J. Internet Comput. Serv.

ISSN 1598-0170 (Print) / ISSN 2287-1136 (Online)
http://www._jics.or kr

Copyright © 2019 KSlI

GPR 3l el 7]k CNNE o83} vl %] 34 o

A Study on the Pipe Position Estimation in GPR Images Using Deep
Learning Based Convolutional Neural Network
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ABSTRACT

In recently years, it has become important to detect underground objects of various marterials including metals, such as detecting
the location of sink holes and pipe. For this reason, ground penetrating radar(GPR) technology is attracting attention in the field of
underground detection. GPR irradiates the radar wave to find the position of the object buried underground and express the reflected
wave from the object as image. However, it is not easy to interpret GPR images because the features reflected from various objects
underground are similar fo each other in GPR images. Therefore, in order fo solve this problem, in this paper, to estimate the piping
position in the GRP image according to the threshold value using the CNN (Convolutional Neural Network) model based on deep
running, which is widely used in the field of image recognition, As a result of the experiment, it is proved that the pipe position is most
reliably deftected when the threshold value is 7 or 8.
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2.1 CNN(Convolutional Neural Network)

CNN Z2 |l 7]9he] A & oju]x] Q1o A
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(22! 1) FAta1st Deep CNN 28 1%
(Figure 1) Abstracted Deep CNN model structure
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2.2 Inception V1(GoogleNet)
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2.3 ImageNet Pretrained Model
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network Convolutional
network
‘ New classifier ‘ ‘ New FC layers ‘
Output ‘ ‘ Output
Feature Extraction Fine-Tuning

(38l 2) Feature ExtractionZ} Fine-Tuning(10)
(Figure 2) Feature Extraction and Fine-Tuning
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(Figure 3) Origin GPR image
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(Figure 4) Extracted image with pipe
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(Figure b) Extracted image without pipe
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(Figure 6) Flowchart of pipe detection process
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(Figure 7) How to build validation image
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(Figure 8) generated validation image
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(Figure 9) Heatmap for Figure 3
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Table 1) Configuration of experiment environment

—~ o~

0Ss Ubuntu 16.04 LTS
Graphic Nvidia GPU 1050

CUDA CUDA 8.0

cuDNN cuDNN v6.0 for CUDA 8.0
Python Python 3.5.2

Tensorflow 1.4

(& 2) &% dlole +4
(Table 2) Configuration of Learning Data
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(Table 7) Normalized score by data according to
threshold

A(Oa=17) B(OA=18) C(Oa=11)
QIAZL [scorel|score2|scorel|score2|scorel| score2

5 0.76 | 0.59 | 0.39 | 0.33 | 0.06 | -0.36
6 0.82 | 0.71 | 0.39 | 0.33 | -0.14 | -0.55
7 0.82 | 0.71 | 0.42 | 0.39 | -0.18 | -0.64
8 0.82 | 0.71 | 0.42 | 0.39 | -0.41 | -0.91

9 0.74 | 0.65 | 0.33 | 0.28 | -0.41 | -0.91
10 0.76 | 0.66 | 0.08 | 0.11 | -0.50 | -1.00
" 0.68 | 0.53 | 0.08 | 0.06 | -0.50 | -1.00
12 0.59 | 0.41 |-0.08|-0.17 | -0.50 | -1.00
13 0.62 | 0.47 |-0.17 | -0.23 | -0.50 | -1.00
14 0.62 | 0.47 |-0.17 | -0.21 | -0.50 | -1.00
15 0.44 | 0.24 |-0.33|-0.33 | -0.50 | -1.00
16 0.35 | 0.12 | -0.44|-0.50 | -0.50 | -1.00
17 0.26 | -0.47 | -0.44|-0.63 | -0.50 | -1.00
18 0.00 | -0.35 | -0.44 | -0.67 | -0.50 | -1.00
19 -0.18 | -0.66 | -0.44 | -0.64 | -0.50 | -1.00
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(Figure 12) The normalized score2 according to the

change of the threshold of the data set
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