/—J J. Korea Water Resour. Assoc. Vol. 55, No. S-1 (2022), pp. 1177-1185 pISSN 2799-8746
@ doi: 10.3741/JKWRA.2022.55.S-1.1177 eISSN 2799-8754

Development of real-time defect detection technology for water distribution and
sewerage networks

Park, Dong Chae® - Choi, Young Hwan®*

"Undergraduate Student, Department of Civil and Infrastructure Engineering, Gyeongsang National University, Jinju, Korea
PAssistant Professor, Department of Civil and Infrastructure Engineering, Gyeongsang National University, Jinju, Korea

Paper number: 22-048
Received: 21 July 2022; Revised: 18 September 2022; Accepted: 22 September 2022

Abstract

The water and sewage system is an infrastructure that provides safe and clean water to people. In particular, since the water and sewage
pipelines are buried underground, it is very difficult to detect system defects. For this reason, the diagnosis of pipelines is limited to
post-defect detection, such as system diagnosis based on the images taken after taking pictures and videos with cameras and drones
inside the pipelines. Therefore, real-time detection technology of pipelines is required. Recently, pipeline diagnosis technology using
advanced equipment and artificial intelligence techniques is being developed, but Al-based defect detection technology requires a
variety of learning data because the types and numbers of defect data affect the detection performance. Therefore, in this study, various
defect scenarios are implemented using 3D printing model to improve the detection performance when detecting defects in pipelines.
Afterwards, the collected images are performed to pre-processing such as classification according to the degree of risk and labeling of
objects, and real-time defect detection is performed. The proposed technique can provide real-time feedback in the pipeline defect
detection process, and it would be minimizing the possibility of missing diagnoses and improve the existing water and sewerage pipe
diagnosis processing capability.

Keywords: Pipeline defect detection, Artificial intelligence, Image data training, Real-time detection and diagnosis
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Step 2: Pre-processing of defect image data |

| v'Each image data is generated by capturing an li
! image of the configured defect data set.

+ Crack (parallel / vertical axis) « Surface damage

(L

«+ Connection defects - Joint step/departure

‘Defect dataset

+ Sedimentation Exfoliation ~ + Pipe breakage

Step 1-2-2: Generation of defect image by 3D printer

li

v According to the defect scenerios, defect V

model is printed by 3D printer | |
considering the combinations of defect |

scenarios

v Capture for the defect image in the 3D
defect model

{jStep 2-1: Classification of Risks by defect severity

5/ Extract the scale and crack shape of various defect image data and
! classify them into Risk 1 and Risk 2 according to the severity of the defect.

Extra Feature Layers

[ e |

Endoscopic :
camera * b

~o e}

Endoscopic drone

Fig. 1. The flowchart of Real-time defect detection technology for scenario-based water and sewage systems
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(a) Crack (parallel axis) (b) Crack (vertical axis)

(e) Connection defects

(f) Surface damage
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(d) Sedimentation and Exfoliation

B

(9) Joint step/departure

(h) Pipe breakage

Fig. 2. Examples image of defect in pipeline

Table 1. Configuration of pipeline defect scenarios

Scenario No. Defects Variance range (Interval) No. of possible cases

1 Crack (parallel axis) 0.1 - 0.5 mm (0.1 mm) 5
2 Crack (vertical axis) 0.1 -0.5 mm (0.1 mm) 5
3 Connection defects Problem existence 2
4 Sedimentation and Exfoliation 0-100% (20%) 5
5 Surface damage 0-100% (20%) 5
6 Joint step/departure Problem existence 2
7 Pipe breakage Problem existence 2
(a) (b)

(©) (@

Fig. 3. Simulated crack model using 3D printing (a) Scenario 1-2: Crack on Parallel axis, 0.2 mm, (b) Simulated crack model, (c) Scenario 2-1: Crack

on vertical axis, 0.1 mm, (d) Defect combination #1
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(a)

xy

(d) Sedimentation and Exfoliation

o S T g My
(e) Connection defects (f) Surface damage (9) Joint step/departure (h) Pipe breakage

Fig. 5. Examples defect image after pre-processing
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Table 2. Real-time defect detection results for each defect scenarios

Defects Description Scenario No. Risk 1 Risk 2 Accuracy
Observation Detection Observation Detection (%)
Crack (parallel axis) 1 40 37 50 44 89.0
Crack (vertical axis) 2 40 33 50 39 80.0
Connection defects 3 40 38 50 44 91.0
Sedimentation and Exfoliation 4 40 38 50 43 84.0
Surface damage 5 40 35 50 40 83.0
Joint step/departure 6 40 39 50 47 95.0
Pipe breakage 7 40 37 50 41 86.0
Sum 280 257 350 298 86.9
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