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Intelligent Detection and Classification of Drainage Pipe Defects Based on
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Abstract; Traditional drainage pipe defect detection needs a lot of manpower. To cope with the
problem, a system for automatic detection and evaluation of the drainage pipeline defects was established
based on an artificial intelligence algorithm—convolutional neural networks ( CNN). Six common
pipeline defects (crack, disjoint, obstacle, residual wall, tree root and normal category) observed by
CCTV video images were learned, trained and tested by the model. The training and validation accuracies
of the CNN model were 100% and 97% , respectively, and the average recognition accuracy of the six
kinds of pipeline defects reached 90% , which proved that the established model could well identify the
defect types without the need of relevant detection expertise. The CNN model had a high confidence in
the detection of the tree roots and disjoints, followed by the residual walls and cracks, and the
classification accuracy of the obstacles and the normal type was the lowest. The deep learning is feasible
in the field of automatic detection of the drainage pipe defects, and the model has good generalization

ability, which provides a scientific and accurate detection tool for the detection of the pipe defects.
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Fig. 1 CNN structure and maximum pooling operation
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Fig.2  Sample pictures of pipe defects
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Fig.3  Adoption of data augmentation ( geometric and color

transformation )
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Fig.4  Structure of CNN model
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Fig.5 Training, validation and prediction accuracy of CNN

model

Bl 6 S 752 HE K 7 T8 R B P TR B B, IR
PSSR BT 100% |, 43 2K M e Rl ki 2%
L], CNN 575 E 4% 11 B TR0 AN [) 2 0 ) B
EAB SR . FERIHRAR S 1195025 RE 71
i MERRFR BT 96. 2% F193.3% . LIRIAR Jy i), 4
FUIZE R B R A 96. 2% (1 L3R 0] DL IE % R 9%
BB, 1.0% HEIA A IEH 0. 8% #5 A R4 1251,
B ) R B 3 ) A R L R 223, 3 R 0.7 %
1A 0. 5% S5 R ERES IR . 1559043 2E BE T Hh sk Bl
IUAR AN e LY (L e i 49 0 T R 248 ) 1 o
FRARAR, LA 85. 5% H1 83. 9% , i B V-2 /K
ZEPEIR R o ESR UE, AIE 5 A B TR R 22 B ik
JEAU I T #R LA AR = A P S

1 1 1 1 1
258 m 2.5% — 3.4% — 1.8% — 2.6% — 0.7% -
| | | |

HTT - 0.6% «ﬂ» 0.0% — 0.5% — 4.8% — 0.8% - 80%
| | | |
E{;ﬂ EH = 0.0% —14.9% 0.2% — 0.0% — 1.0% - 60%
l’)g
= Lo Lo
B B - 25% — 0.7% — 0.0% 10.6% — 0.7% - 40%
| | | |
SRR - 5.6% — 1.1% — 0.0% — 3.4% 0.5% - 20%
| | | |
R - 13% — 0.7% — 0.0% — 1.1% — 0.7% 0

1 1 1
B AR IR R
TSR

B6 HeKEBEEREIRAEEER
Fig.6  Classification accuracy matrix of pipe defects
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Fig. 7 Sample images of CNN model classification performance
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Fig.8 Multiple classification results of sewer defects
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