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[Abstract]

Aerial scene is greatly increased by the introduction and supply of the image due to the growth of digital optical imaging
technology and development of the UAV. It has been used as the extraction of ground properties, classification, change detection,
image fusion and mapping based on the aerial image. In particular, in the image analysis and utilization of deep learning
algorithm it has shown a new paradigm to overcome the limitation of the field of pattern recognition. This paper presents the
possibility to apply a more wide range and various fields through the segmentation and classification of aerial scene based on the
Deep learning(ConvNet). We build 4-classes image database consists of Road, Building, Yard, Forest total 3000. Each of the
classes has a certain pattern, the results with feature vector map come out differently. Our system consists of feature extraction,
classification and training. Feature extraction is built up of two layers based on ConvNet. And then, it is classified by using the

Multilayer perceptron and Logistic regression, the algorithm as a classification process.
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Fig. 1. Graph-based image segmentation using SIFT flow
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Fig. 2. Image segmentation of aerial scene.
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Table 2. Parameter shape of layers.

Layer # Position Shape

Layer 0 input (1, 1, 28, 28)
\ (20, 1, 5, 5)
Conv (1, 20, 24, 24)
Maxpooling (1, 20, 12, 12)
output (1, 20, 12, 12)

Layer 1 input (1, 20, 12, 12)
w (50, 20, 5, 5)
Conv (1, 50, 8, 8)
Maxpooling (1, 50, 4, 4)
output (1, 50, 4, 4)

Layer 2 input (1, 800)
W (800, 500)
output (1, 500)

Layer 3 input (1, 500)
w (500, 4)
output (1, 4)
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Table 3. Class accuracy rate.

Class accuracy rate(%)
Fig. # Road Building Yard Forest Average
Fig. 9 63.22 82.80 84.83 89.36 80.05
Fig. 10 84.24 91.71 80.41 99.80 89.04
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Table 5. Class accuracy rate of Image 9.

0% -
: Class accuracy rate of image 9
50%a :/‘ Road Building Yard Forest | Average
S CNN | 63.22% | 82.80% | 84.83% | 89.36% | 80.05%
0% 1 | . CNN
40% 4 —=—LR 5977% | 8397% | 8535% | 9149% | 80.15%
: iR +HL1
2052 g4 N CNN
. \L I \_,.\L =R 62.07% | 81.05% | 87.15% | 9149% | 80.44%
20% - e e — +HL2
: \ \J A CNN
o A 62.07% | 80.17% | 84.83% | 9043% | 79.38%
o : W V +HL3
e L CNN
0% T T T T T e e e 60.92% | 8251% | 84.83% | 8149% | 77.44%
1 40 80 120 160200240 280 320 2860400440 480 +HL4

J8 12, Exfold Azt olfg
Fig. 12. Training Error per training time. E 6. 18 109 H&x
Table 6. Class accuracy rate of Image 10.

¥ 4. 245 7= Class accuracy rate of image 10
Table 4. Structure of hidden layer. Road Building Yard Forest | Average
Structure of hidden layer CNN | 84.24% | 91.71% | 80.41% | 99.80% | 89.04%
Layer Input Hidden layer Ouput CNN
HL1 85.71% 90.73% 78.35% 99.80% 88.65%
CNN 800 500 4 ENN
CNN+HL1 | 800 500 100 4 +HL2 85.71% 89.76% 82.47% 99.80% 89.44%
CNN
CNN+HL2 | 800 | 500 300 ‘ 100 4 s | 8571% | 9L71% | 7742% | 99.80% | 8866%
+
CNN+HL3 | 800 | 1000 500 4 NN
85.71% 92.68% 80.41% | 100.00% | 89.70%
CNN+HL4 | 800 1000 500 ‘ 100 4 +HL4
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