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SAR image intelligent recognition method based on improved YOLOVS

YAN Chenyu', GENG Liang'* ,DU Weiwei'**

(1. North Automatic Control Technology Institute, Taiyuan 030006, China;2. Key Laboratory of Intelligent Information
Control Technology of Shanxi Province, Taiyuan 030006 ,China)

Abstract : [ Objective] Due to the fact that synthetic aperture radar (SAR) images are sensitive to shooting angles and target
postures, it is difficult for the model to distinguish targets in SAR images. In this article, we propose an SAR image vehicle target
intelligent recognition model DCF-SAR based on YOLOvS. [ Method] First,in the model,a deformable convolutional network (DCN)
module is introduced to enhance its ability to recognize deformed targets. Second, by introducing the content-aware reassembly of
features (CARAFE) upsampling module, the efficiency of the model in the feature fusion stage can be improved. Finally, for the
purpose of further enhancing the training efficiency and feature extraction ability of the model, the Focal loss function is used to
improve the cross entropy classification loss function of the original model, so that the classification accuracy of the model and its
attention to the target area can be improved. [ Results] Experimental results on the MSTAR dataset show that the DCF-SAR model
achieves a recognition accuracy of 98. 79% on the extend operating condition (EOC) dataset with large depression angle variations,
which is 0. 12 percentage points higher than the original model. On the standard operating condition (SOC) dataset with only azimuth
angle variations and at 1/12 the scale, it achieves a recognition accuracy of 89. 13%, significantly improving the original model by
10. 98 percentage points. [ Conclusion] The DCF-SAR model is not only suitable for scenarios with large depression angle variations

but also demonstrates outstanding performance on small-scale datasets with limited azimuth angle changes.
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Fig. 1 Specific structure diagram of DCF-SAR model (the boxes with light symbol represent improvement points)
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Tab. 2 Comparison of model recognition performance

under large pitch angle changes

7k R./%
M-Net"" 97. 29
TSMALMZ 98. 52
MKSFF-CNN! 96. 21
DenseNet " 95. 34
SCNE 98.01
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DCF-SAR 98.79
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Tab. 5 The confusion matrix of the original model (1/12 scale training set)
eSS
HAI| R,/ % R./%
BTR-60 2S1 BRDM-2 D7 T-62 ZIL-131 7ZSU-23-4 SLICY
BTR-60 212 2 14 6 3 1 5 4 77.37 85. 83
2S1 13 201 13 8 15 1 8 14 77.91 73.62
BRDM-2 2 13 186 17 2 1 15 4 78.15 77.50
D7 2 5) 7 201 11 23 3 4 77.91 78.52
T-62 25 5 3 1 199 4 22 2 77.43 76. 25
Z11.-131 1 26 3 6 20 181 1 13 82. 65 72.11
;?}i_ 9 o S 9 1 6 192 14 75.29 79. 67
SLICY 10 1 7 10 6 2 9 209 79. 17 82.28
F 6 DCF-SAR R IR G KB (FE 1/12 Wl ZRaR dr it iR i 45 50
Tab. 6 Confusion matrix of DCF-SAR model (1/12 scale training set)
Fo 25
HI R,/ % R./%
BTR-60 2S1 BRDM-2 D7 T-62 ZIL-131 7ZSU-23-4  SLICY
BTR-60 229 3 3 0 5 2 S 0 92. 34 92.71
2S1 0 246 0 10 6 9 2 0 93. 18 90. 11
BRDM-2 0 8 195 12 4 6 4 11 88. 64 81. 25
D7 2 3 ) 230 0 4 8 4 77.97 89. 84
T-62 2 1 3 20 224 10 0 1 82. 96 85. 82
ZI1-131 9 1 2 9 14 206 0 10 81.75 82. 07
5537 0 1 0 13 15 12 196 4 87. 89 81. 32
SLICY 6 1 12 1 2 3 8 221 88. 05 87.01
# 7 DCF-SAR FRL5 H A A ) SURRICR X [ 100
Tab. 7 Comparison of recognition effect between DCF-SAR
model and other models 20

R./%
Tk

1/2 1/4 1/8 1/12
M-NetHH 92. 58 87.03 66. 13 45.08
TSMALM 95. 17 81.59 79. 32 68. 76
MKSFF-CNNE?] 93.78 90. 38 74. 89 53. 37
DenseNetH*) 92. 25 87.32 82.31 69. 99
SCNE? 91. 42 86. 48 78. 31 42. 83
JR RS RS 96. 21 93.82  89.57 78.15
DCF-SAR ##84 98.37  96.71  92.35 89.13
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Fig. 8 Comparison of recognition accuracy between
DCF-SAR model and other models at different
periods (1/12 original dataset)
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