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ABSTRACT: Pavement inspection is one of the most important steps in the implementation of the
pavement management system and extend efforts have been conducted to increase the efficiency of this
system by using new technologies. In recent years, transportation agencies focus on creating automatic
and more efficient systems for pavement inspection and a large number of researches have been done
for this aim. According to the progress of computer science, data mining and machine learning as
computer-based methods are used more in various areas (such as engineering, medical and economy),
and significant results have been achieved. In the pavement management area, several researches have
been performed to apply the machine learning, especially in pavement distresses evaluation. In this
paper, the theoretical concepts have been explained, and several models have been created based on
deep convolutional networks using transfer learning to detect and classify pavement cracks as the most
prevalent pavement distress, and the performance of these models has been evaluated considering
learning and test speed, and accuracy as the most important performance parameters. The results of this
research indicate that the speed of models almost depends on the characteristics of pre-trained models
that applied in the transfer learning process. Also, the accuracy of models based on various metrics
(Sensitivity, F-score, etc.) is in range of 0.94 to 0.99 and indicates that deep learning method can be used
to create expert systems for detection, classification, and quantification of pavement distresses such as
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1. INTRODUCTION

Transportation infrastructures have a deep influence on
economic development, urbanization, and globalization [1,
2]. Also, this part of the infrastructure improves the quality
of people’s life. Roads are one of the most important parts of
transportation infrastructure that have an extensive and direct
effect on the daily life of humans and provide the possibility
to move peoples and goods [3]. The pavement management
system plays a very important role in the management of
roads and has a direct influence on the quality and safety
of roads. An efficient pavement management system creates
work planning for pavement maintenance in optimal time, by
a correct maintenance technique, and with optimal cost [4].
These aims become possible when the pavement inspection
information (such as pavement distresses) is collected
correctly.

In recent years, data mining and machine learning
approaches have been the most utilized methods for the
reorganization of the pavement distresses [5, 6]. Pavement
distresses can be divided into cracking and non-cracking
distress. Cracking distress in the pavement are the most
prevalent pavement distresses, and cracks have a great impact
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on reducing the design-life [7, 8]. The pavement cracks can
be divided into two general categories that are named surface
cracks and linear cracks.

Deep learning is a kind of machine learning technique
that is developed based on neural network concepts. The
Convolutional Neural Network (CNN) is one of the most
popular deep neural networks that have wide applications
in processing and extraction of features from data such as
pavement images [9-11].

In this research, a machine learning method based on
convolutional neural networks has been applied with transfer
learning for implementing the detection and classification task
on pavement cracks. Also, the performance of the different
models has been compared based on speed and accuracy.

2. METHODOLOGY

As can be seen in Fig. 1, the research process contains four
main steps, including: data collection, pre-process, training
and testing models, and evaluating the performance of the
models.

Pavement images have been collected as inputs of the
process in three classes, including surface cracking, linear
cracking, and non-cracking. Then a pre-processing has been
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Fig. 1. Main steps of research
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Table 1. Details of datasets

Training dataset

Dataset Testing dataset
Training | Validation
Surface cracking 400 100 250
Linear cracking 400 100 250
Non-cracking 400 100 250
Total 1500 750

Table 2. Time spent in the various process (second)

Pre-processing Train Test
for each image for each image  for each image
(on average) (on average) (on average)

Pre-trained CNN

AlexNet 0.482 0.019
SqueezNet 0.383 0.017
GoogleNet 0.637 0.024
ResNet-18 0.644 0.021
ResNet-50 0058 1.944 0.041
ResNet-101 3.823 0.054

DensaNet-201 12.908 0.089
Inception-V3 2.951 0.053

Fig. 2. Performance metrics

Models | Accuracy| Sensitivity | Specificity | Precision | Recall | Fscore
AlexNet 0978 0.967 0.983 0967 | 0.967 | 0.967
SqueezNet 0.991 0.986 0.993 0.986 | 0.986 | 0.986
GoogleNet | 0.989 0.984 0.992 0.984 | 0.984 | 0.984
ResNet-18 0.979 0.968 0.984 0.969 | 0.968 | 0.968
ResNet-50 0.974 0.961 0.981 0.961 | 0.961 | 0.961
ResNet-101 | 0.972 0.957 0.979 0958 | 0.957 | 0.957
DenseNet-202|  0.984 0.976 0.988 0.976 | 0.976 | 0.976
Inception-V3 | 0.985 0977 0.989 0977 | 0.977 | 0.977

conducted on input images to creating more obvious and
clear images. Table 1 presents more details on the prepared
datasets for training and testing process.

In the training process, eight pre-trained models based on
CNN have been applied by using transfer learning technique.
AlexNet, GoogleNet, SqueezNet, ResNet-18, ResNet-50,
ResNet-101, DenseNet-201, and Inception-v3 are pre-trained
models that applied to retrained based on collected training
datasets by using transfer learning. After the training process,
the created models were applied to perform crack detection
and classification on the testing dataset.

It should be noted that all computations were performed
in MATLAB 2018b by using a personal computer with a
64-bit operating system, 8.0 GB memory, and Intel(R) Core
i7-4710HQ @ 2.50 GHz processor running a GeForce GTX
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850M graphics processing unit (GPU).

3. DISCUSSION AND RESULTS

After performing the experimental work (data preparing,
training, and testing), the performance of the models has
been evaluated based on two aspects including models speed
in training and testing and models accuracy in the detection
and classification of the pavement cracks.

The summarized information on time spent in data pre-
processing, models training, and testing has been presented
in Table 2. It should be noted that the speed of the models
depends on the characteristic of pre-trained models applied
in the training process.

As can be seen in Table 2, some of the models such
as AlexNet, SqueezNet, GoogleNet, and ResNet-18 are
significantly faster than others.

To evaluate the efficiency of the models in crack detection
and classification, the confusion matrix was calculated to
achieve performance metrics such as accuracy, sensitivity,
specificity, precision, and F-score. The average of the
performance metrics in three classes has been presented in
Fig. 2.

As shown in Fig. 2, the performance metrics of all
models are in the range of 0.94 to 0.99. Also, SqueezNet
and GoogleNet have more effective performance than other
models, and SqueezNet has the best performance according
to all metrics.

4. CONCLUSIONS

This research tries to apply machine learning techniques
for detection and classification of two general types of
pavement cracks, including surface cracks and linear cracks.
For this aim, eight pre-trained CNNs have been retrained
based on pavement images using transfer learning method.

Results of the research indicate that SqueezNet has the
best performance with regard to speed and performance
metrics. Finally, according to the performed experiment and
presented results, several important points can be concluded
as follows:

- By using machine learning techniques, the data mining
approaches provide efficient systems to perform pavement
inspection tasks such as cracks detection and classification.

- Retraining the pre-trained CNN by utilizing transfer
learning is an efficient method to create a classifier model for
pavement crack detection and classification, especially when
there is a constraint in processing power and available data.

- Prepared data for the training process and the
characteristics of pre-trained models have a great influence
on the model’s performance.

- Determining the best model is a tradeoff between process
power, available data and the level of performance required.
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Fig. 4. Process of creating convolutional layers
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Table 1. More information on pre-trained models
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Fig. 8. Effect of histogram equalization on clarity and quality of images
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Table 2. Collected datasets

5ok olles
ot olbdes (5 A
s e ‘.. P
YO« Voo AR GE}JQ)?J)J
YO - Yoo ¥ LS:-J::_.:‘;QJ?J)S
YO« VO &3.@.7_4

o ool ioles Vo JSS j0 aS jghailen ool opl jo ol dnles
S350k il 5 4138l 0)90 VY B Ve Sl ae Lo laJus
ol o bl cpl iy o0 SIS oy Cdo YL @4 by s
s o Jao lss Slelae £, 5| 15 o8 (5,500 e siol
diges dlass .Cawl J1ST ;2 40 (Loolo) odiged dlass gl yuss
D Ol pdad gloools slawd U Sy s Wilgi oo 1SS 2 o
Wied )08 D3l e Aol ST ja 30 diges ol olass
2 50 Agad VO slawd (B3l lei 4 daxei b dlie ol ool
0,90 S raL?u‘ ‘_;‘).: P)Y )‘)Sa Slaus .ol oo 4.._‘3; BN )‘)S.:
D9 o Cymens O alaly 5l oolainl b (6,500

i=ﬁ (o)

n

50 Dges o N g pdei glaosls JSolaas N 398 alail) jo a5
Lol H1SE

Sl LSS A QLSS 2 50 Wged VO (28,5 S s azg b

g el 3L (00l0) diged VYoo Sl Sice (5,80 0,90 SO el

pll Wb JISE VY e 0 650k 0,90 V0 plxl sl ggezme o

4 i il ol (S 1SS sl STaS ceul S5 4 a5V 09

A ales ilsn ley il g (3l 8Ll b St 5

Aol Ho A5 Wi (6,500 oyl AlSS lade o 6,80

Y¥e

3 Sglae pgas YO« batws 51 oo gl izen ol 0uls
S8 po ol oad a3 )5l s Jae b)) Slr pedes pslas
ssbie 4 gl 50 oald 43S IS 4 pgla 5l diges wiz A
Sl 00l ooy isles by Juw colu
295 10 Egorme y0 d9h os odalin ¥ Jgaz 3 45 jshiles
VYoo olaws cpl 5lhasS cal ouds oolainl by Jow (5,:850L &g, 4o
ol a8 5 IS ay i liel lp poai Voo g sl Glp gl
Sasleez s ) sl npad VO ggazme 1o (rizpan ol

sl 00 oolazwl 9

GSob anlyd swlol sl il -V-Y

syl 5l (Sl dedae cole w56l i
slasi 4y g ge aloz (] 51 45 Wigd (pad (550l gy 0 e
Jadie g T g S0l F LSS Sl FLLSS 0 sols slaws Mo yg0
Gl el Ol (Sl SR ol )0 sed o)Ll failss
el 0als &1 o el )b

ool solas a5 Slads slaws 4y (6 ,.50L (sleo,go olaws
98 o0 bl gl oo 4385 )5 4 laJoe (6 S0l g 5o s
397 e oNpd 43S LA )3 0l o yed slasd a5 (S)9e 0
So 3l gtion 3l ley Rl g Aln ALl ks SMSs

GSob anlyd s sl [adl cas o,g0 laws jog o5 <S50

Epoch

Batch Size
Iterations
Learning Rate
Momentum

G LN =



YYVA B YYD doxio V¥AR Jlo A 0,loud DY 093 ¢S ool (ol pos susio 4yl

Accuracy (%)
&

Epoch 1 Epoch2 Epcl)ch 3 Epoch4 Epoch 5‘ Epoch6 Epoch?7 Epcl'ch 8 Epoch9 Epoch lo’Epoch 11Epoch 12 Epofh 13 Epoch 14 Epoch 15J

0 200 400

800 1000 1200

151
@
173
o
-

05

o DNOA NUNMA SN ALKE, o  J20 . i

0 200 400 800 1000 1200

Iteration

Fig. 10. Sample of the training process

(4l ilizen Jolpo 50 o b oloj . ¥ Jou
Table 3. The Spent time in various stages (second)

lo Jue bl by Lo Jaepelai oo il G ol s
Cegai 2 815 (rgai 2 815 (a2 $15)
Y [EAY AlexNet
Y -I¥AY SqueezNet
[ YF VAN GoogleNet
oYy L FFY ResNet-18
[-DA

R VAFF ResNet-50
.[-0F FIATY ResNet-101
JJeAR AY/AA DensaNet-201
NNy Y/A0) Inception-V3

5 i 3 b Jae <85 5 12l g 65k 5o laue S
5 bJae o Slee Lol yiully g0 flgie a4 b S5 g 4w

R WP TOSRY

oz slosls (gak aiws 9 (5 Sl ey -F-)

Sl elp cwl ouls sols iuled Y gaz jo a5 jghilen
ol Bl e slaanlp jo ead (b gl daJae e e
ol 38,5 18 (23590 L Jae (2L 9 xS0k

9 ol 5l G b pie Oldes &5 (pl 4 azg L

5ol o) sy dilitee Sl ,s el g anisls 5T s WSol
g e 4335 L )3 /4

woles 5 550k Sllee I35 3T sla il callio cnl 5o
ool ad)S I o (laSy Djgo 4 Sl meled e Sl slaoe
w3l g Cudgame cde 4 ResNet-101 Jow sl Jg ol
e (1 Jgoz Billae) Joo sloyel )l slasi g Ges (09 YU
4 355 o 6 5ol Slilos plonil gy alibls slas CyliS aoe 4
VY ol ResNet-101 oo ,1,S5 50 0 diges olass Lo en
ol oads ax8 )F a5 o

ool b alis gl 5o oot plomil lslons 5 b y33ls 0 oolos
ol BS A (o PF ol ol b gt Fgmals S
Intel(R) Core i7-4710HQ @ 2.50 ou55lo 5y calabl> glas
il sas slmilGeForce GTX 850M 315 ousjls s GHZ

£330 Geos 6 S0l gilwosly g pgal (o3l Sldas rizman
ol 00 ‘).>|MATLAB 2018b )U.é\

W ¥

5 el sbosls bl laJoe (5250wl plsil 5l

Sl 5l eswl s a5 gl (g5l sloesls bl 5 s Sb )|

Yy



YYVA B YYA0 dxio VYRR Jlo A 0)lous @Y 0553 S ol lpos swite 4 pis

—
=

- 12.966
3
g’ 12
9 10
-:1
)
8
9
5o
§? 3.881
-;‘ * 3.009
EE)
. 2.002
P | == [ [
X X X o D S G i
¥ ) ca o N N S <
Yber & & S =F =& & &
> & & & < Q)
= & & & G Qé@ &
Bimbei O 505 G
G r50L Oldas 5 Lduo Cas puw dung o L 1Y SO
Fig. 11. Speed of models in the training process
0.6
-%
3
:‘5’ 0.5
9 0.4
A
2
Y 03
.3\
1 02 0.148
=) 0.100 0.112 0.111
-3 ) = — - — . . .
0 _
X X X > D N O .
el = & & g N » o
\e“r ee:\’ QQ} 3 < & & ‘_oe‘\
v o s 20 <« & & B
i A
Bty Bgsleon gin

2L Oldes ;3 1 oo Cas puw dunglin NY S
Fig. 12. Speed of models in the testing process

GoogleNet AlexNet o Joo .l osls olais! 545
FuS 50 5ok anls sl LResNet-18  SqueezNet
Nl eS e wax polal o)l Sldee plosl 5 4l S
G50k Sldee jo bJoe plo a4 Cond VL S pu wasl
Slaals byl
Syo b SqueezNet Jowo wols obj,l sloJow cpo yo

yyy

Ghslin VY1) sl Ss o wed oo pbwl bJae b))
5 ol G) Sol Oldes o b Jow o,Sles Cepw
oad &l (2Ll s Bl ) b))l Sllee g (el
Oldos )0 098 o0 cdalin b S (pl o a5 jghiles ol
bosls (o3l Gy & Slbee b 5l 52l e 6250k
3 pokal G5l e anld K00 (o ) el aidly olais
ol bl s BB e dadoe o Shee b5 Slles



YYVA B YYD doxio V¥AR Jlo A 0,loud DY 093 ¢S ool (ol pos susio 4yl

Ldowo 5,5dos goler (2U 3,1 F Jguar
Table 4. Performance of models
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