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A Development of Road Crack Detection System Using Object-Detection Methodology for Edge

Computing Environment

Jong Woo Ha

Graduate School of Management of Technology
Pukyong National University

Abstract

In large cities with heavy traffic and many roads to manage, it takes months to even
years to detect road cracks and repair them. One of main reasons for this
prolonged maintenance job can be attributed to manual and batch processing of
road crack detection.

Manual and visual inspections are repeated from the initial crack detection task to
the onsite re-diagnosis which cause significant delay in the maintenance process.
Currently, some local governments are attempting to automate and accelerate those
manual road crack detection and maintenance systems using artificial intelligence
technologies and edge computing devices.

In the field environment where the network connection is unstable, road crack
diagnosis should be done without relying on the central server.

During this process, the difference between the road scanner image and onsite
acquired image should be properly handled by the edge device.

In addition to this, the computational capacity required for training and operating
artificial neural networks for crack detection needs to be properly distributed among
the cloud server and edge devices.

In this paper, to handle those problems of road management system, a method for
developing mobile Internet environment over edge device that detects road cracks
and supports repair works is studied.
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(1) R-CNN
R-CNN(Girshick, R. et al, 2014)& oJujx]d] FExjsl= A7} ojw

EAANA st $Adw A8 W Region Proposal &ilg]l 55 43|

Region Proposal &alg]Folgt ojnx] Aelx AA =, =47 =
g5l EL gAE wE HEz2 FHolye AE 9wt o
Region  Proposal< S akis G F Aoz Selective
Search(Uijlings, J. R. et al.,, 2013)¢} E
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fully-connected layers (fcs, fc7)

fixed-length representation
L1 T 1 | |
N N ... S 1
4 16x256-d 4 4x256-d 4 256-d
o spatial pyramid pooling layer

feature maps of conv;
(arbitrary size)

ﬁ convolutional layers
input image
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l 2k scores | | 4k coordinates | « k anchor boxes
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t intermediate layer

sliding window
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(4) YOLO(You Only Look Once)
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Z2 3t YOLOE 98 o]n A

_23_



R-CNN <+

. A

Jepdth 1 wdol )

[e)

=

al

8

2. Run convolutional network.
3. Non-max suppression.

1. Resize image.

<a¥g I-13> YOLOY 71& 3}

YOLO®S »d 3 3

A H

[e)

R

=

=
FH 2 FA A =

<a9¥ O-13>

A Bounding-Box¢} =9
YOLO<]

A Ao 3l o
448448 A7) 9

¢

o

1=l
=

5

ki3

F R-CNN#2& 53¢

iui
Y

9. ey Az

pu

=

S 277 E0

N

el
Jjo

%0

o]

_24_



S x S grid on input

Class probability map
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Fast R-CNN YOLO

Background: 13.6% Background: 4.75%
Other: 4.0%
Sim: 6.75%,

Other: 1.9%
Sim: 4.3%

<29 TI-16> YOLOS} Fast R-CNN9 A% HE

(5) SSD(Single Shot multibox detector)

SSD(Liu, W. et al, 2016)= o2 749 SAHS &8st 7
oANM thFE =7]9 Default Boxs AL A7 A gE°] 3
+ Default Boxoll t3A AAEHE Fdst= Rz
Rdo] A3 £5 HoA EF Hie oS HAAFATH

0e AAGEAA TS} AR W2 E AAdstar Zp dbzo] gk 9
A QB9 Scores o FetA H =l SSDe A= o] gk vrAE Default
Boxel ®HAstRd o, 1A A7]e] MAaE ALEET YOLOONA A2
A9 FA7F 28 d Aol dig GHo] EAstd=t olF sAsty] ¢
&l ofe] JHel SANME AbEstaL Zhzhe]l SA YA Blgo] & =49
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(6) MobileNet

MobiletNet(Howard, A. G. et al., 2017)& A Ao} ®uld 7]7]¢] CPU
AME  AATe Aile] AHAIOR o] FoyX e AS HAFETH
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Type / Stride Filter Shape Input Size
Conv [s2 3x3x3 =32 224 % 224 % 3
Conv dw / sl 3 x 3 x 32dw 112 x 112 x 32
Conv /sl 1x1x32x64 112 = 112 = 32
Conv dw / 52 3 %3 x64ddw 112 % 112 = 64
Conv /sl 11 64 =128 56 x 56 x 64
Conv dw / sl 3 %3 x 128 dw 56 x 56 x 128
Conv /sl 11128 x 128 56 x 56 x 128
Conv dw / 52 3 x 3 x 128 dw 56 x 56 x 128
Conv /sl 1x 1 x 128 x 256 28 x 28 x 128
Conv dw / 51 3 % 3 = 256 dw 28 x 28 x 256
Conv [ sl 1 %1 x 256 x 256 28 x 28 x 256
Conv dw / 52 3 x 3 x 256 dw 28 x 28 x 256
Conv /sl 131 256 x 512 14 x 14 x 256
stonvdw!sl 323 x512dw 14 x 14 = 512
Conv / 51 1x1 =512 %512 14 = 14 x 512
Conv dw / 52 3 %3 = 512dw 14 = 14 = 512
Conv /sl 131 %512 x 1024 T w7 x512
Conv dw / 52 3 x 3 x 1024 dw Tx 7 x1024
Conv /sl 121 %1024 x 1024 | 7x 7T x 1024
Avg Pool/ sl Pool 7= T TxTx1024
FC /sl 1024 = 1000 1x1x1024
Softmax / sl Classifier 1% 1= 1000
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(7) MobileNetV?2
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(a)

(c)

<ag 0-22> ¥¢ ¥4 43Z(Sun, L. et al., 2015)
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A gkth(Shi, Y. et al, 2016).
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Input Layer 1% Conv. Layer Leaky RelLu

Max-pooling 2 Conv. Layer Leaky RelLu
512 512 512 f— _—
= = (=3 D::) 25 256
1024 1024 1024 512 512 512
3z a2 2

& ]
I
Dlmege Filtorsgm15w15u1 S FignIa3
Max-pooling 3 Conv. Layer Leaky Relu Max-pooling
= = 123[' IQ IZ:J:I |E> Y
e 256 128 2 128 128 8

128 Filters@3x3x64 =
1% FC Layer 2%FC Layer Output Layer
L]

o
Bx8x128 | © "o

=
(s o 128 Cells 5128 Newrons . .

[ o
8x8x128 {1 -~ "o
o—

o
Si id
2 igmoi

L]
C> -+ - Class Labels

o

<a¥ O-26> A¢d A3 7+x(Wang, K. C. et al, 2017)

= Ax Stgol JPHEA oy, 87HA F 4714 9 FF oA $E2 Recall

e Holr ¥ 4L BAFAL Ran.

_38_



{b) po1 |

| (don

(g) D43 {i) Class name

DOO : Liner crack, longitudinal,
wheel mark part

DO1 : Liner crack, longitudinal,
construction joint part

D10: Liner crack, lateral,
equal interval

D11: Liner crack, lateral,
construction joint part

D20 : Alligator crack

D40: Rutting, bump, pothole, separation

D43 : White line blur

D44 : Cross walk blur

<ag O-27> a4 ¢€ B4 dF(Maeda, H. et al., 2018)
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300%30001 22 19} FHIEE olw|x|9] AV|E F4d Uyt HFHoR

455 98l 600%2209] A712 F A

T AAGH] mdo] sk feir s ojw x| 7|E Hry zehslal 9l
= AA 3 ARyt Aol 9= Annotationel gt B2l o] ofn

=
A ettt sy EAjsto]obditl. <y M-4>+ 2 dAola A3

R4

Annotation 3] A Z ol o] Pascal VOCS Annotation 2ol w9t
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<?xml version="1.0" encoding="UTF-8"?>
<annotation>
<folder>CRACK</folder>
<filename>3-3r2 _s005900000.jpg</filename>
<size>
<width>3739</width>
<height>10000</height>
<depth>3</depth>
</size>
<object>
<name>APZ4}sFH4- A< /name>
<pose>Unspecified</pose>
<difficult>0</difficult>
<bndbox>
<xmin>520</xmin>
<ymin>9500</ymin>
<xmax>820</xmax>
<ymax>9800</ymax>
</bndbox>
</object>

</annotation>

<71¥ M-4> Annotation 3} A=

A ¢} Annotation®] =5

M

NS A9, B 9% HelHst
J dolgE BT, &

%8 ol Agsart

Aol A= AA olm Ao FA9H

=}

olm %] 9} Annotations %3] <18 M-5>9 7o) CSV H}US A
C AR R Shrs AdE] A wvlet delH s TFRecord ¥
W 3131 th TFRecord:= Tensorflow 8h5S 93] A 3w o] d o]

ojx1gt Frjz Whste] AAst= WHE gt A4 CSV
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dg ngoz B AFE 93 TFRecord 3dS AASA T o] & o] &
S oty m=sb ANA R WY SRS BH 2849 dwel Ay
Cass
filename .M.hnlgm.dm xmin rmh.lmu:rm
oI 481 s004260000.pg | 220 600 POTPTC 171| 54| 188 72|
2el2 A1 _s004260000,jpg | 220 600 | POTPTC 171 o0 189| 108
Zol2-481 s004260000.jpg | 220 600 POTPTC 189| 54 207 72
20l2-N41_s004260000.jpg | 220 600 POTPTC 189 | 252| 207 270
Zol2-4H1_s004260000.jpg | 220 600 | APWEIE 207 486 220 504 '
oI 4141 s004260000.jpg | 220 600 APUMEHY 189 486 207 504
21012 A131 s004260000.jpg| 220 600 | APHWEE™ 154 504 171 522
2012 431 s004260000.jpg | 220 600 APHWERE 30 522| 48 540
ZOIE-41 s004260000.jpg | 220 600 APHWEFE 171 486 189 504
ZY=2_ s005910000.jpg 220 600 | APEWERY 154 510 171 528
F#E_s005910000.jpg 220 | 60D |APEWHEYE 154 562| 171 600
22 s005910000.jpg 220| 600 | APEWEFE| 154 92| 171) 510
FHE_s005910000.jpg 220 | 600 | APEWEEY | 154| 564 171 582
Z#2 s005910000.jpg 220 | 600 | APEWEFY 136| 402 154 420
ZYR s005910000.jpg 220 600 | APBWENEY 154 474 171 492 |
2¢2 s005910000.jpg 220 | 600| APEWENE  136| 384 154 402
28 s005910000.jpg 220 600 | APEWIEIRYE | 154 | 456 171| 474
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Object Detection APIOA 8" mdle] HAAMAS 719} sk 4 S
AAsA. SSDE A olv Aol e AdWs 3 Wk Sds= A
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6>E 2 Aol ALeE SSD 2o AAW FxE vEdd

Extra Feature Layers
VGG-16 , . \
- Jthrough ConvS_3 layer Cassifier : Conv: 3x3x(dx(Casses +4)) o
I\ N X @
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i \ &
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| ! a
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o ! i || @[raamap
L ! ] ] E| 59FPS
1 ‘; Conv: 3x3x(dx Classesrd)) g 1
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1 8
| \| 2
o 351020 Conv: 1x1x1024 Conv. 1x1x256 X128 Conv: 1xix128 ' Conv. Tx1x128
-y Ca\ b o582 Conv. 3cnos6e Conv: 332565

VGG-16 - MobileNetV2

<Y M-6> SSD 2do ARY F+=

SSD 299 g5 Ad% B Edy mpzrbA 2 B &3rE A3 st
ot 2 AFoA ALEEE SSDe HIFAHoE d4E9
Aol et oS3 L Fiol dt dF Fe YA Ao o
= Al et v &3 (Loss_loc)st wEe] T/HE
3 B35 (Loss_conf) & ©]FojA 9om o F H
|59 @S dste 2d AA Loss #s 78 & Aok 74 (1),
(2)& 47 Loss_loc¥ Loss_conf& WEHTE 27 i4 Default Box <t
ifA Ground Truthel A p F7Fe AAS SAFPHA 1, vhdje] 4$ 0
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ojnletal, de AJ4de Default BoxE W&t} cx, cy, w, he 3
Box® T it 7I=, A2 ZolE yEtilth Loss_loc® Loss_conf

2 717 Astsle] T s gk ko] =] AA| Loss gheld & 4 9

N
LOSSZOC(.I,Z,Q) = E E xfjsmOOthLl(l;n_-&;n)

1& Pos mINcz, cy, w, h

g; = (g —d{f)/dy g, = (g¥ —d¥)/d}

w h
~w 3 ~h g
g; =log(==) g, log(d—i)
(1)
N A ~
L0588 sy (T1€) = — 2 zolog(ch) — Zlog(c?)
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e exp(c?)



Intersection

loU =

Union

T

<3¥ M-7> 45 9429 AA G oU &

i)
>

=

A gA mdol Aedat-eS mAP(Mean Average Precision)g %3
o] Fojxltt. o= Edlo] 43 F Ae EE FTFY AACA oA
AP(Average Precision) #< 3stal AP 359 H# S F3 R
mAPE =& 4 Ak 7 AA T/l dist AP #2 AUE-AFEE
=/d(Precision-Recall Curve)E Sa A + Utk <2¥ M-8>+=

P-R 549 dE HolFErh AU X (Precision)®™ 25 #AF Ay £ 27
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Precision

3 1 1 1 1 1
0.4 0.5 0.6 0.7 0.8 0.9 1
Recall

<1¥ IM-8> Precision-Recall =4 ¢ oA

TP T =

Xq U]E . . — —
g% = (precision) TP+ FP  all detections

3)

Y . TP
TP+ FN  allgroundtruths

(4)

A& L (recall) =

<¥ IM-1> ZA g 4F gol °4& &7

MR T 0f| =2k (Predicted)
(Ground Truth) Positive Negative
Positive TP FN
(True Positive) |(False Negative)
Negative FP ™
(False Positive) | (True Negative)
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