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Study on the Functional Architecture and Improvement Accuracy
for Auto Target Classification on the SAR Image by using CNN
Ensemble Model based on the Radar System for the Fighter

Dong Ju Lim"?*, Se Ri Song®, Peom Park®
1) Hanwha Systems
2) Ajou University Systems Eng. Dept.
3) Ajou University Industrial Eng. Dept.

Abstract : The fighter pilot uses radar mounted on the fighter to obtain high—resolution SAR (Synthetic
Aperture Radar) images for a specific area of distance, and then the pilot visually classifies targets within the
image. However, the target configuration captured in the SAR image is relatively small in size, and distortion
of that type occurs depending on the depression angle, making it difficult for pilot to classify the type of
target. Also, being present with various types of clutters, there should be errors in target classification and
pilots should be even worse if tasks such as navigation and situational awareness are carried out
simultaneously. In this paper, the concept of operation and functional structure of radar system for fighter

jets were presented to transfer the SAR image target classification task of fighter pilots to radar system, and
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the method of target classification with high accuracy was studied using the CNN ensemble model to archive

higher classification accuracy than single CNN model.
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[Figure 1] Concept of operation for auto target recognition
based on SAR image by using radar equipped
on fighter jets
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[Figure 2] Definition of some common radar imaging terms
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Depression Angle : 45 Degree

[Figure 3] Example of target image difference between 15°
and 45° of depression angle from MSTAR data set
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[Figure 5] Activity Diagram of auto target recognition based on SAR image by using radar equipped on fighter jets
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<Table 1> MSTAR data set image configuration
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<Table 2> CNN MODEL configuration
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[Figure 7] Example of image data argumentation

4) & e
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MODEL1

Layer Layer Type Description
1 Input Layer 128 x 128
2 Convolutional Layer 3 X 3 conv. 32 flilter, ReLU
3 Convolutional Layer 3 X 3 conv. 64 flilter, ReLU
4 Pooling 3%3 max—pooling, stride2
5 Drop Out 50%
6 Convolutional Layer 3 < 3 conv. 32 flilter, ReLU
7 Convolutional Layer 3 X 3 conv. 64 flilter, ReLU
8 Pooling 3% 3max—poolingstride2
9 Drop Out 50%
10 Fully Connected Layer 128 output, ReLu
11 Drop Out 25%
12 Fully Connected Layer Softmax, Number of class




<Table 2> CNN MODEL configuration (Continued)

MODEL2
Layer Layer Type Description
1 Input Layer 128 x 128
2 Convolutional Layer 3 X 3 conv. 32 flilter, ReLU
3 Convolutional Layer 3 X 3 conv. 64 flilter, ReLU
4 Pooling 3X3 max—pooling, stride2
5 Drop Out 50%
6 Fully Connected Layer 128 output, ReLu
7 Drop Out 25%
8 Fully Connected Layer Softmax, Number of class
MODEL3
Layer Layer Type Description
1 Input Layer 128 x 128
2 Convolutional Layer 3 X 3 conv. 32 flilter, ReLU
3 Pooling 3X3 max—pooling, stride2
4 Drop Out 50%
5 Input Layer 128 x 128
6 Convolutional Layer 3 X3 conv. 32 flilter, ReLU
7 Pooling 3X3 max—pooling, stride2
8 Drop Out 50%
9 Input Layer 128 x 128
10 Convolutional Layer 3 X3 conv. 32 flilter, ReLU
11 Pooling Global pooling
12 Fully Connected Layer Softmax, Number of class
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[Figure 8] Accuracy and loss rate curve of CNN Model 1

Model accuracy

1.0 4 =
—— Train
1est
o.a - ,e—e——
/ ——
—
ool ///,/,/J
£ V)
=
o.a -
—
0.z
) 10 20 s0 a0 50 s0

Fpoch

[Figure 9] Accuracy and loss rate curve of CNN Model 2
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[Figure 10] Accuracy and loss rate curve of CNN Model 3

A7) wel HAFEHA ok FAT = A

THEA REES HIER TR W] £F
Ao i 33 gk HAE HlojE = 7 2l
A 29l At wdshe 53] AAjste] o A
=g Agekglvh o dat, HES ol8d HA
E A7 99.16%% Y CNN 23 ZHzke] )
2~E ASedth oF 1.5~5.7 %p ¥oe AT

<Table 3> Single CNN Model vs Ensemble Model
Test Result

train train test test
Model | epoch | loss | A= | loss | AS=

[%] [%] [%] [%]
=5 1 1000 0.36 91.23 0.14 97.67
o 2 1000 0.68 82.67 0.21 93.45
A}

o 3 1000 0.39 90.56 0.19 95.31
Ensemble - - - 0.12 99.16
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