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Abstract: A novel classification model for SAR image target classification, named Multi-Attention Feature
Fusion Network (MAFNet) was proposed. Firstly, a multi-head self-attention mechanism was applied to the
original image to capture global information. Secondly, a covariance attention mechanism was introduced to
further enhance the representation of channel and spatial features. Thirdly, a shallow robust feature downs-
ampling module was incorporated to more efficiently extract effective information from the raw image. Finally,
the three attention-based features were fused to obtain more representative SAR image features. This approach
overcomes the limitation of traditional convolutional neural networks, which only extract features within a local
receptive field. By enhancing deep features in both channel and spatial dimensions and integrating features
containing global information, the model significantly improves classification accuracy and robustness.
Experimental results on the MSTAR dataset under the SOC condition show that MAFNet achieves a clas-
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sification accuracy of 99. 96 %, outperforming other existing algorithms.

Key words: SAR image classification; MSTAR dataset; attention mechanism; feature extraction
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common DCNNG in optical image classification
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Fig. 10 Comparison of the ROC curves between MAFNet and the commonly used DCNNSs in the field of optical image classification
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Tab.4 Comparison of classification accuracy of outstanding networks for different targets in optical image classification

IR FARZE B 43k BE/ 6

IMHTTIE
2S1 BMP2 BRDM2  BTR60  BTR70 D7 T62  T72  ZIL131  ZSU234 Total
MAFNet 100.00  99.49 100.00 100.00 100.00  100.00 100.00 100.00  100.00 100.00 99.96
EfficientNet-BO ~ 63.50  68.21 94.89 96.92 93.37 9270 84.62 93.37  99.64 98.91 88.70
Resnet18 95.62  98.97 100.00 100.00 100.00  97.81 98.17 98.98  100.00 100.00 98.89
ShuffleNet 9.12 37.44 75.91 25.64 58.67  48.54 36.63 48.47  56.57 93.80 49.94
DenseNet121 96.35  98.97 100.00 99.49 100.00  93.80 97.44 99.49  99.27 99.64 98.31
MobileNetV3 30.66  38.46 70.44 45.64 43.88 7044 40.66 39.29  62.77 70.80 52.54
MobileNetV2 25.18  42.05 84.31 52.31 57.14 5474 3590 57.14  68.25 96.35 58.02
Resnet50 91.97  96.92 100.00 100.00 100.00  95.62  94.14 98.98  100.00 100.00 97.61
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Tab.5 Comparison of experimental settings and classification
results for different SAR image classification networks

Tk KNP Uil HERI =/ 6
b X N - L EYAA
Pl g
ICBAM _CNN 128128 95.59
CNN-A 128 X128 98.50
. R - m =0 Sup-ConL 224X 224 ) 99.06
PR e A-ConvNet 88X 88 17 15 99.13
. Resnet-D-J 64X 64 99.67
Figll Comparison of training loss curves MAFNet 128128 99.96
6 AJA] SAR EME A JMEAE MSTARBRAE [ (¥ 43 A5 B Xt 1L
Tab. 6 Comparison of classification accuracy of different SAR image classification networks on the MSTAR dataset
ANTF B ARSI 5 S/ 6
YA —
2S1 BMP2 BRDM2 BTR60 BTR70 D7 T62 T72 711131 7SU234
ICBAM_CNN™' 91,97 88.21 95.26 93.85 98.47 99.27 93.04  100.00 99.27 95.97
M-Net? 99.64 99.49 99.64 99.49 100.00 99.64 100.00  100.00 99.27 100.00
A-ConvNet™* 98.18 98.98 99.27 96.41 99.49 99.27 99.63  100.00 99.64 99.64
Sup-Conl™ 98.18 91.84 98.54 96.92 92.35 98.91 97.44 95.41 98.18 99.27
CNN-A® 97.08 93.19 98.91 90.77 98.47 99.64 98.17 99.83 99.27 98.91
MAFNet 100.00 99.49 100.00 100.00 100.00 100.00  100.00  100.00 100.00 100.00
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Tab.7 Ablation experiment results
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