1-channel)
Eigenspace domain 987 8751 8165
(1-channel)
Spatial & frequency
domain (2-channel) o7l 9414 88.95
Spatial & frequency
& eigenspace domain 97.94 93.11 88.91
(3-channel)
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Table 4. Target classification accuracy for three-channel mul-
ti-domain and single spatial-domain inputs under

varying SNR conditions (ResNet-34).

(Unit: %)
Train dataset usage |2,747 (100 %)|1,373 (50 %)| 824 (30 %)
Spatial 96.91 92.95 85.98
domain
SR 10 dB——
i 97.24 94.02 88.16
domain
Spatial 95.59 89.77 80.58
domain
SNR 0 dB|—"
i 95.79 91.75 89.32
domain
Spatial 8326 77.40 63.01
SNR domain
~10 dB '
Multi 86.23 85.03 80.33
domain
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