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Abstract Various pipes are buried in the city as needed, such as water pipes, gas pipes and hydrogen pipes.
As the time passes, buried pipes becomes aged due to crack, etc. these pipes has the risk of accidents such
as explosion and leakage. To prevent the risks, many pipes are repaired or replaced, but the location of
the pipes can also be changed. Failure to identify the location of the altered pipe may cause an accident
by touching the pipe. In this paper, we propose a method to detect buried pipes by gathering the GPR
images by using GPR and Learning with Faster R—CNN. Then experiments was carried out by raw data sets
and data sets augmentation applied to increase the amount of images.
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Fig. 1. GPR Exploration path
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Fig. 2. GPR Sample Image
2.2 Faster R—CNN
Faster R—-CNN=> ZA1E FAJsh= Held 719k 2o

t}. Faster R—CNN-2 o]d 2dlel R—CNN[6] 3} Fast

R—CNN[ 71914 Region Proposals B33F= Selective

Search &112)%5 RPN (Region Proposal Network) 2.

2 AN T B SRS S AR o]

t}. Selective Search ¢8558 Region Proposalol A

E2 ATE BIAT, CPUNA F2tlA AAHQ] sk

2 Z2 A7kl Selective Search YaE]F o2 ol8] W

Egigo] FAYSIA AR 57t =K. o]d| H]s

RPN GPUOIM &= g2to] a1, Faster R—CNN¢} HE

AAE TN AR 3P 1, AR aRdERl

t}H8,9]. ZL#jA Faster R—CNN2 RPN} Object

Detection®.2 TAJ¥ItE RPNl o]ulx]oj A &4

7} J&uket of#] TR regionsS AQFslal, Object

Detectionol| A= RPNol| A #|¢F3F regionsel] o3l &5

g 23sii gk, £ =72 GPREHE I oA &

Hi] 2] A HE Faster R-CNNO.Z 815310] wljyke] 9]

28 FAN A s}

Faster R—CNN< Z7] RPN¥} Object Detection -2

T3, Fig. 37 22 Fxo|t).

Feature Map

Region Proposal

5| Region Proposal | A 2
Network (RPN)

(e

Object Detection
(Faster R-CNN)

Fig. 3. Faster R—CNN Process
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Fig. 4. Faster R—CNN 13—Layer Structure

2.4 Data augmentation
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Fig. 5. Faster R—CNN Learning Process
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Table 1. Experiment Environment

Parameters Version
0S Ubuntu 16.04
Graphic GTX 1080
CUDA 8.0
cuDNN 5.1
Python 2.7
Tensorflow 1.2
model VGGNet(13—Layer)
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Fig. 8. Data set C
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Table 2. Experiment result symbol meaning

Symbol mean
Oa Number of actual pipes, Actual O
(6} Number of pipes precisely predicted
X Number of pipes mistakenly predicted
? Number of pipes not found

Table 3. Experiment result

Results Oa 0 X ?
A 11 11 0 0
B 22 14 1 8
C 23 2 2 21

Fig. 10. Data set B verification image example

) 13A-1sgy

Sle)

_—

Fig. 11. Data set C verification image example
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Fig. 12. Graph result with augmentation applied

Table 4. Result with augmentation applied

tep 500 1000 1500 2000 2500
Data

100 0.394 0.421 0.367 0.368 0.368
200 0.520 0.528 0.444 0.516 0.443
300 0.425 0.520 0.432 0.456 0.372
400 0.473 0.513 0.553 0.442 0.438
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