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Research on Detection Algorithm for Bridge Cracks Based on Deep Learning

LI Liang-Fu! MA Wei-Feil LI Lit LU Cheng!

Abstract
if the classical deep learning models were used to detect the bridge cracks directly. In order to solve these problems, an

The traditional image processing algorithms failed to detect the bridge cracks and the effect was not ideal

algorithm for the detection of bridge cracks based on deep learning was proposed. Firstly, the bridge images with cracks
were divided into smaller bridge crack patches and bridge background patches by using the window sliding algorithm.
According to the analysis of the patches, a classification model based on convolutional neural network, called DBCC (Deep
bridge crack classify), was proposed and the model was used to identify the bridge background patches and bridge crack
patches. Secondly, the DBCC classification model combined with an improved window sliding algorithm was used for the
detection of bridge cracks. Finally, the algorithm was accelerated by using a search strategy of combining image pyramid
and ROI. The experimental results show that the algorithm has better recognition effect and stronger generalization ability

compared with the traditional algorithm.
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(a) Detection results of
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(b) Detection results of
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(d) Detection results of
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Fig.1 Schematic diagram of classical depth learning
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model and bridge crack characteristics
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Fig.2 Schematic diagram of manual expansion of bridge

crack surface metadata set
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Fig.3 Image characteristics of bridge cracks
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Fig.4 Schematic diagram of bridge crack surface and

background surface
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Table 1  Modeling parameters from the input layer to the second pool layer of the DBCC model
ikl LN = BRZE 1 Max-Pooling 1 BRZ 2 Ave-Pooling 2
CIFAR10 32x32x3 Convb-1-2-32 MP3-2-0-32 Convb-1-2-32 AVE3-2-0-32
DBCC-A 16 x 16 x 3 Conv3-1-1-32 MP3-2-0-32 Conv3-1-1-32 AVE3-2-0-32
DBCC-B 16 x 16 x 3 Convb-1-2-32 MP3-2-0-32 Convb-1-2-32 AVE3-2-0-32
DBCC-C 16 X 16 X 3 Convb-1-2-32 MP2-2-0-32 Convb-1-2-32 AVE2-2-0-32
DBCC-D 16 X 16 x 3 Convb-1-2-32 MP2-2-0-32 Conv5-1-2-64 AVE2-2-0-64
DBCC-E 16 x 16 x 3 Convb-1-2-32-LRN MP2-2-0-32 Convb-1-2-64 AVE2-2-0-64
DBCC 16 X 16 x 3 Conv5-1-2-32-LRN MP2-2-0-32 Conv5-1-2-64 AVE2-2-0-64
# 2 DBCC B 3 BRZ 2 th 2452 M B AR UG d 24
Table 2 Modeling parameters from the third volume accumulated layer to the output layer of the DBCC model
prEidl HRZ 3 Ave-Pooling 3 BRUZ 4 FC1 Dropout JZ FC2 L o
CIFAR10 Conv5-1-2-64 AVE3-2-0-64 — 2 — — Softmax
DBCC-A Conv3-1-1-64 AVE3-2-0-64 — 2 — — Softmax
DBCC-B Convb-1-2-64 AVE3-2-0-64 — 2 — — Softmax
DBCC-C Conv5-1-2-64 AVE2-2-0-64 Conv2-1-0-64 2 — — Softmax
DBCC-D Convb-1-2-128 AVE2-2-0-128 Conv2-1-0-256 128 — 2 Softmax
DBCC-E Convb-1-2-128 AVE2-2-0-128 Conv2-1-0-256 128 — 2 Softmax
DBCC Convb-1-2-128 AVE2-2-0-128 Conv2-1-0-256 128 Dropout 2 Softmax
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Fig.9 Schematic diagram of image pyramid and ROI

acceleration strategy
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Fig.10 Schematic diagram of DBCC model bridge crack

detection results
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(a) Original image
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(b) Detection result
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(c) RLEVEMR &R

(c) Crack extraction result

(d) Rz (R 4 (e) R EfL AR

(d) Detected cracks (e) Crack location result
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Fig.11 Flow chart of crack extraction and location

algorithm based on bridge crack surface element

Hob i 12 f955 1 AT o850 1 a2 2
2 oS 2 WRE AR 5 3 155k 3 Al
S AR A, BT DBCC BRI 2

# 3 NTHEEREY W BT DBCC #ALHAIMER 1 221

Table 3  Effect of artificial data set amplification on recognition accuracy of DBCC model
W AR T Y BB Y DBCC #RIER 1%L HERIZE %
500 7. 353 70.6
500 ¥l 489 97.8
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Fig.12 Comparison between CIFAR10 model and DBCC

model for bridge crack detection
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PAH, X FEER MR 16 B x 16 B FE K/
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Table 4  Accuracy of each model for bridge crack surface element identification
15 A BUEETH IO EL ZUETH TR (18FR) IEFRR B 2LEE TR (18) PRI R (%)
0 CIFAR10 1000 8x8 34 3.4
1 CIFAR10 1000 16 x 16 347 34.7
2 CIFAR10 1000 32 x 32 976 97.6
3 DBCC-A 1000 16 x 16 954 95.4
4 DBCC-B 1000 16 x 16 958 95.8
5 DBCC-C 1000 16 x 16 960 96.0
6 DBCC-D 1000 16 x 16 970 97.0
7 DBCC-E 1000 16 x 16 973 97.3
8 DBCC 1000 8% 8 48 4.8
9 DBCC 1000 16 x 16 979 97.9
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Table 5  Effect of algorithm acceleration strategy on the

recognition algorithm in this paper

WA P RS ARSI (s) SRADIEE S FENT (s)

1 16.976065 3.345511
2 17.332235 3.324066
3 16.834522 3.295553
4 17.793048 3.500678
5 17.123332 3.349923

A3
e Wi 5

(@) J5il4 (b)7,=03 (©)7,=06 () T,=096  (e) L ARIN TR RILE
(a) Original image (b)7,=03 () 7,=06 (d) 7,=0.96 (e) Final extraction result
of bridge cracks
P13 MRS B Tp X TR R RGE R BIBOR 1 50

Fig.13 Effect of probability discrimination threshold T}, on bridge crack identification
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Table 6  Position coordinates of bridge crack location
PR B2 i b m kbR (18 3) Fi T AR ALAR (123)
1 (239,0) (381,512)
2 (0,98) (512,370)
3 (0,33) (512, 385)
4 (218,0) (294,512)
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o
<

(a) R

(b) DBCCRIMETR (o) AR AR () B4 SE L 55 R
(a) Original image (b) Detection result (c¢) Crack extraction JE R bRE (e) Crack location
of DBCC model result (d) Stamping of crack result

(d) PR 248

extraction result on
original image

Bl 14 BT R AR T R R AR SR U TR I A5 5R 14 52 )

Fig. 14

Influence of the bridge crack extraction algorithm based on bridge crack surface element on detection
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Fig. 15 Influence of various crack detection algorithms on accuracy of bridge crack location
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Table 7 Quantitative analysis of location accuracy of bridge cracks
RS S < 10 BEMHETR (%) S <20 BEMIMERHZE (%) S <30 BEMIMERZE (%) SPJIBATIRTE (s)
AR 53 ) 10.4 20.0 27.4 0.998
FFA #yk0] 13.4 27.1 34.8 3.976
BUNB RIS 17.6 37.6 61.0 11.493
AR CEE 46.6 67.4 84.4 3.468
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Fig.16 Detection results of the main stream crack detection algorithm and our algorithm for bridge cracks image
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Table 8 Quantitative analysis and comparison of bridge crack detection and extraction algorithm

Sk IR B SIS FFA $13% T/ MR E IR SR IS

P TERR Pre/Rec Pre/Rec Pre/Rec Pre/Rec
551 IR 15.7%/16.3 % 89.3 %/91.5 % 90.3 %/91.5 % 97.5%/98.7 %
55 2 % 12.5%/9.5% 67.5%/83.5% 73.5%/80.4 % 92.39 %/94.6 %
% 3 IEER 5.6 %/5.57 % 90.5 %/90.3 % 63.3%/64.39 % 94.5%/96.3 %
5 4 IR IE 7.8%/7.5% 18.3%/21.7 % 35.7%/20.3 % 91.31%/92.5%
5 5 IREG 10.1%/13.4% 73.2%/63.7% 91.2%/93.5 % 91.6 %,/90.4 %

SFEIBATHE (s) 0.936 3.896 11.314 3.357

B 17 BT AR T A R A

Fig. 17 Partial results of bridge crack detection based on our algorithm
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