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Table 1 Performance comparison of different methods™’

H& A2 A7 1 ]

‘6}3‘3%% 5 G i % Overall
Classifier Feature Accuracy (%) runtime (s)
SVM HOG 81. 82 3. 681

GLCM 65.91 41.091

HOG + GLCM 84.09 56. 303

RF HOG 81. 82 8.502
GLCM 72.73 43. 477

HOG + GLCM 86. 36 60. 840

OMFF-RF HOG & GLCM 90. 91 9. 537

T - SVML SCFE ] L RE L ML AR AR 3% s OMEFF-RF , d5 43 22 F#AIE il
& s HOG B BEJ7 1] (1 #7718 s GLCM., i BE 36 A i

Note: SVM, support vector machine; RF, random forest algorithm;
OMFF-RF,optimal multi-feature-set fusion; HOG, histogram of ori-

ented gradient; GLCM, gray-level co-occurrence matrix
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Table 2 Result comparison of different algorithms"*’
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Table 3 Common feature extraction methods and their advantages and disadvantages
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Fig.4 Different application objects in crack detection
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Table 4 Crack data set
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Fig.5 Schematic diagram of CNN network structure
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Classes Contents
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[43] 40000 Concrete cracks
s 56 000 LR TF 22005 5T 58 A 73
’ Cracked and noncracked concrete bridge decks,walls,and pavements
R A
[46] 6069 Bridge crack
% 1 5
[47] 9053 Pavement images
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avement images
(507 269 s
avement images
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[51] 537 Cracks in multiple scales and scenes
Fh, 40 1) 4% e 9 ) 2 T 1 T 2
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(53] 84 Pavement images
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[55] 118 Road crack
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Pavement cracks and cracks on concrete walls
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Table 5 Performance comparison of different networks for concrete structure recognition

Neural Networks (DCNN) & #5 F F 5 51 18 £ + 24
S, T S B X ER patch BEATE0T IR A S 2 2
A 926 2 W 7 YR L T AR G A 30 GG D O
% . Zhang % H H —Fh LT DCNN LA i
W7 2% 283 I R i I 4% B 8 1 W7 i A9 €148 patch
JEmE AL HAZ Tk A gL de = Tk BA
WA IAE R . Islam S 4R I T — Bl i B
P22 W 25 (FCND H1H] T 1 S0 31 1 G % 4% Ak A1 2
HE ZRZH 1A I 26 R AT 1R 3R o0 2 L S50 30 IR 3 07 vk X
R TR BOR B HE % A 40, Dung % #F X R % +
LR IR P/ VR P S Rl o o AR L
(FCND WY BOR B J7 3% 5 48 40 000 1§ 227 X 227 1%
R AIRBE - MGG X FCON dafd 8848 £ 1T 1)
3 TR S 190 6 B AL 1 1 B AT PP A L 7 RS BE 3K 3
90% ., Feng 45" i Hh — B ) FH R B 46 B0 246 46 T
KN T 24 8L T (CDDS) i i 28 20 % 8 48 it
CDDS M £ #E47 Y1 25 | 35 E R0 3 5 b o0 0 2% SR 5 5
F ResNetl52 . FCN.UNet Fll SegNet 5 B ff) 25 5yt
T 25 5 on CDDS W 2% % i 24 80850 B A
BAFIPERE BRI R 5 TR

[69]

A FEACES Ui F1 0% YIl 25 ik (1] W3 1]
Models Recall rate (%) Precision (%) F1 score (%) Training time (min) Testing time (s)
ResNet152-based 57.49 74.99 63. 68 192 0.13

FCN 71.53 72.57 69. 37 364 0.17
UNet 78.33 77.14 76. 20 827 0.20
SegNet 79.51 77.85 77.22 362 0.21
CDDS 80. 45 80. 31 79.16 834 0.26
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Table 6 Road crack detection models
LR M4
Models Introduction
HEDL™ I VGG16 b A~ B B 1 fie J7 — 4> 4 BURRAIE [ 28 i 2 R 45 BURFAIE
Using the last convolution feature map of each stage in VGG16 to fuse multiscale convolution features
— 1) VGGG 451 B BT A1 45 B E W 4 2 R 25 B
Using all convolutional feature maps in each stage of VGG16 to fuse multiscale convolution features
SeaNet ™ 388 3 TP {6l 2 % 45 15 0% 11 it Ch 455 19X 26 ke 552 B0 s 1) i 194 2 >0 1 43
cgNe End to end learning and segmentation is realized by using encoder network and decoder network in sequence
SR ) 3590 0 K X PR 0 300 005 FLED A1 DL 4
Designed for end-to-end object symmetry detection,a fusion strategy of similar features with HED is used
‘ AT Bk BRZ Rl AT 0 B ot A4 #0 IF ) — A PR — R B U 25 H AR
U-Net!® The end-to-end boundary segmentation is performed by jumping layer {usion,and a single loss training target is estab-
lished
CrackForest™ — 0 T B AL 2 A AP B T TR I 2 S 4G T E A

— & 1] A % 0 2B BT R T ik

CrackTreet®*

DeepCrack™® — o i 30 sy T ) e ) R L s FR R £ ) 4%

A new road crack detection framework based on random structure forest

A method specially designed for pavement crack detection

An end to end trainable deep convolution neural network

RT FRAAEEFRHFEE LB ERETE

Table 7 Performance comparison of different methods on different data sets

fi Datal (CRKWH100) Data2 (Crackl.S315) Data3 (Stone331)

Models ODS 01 AP ODS 018 AP ODS o1 AP
HED"® 0. 84 0. 88 0.91 0.76 0.79 0.82 0.71 0.76 0.75
RCF™™! 0. 86 0. 89 0.91 0.78 0.81 0. 82 0.78 0.82 0.81
SegNet ] 0. 81 0. 85 0. 85 0.76 0.79 0.77 0.79 0.81 0.78
SRNHU 0. 86 0. 89 0.90 0.75 0.78 0.79 0.73 0.77 0.74
U-Net® 0. 84 0. 85 0. 90 0.67 0.70 0.74 0.75 0.77 0. 80

CrackForest™*] 0. 64 0. 64 - 0.39 0.39 - 0. 44 0.44 -

CrackTree " 0. 62 0. 62 - 0. 64 0. 64 - 0. 60 0. 60 -
DeepCrack'® 0.91 0.91 0.93 0.84 0.86 0. 87 0.85 0.87 0.88
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Fig. 6 Comparison of the number of literature on deep
learning and machine learning in different periods
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Fig.7 Application objects of deep learning
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Research Status and Development Trend of Crack Recognition
Based on Machine Learning

PENG Jiansheng'?,LI Taotao' s HOU Yaru',XU Hengming'

(1. College of Electrical and Information Engineering, Guangxi University of Science and Technology, Liuzhou, Guangxi, 545000,
China; 2. School of Artificial Intelligence and Smart Manufacturing, Hechi University, Yizhou, Guangxi,546300,China)

Abstract ; Crack recognition has always been an important research content in the field of machine vision,espe-
cially the related automatic detection algorithms have attracted much attention in recent years. As a branch of
machine learning,deep learning has shown strong function and flexibility in crack recognition. In this paper,
the development,research status and typical methods of crack recognition technology based on machine learn-
ing are introduced in detail. Firstly, the applications of various machine learning algorithms in the field of
crack recognition are introduced,and the commonly used classifiers such as support vector machine, K-Nea-
rest Neighbor,neural network,decision tree and random forest are introduced from the aspects of feature ex-
traction algorithm and application object. Secondly,the application of deep learning in crack recognition is in-
troduced from the aspects of network model,data set and application object. At the same time,81 relevant lit-
eratures in recent 20 years (2000 — 2020) are compared and analyzed in this article. It is considered that the
recognition of metal cracks is still a hot research in the future,and the mixture of multiple algorithms will
gradually replace a single algorithm as the development direction in the future.

Key words: crack recognition, machine learning,feature extraction,computer vision,image process
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