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Classification of SAR radar images using CNN-
GA network
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Abstract

This research presents an intelligent framework for the automatic classification of ground
targets in Synthetic Aperture Radar images. The principal challenges addressed are the
diversity of target characteristics and the presence of inherent speckle noise, which
complicate manual analysis and classification. To address these issues, a hybrid architecture
based on a Convolutional Neural Network and a Genetic Algorithm is proposed. In this
method, the Genetic Algorithm is employed for the automated optimization of the CNN
architecture's hyperparameters, while the Lee filter is utilized in the pre-processing stage to
effectively reduce noise and preserve edges. Performance evaluation on the standard
MSTAR dataset demonstrates that the proposed method achieves a remarkable accuracy of
99.33% in classifying the denoised images. This result clearly indicates the superior
performance of the proposed method compared to other conventional approaches. The
outcome of this research confirms the high efficacy of the hybrid approach in addressing
the complex challenges of SAR image processing and represents a significant step towards
the development of robust Automatic Target Recognition systems.

Key words: Synthetic aperture radar, Classification of images, Convolution network,
Genetic algorithm.
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Epoch | Iteration | Time Elapsed | Mini-batch | Mini-batch | Base Learning |

|
|

| | | (bh:mm:ss) | BAccuracy | Loss | Rate |
| |
| 1] 1] 00:00:09 | 14,065 | 2.5123 | 0.1000 |
| 1] 50 | 00:03:29 £7.19% | 0.8260 | 0.1000 |
| g 100 | 00 2 78.12% | 0.4157 | 0.1000 |
| 2] 150 | 00:10:36 | 70.31% | 0.6541 | 0.1000 |
| % 200 | 00:14:06 | 95.31% | 0.1153 | 0.1000 |
| 3] 250 | 00:17:34 | 92,19 | 0.1210 | 0.1000 |
| i 300 | 00:20:59 | 96.,88% | 0.0695 | 0.1000 |
| 4] 350 | 00:24:21 | 96.88% | 0.0654 | 0.1000 |
| 4] 400 | 00:27246 | 95,443 | 0.0349 | 0.1000 |
| 4] 42 | 00:28:35 | 100.00% | 0.0102 | 0.1000 |
!
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Init: ing input data normalization.

| Epoch | Iteration | Time Elapsed | Mini-batch | Mini-batch | Base Learning |
1 1 1 (hh:mm:ss) ] Accurac Y 1 Loss 1 Rate I
1 1
| 1 1 00:00:24 | 12.50% | 3.1016 | 0.1000 |
1 1 50 | 00:04:41 | 65.62% | 0.8241 | 0.1000 |
1 x| 100 | 00:08:3%5 | 81.25% | 0.5118 | 0.1000 |
1 - | 150 | 00:12:27 | 71.88% | 0.5579 | 0.1000 |
I £ 200 | 00:16:23 | 95,31% | 0.0941 | 0.1000 |
1 3| 250 | 00:21:04 | s6.e8% | 0.0885 | 0.1000 |
1 31 300 | 00:25:16 | 96.88% | 0.0808 | 0.1000 |
1 P 350 | 00:28:54 | s2.48% | 0.0811 | 0.1000 |
1 g | 400 | 00:32:34 | 100.00% | 0.0111 | 0.1000 |
I 51 450 | 00:36:18 | 100.00% | 0.0150 | 0.1000 |
1 51 500 | 00:40:01 | @8.44% | 0.0240 | 0.1000 |
1 5 1 515 | 00:41:06 | 100.00% | 0.0150 | 0.1000 |

accuracynetworkResult =
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Classification Of MSTAR Targets
1
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Network °

m CNN (with noise)
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