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ABSTRACT

In recent years, research and development on image object recognition using artificial intelligence
have been actively carried out, and it is expected to be used for road maintenance. Among them,
artificial intelligence models for object detection of road surface are continuously introduced. In order
to develop such object recognition algorithms, a backbone network that extracts feature maps is
essential. In this paper, we will discuss how to select the appropriate neural network. To accomplish
it, we compared with 4 different deep neural networks using 6,000 road surface damage images.
Based on three evaluation methods for analyzing characteristics of neural networks, we propose a

Received 6 May 2019 method to determine optimal neural networks. In addition, we improved the performance through
Revised 31 May 2019 optimal tuning of hyper-parameters, and finally developed a light backbone network that can achieve

A 2 85.9% accuracy of road surface damage classification.

(©) 2019. The Korea Institute of
Intelligent Transport Systems. All
rights reserved. Network
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1. ¢719| HiA

47 A AUE Folstel TNAAE IT 71e0e] $8E 58 A2 P RS d750] o
o Ropol A thepe Felz ST Tk 1 FAAE A Ae] Roks AR 9] ALl BAE uh
SO 7% Aol =S 7] gelT Qor, 20309 AMAES ol BE o ICT 7|EE A

OLIT, 2018)

A, A, AR Eokell aLeAl A58 A% 7€ A At ok (v
5 A77E sl J#EL

AT 5 oA B2 W fABe Bopl AR AZE )% A
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FEAEE B3 25 ¥ 3 FAE A% S A7 A= ko A HAE ol A= Jo et
al.o] 7]3g W8S F Feature Extraction 7]WFe] &g]& 5 o<l Sahency Map< ©]83 ZTEEZ g4

Hol At (Jo et al, 2016). o] ©A WAL IA FH FF TAY 24 SAZ %L“QE} TH F9 F=9
Me & 7 $4E AR FYE =T, o] FollA Saliency 714H] o] W3 dulEHS AHFTHE Hol M
Z EAolth. oo E A A= ROI 999 2HHS S8 99 ], & WA a8 1=
4y 52 Ay HF TEE 992 FEG

5
T HARE AT AR 483 AT EF Chun et el.o] AFg BHEo] Ak (Chun et al., 2018). ©] =&
o o3t A-&FH o)A Wol AHEE = SegNet? 2ol A7 R53} Fejo] 4T NAYS E8at] TESS

2|39t} (Badrinarayanan et al., 2017). ©] =&EoAEs TEE Bl ojygl £ LHdA TS 5 Q=

GAE 7 Adet, o) E st A FAHE B F 3,000 Ao 4 vlolHE ST 1

2 l"ﬁ:‘)]c«] Aw7HEe] o] Gl B2 I F9&
AZ AALE EstE T

Lee et al.2 Feature extraction W3} 13 X
ol 1AA FF A 7HE B HAAHYE
< o] 83l HF ZATOZHN EX AEEE FHAATE EF Kim et al.2 AF A
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A
o

4 AE] 7S §Fet O Uoprt 2ntE Eo gAste Al 7 AEE FAstATh 1 Ad AHME &
2 3¢ 997 TEES X £ Y s st (Kim et al, 2018)

ol A= o]o} B3I AFr}t Baks] 213 S|, Maeda et al. & B Y-S T3 =2 wwolA 23}

g gAsE 975 FHIAUT (Maeda et al, 2018). 3H5 HIOJE 2 AnfEZ)A FgH oF

9,000 o] FdS Egatdth gla o] Pl EFE 1500049 7 o] AAES 3

[e)

re

FA|BtIL TSk
grgatr] Qg dlolH AEE TSI ol & &83 Held IRk o8 AA Q12 dugEs 383t
190 s gelstglon AntE Follk A gate] AT T O & Yang et al.o] AbgF WAE
AT HEE FCN 7]9ke] o|u] 22 E-&(Semantic Segmentation) WH-S A &3k Ho] S oIt} (Yang , 2018;

= ™ 1 al.

Long et al., 2015). )1F A5 &S 8h5aly] Hstd F 80078 o179 94-s SrataL ?J*“ At o
P Ak MtiAF o2 AT AATS TASHATE T AF pixel-to-pixel BA FiEES ARBSHA L,
97.96% k= A4 s FEIIUTE EOE Zhang et al. & OB E FHOEREY 24 7dS

Z AABS Aoketdth (Zhang et al., 2017). Imme] AFEE 71AE= 7 etS 83 A& 100kme] $EE
FeYstHA G diolHE FRSAT o] W FEe o] AR7A £ sk 32 HolE] 7]uke] 4S5 Al
AS S5t o) EAoltt, AR 0 F 90.13%9] UL 87.63%2 AAAS 71 dugES
1=

M AFE T2 W dkd Bx|oAq ALgE AA 914 due]E3= D] Backbone NetworkES -8-3F
= ok tiEE< Oﬂi— Fast R-CNN, Faster R-CNN, Mask R-CNN 5°] l&H], ©]
2 =1 3&g gX3tsd S35 &80 7153t (Girshick et al., 2015; Ren et al.,
2015; He et al., 2017). kA9 o] WS AL&3)7]o kA M3 Eojof 3= & Backbone Network? /\‘]Zé
o|t}. Backbone Networki= TIFE AAFOZE FAF O 2lo] R-CNN HolA A4 Q1S &=t EA X
TE A FFHYU 9T8E st Aot o]d R-CNN W04 FEHo2 ALg3teE AS ’1‘_]78‘
O 7 o] NG o wet AA A4 Aol ztolrt AR R A EAS st MdEsh=
o] "4 olt) o]E ¢35ty HZ 59 thE A2 Backbone Network® o] 8%+ VGGNet, ResNet,
DenseNet, DetNet2] EAJol thale] AmH 11
41 VGGNete] A9+ 4o Zojd gty 24& 23Ut (Simonyan et al,, 2014). GPUL| A4 &5
7h A A AR Fol Z A
2 IHE FAE BT = Al7Ae] Zold @& Adee] W3l i) ﬂ%a‘ﬁouﬂ A9
Zole 1A 1970744 2-sH 1 F5S BlustAnh o] €A &2 FEE ARgstE olf = & HHE
AEPE dET O B2 RAY S e 288 5 Jdoke A wZolth skA T et E17]' H=51A
©o}A Vanishing Gradient &4, Over FittingZ} 22 A7} AT 7sdo] =ve ddE Q)

ResNet2 20151 ILSVRC th3] oA 953 2 Z Top-5 Error7} 3.6%2 W& T+ A%o] $43 mdo]
T} (He et al., 2016). ©] Z@-& VGGNetoll Al AP FA| 9} o] AT o] ZoAALFE HbOI [ P
< MAdsr] Slg "Hi—?‘ WHE ARRSHAT 53] e AW & AAWETG dFo] vwmA=
Degradation 4] 32 s +2E AASHHM=H, Skip Connectiono]2h= 71H-E AMES 3k AAW
(Residual Network)©|T}. o]&= Q8o 2 S0l ARE o] FAFS AZX T AR AAANZCEZN AR
o &S Folv JEE ) webA FAFE T 5 HEE AT FA Hxo ARE A&EA
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DenseNet2 201613 %] AjgA Ak’ CNN Z@o|t} (Huang et al, 2017). ResNetolA] 133k Skip
ConnectionZ+= €] Dense ConnectivityS A3t ol 4=
dolt}, ol Y ARV} 8 ARAAN U2 BEHA e 4TS TS gz o2 GPUY Al
HEYE Qe CNN d4bs F33t7] fsliAe oY 949 2
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EOE 473l DetNet> -4 ResNet507 frAFSHAl 745 o] 1Tk (Li et al.,, 2018). DetNet> & 69 =
T4E0o J=d, 4HA DAZIA = ResNet50 53¢ A4 HS ARESor AT SRl GAREHE &4
34 (Dilated Convolution)= AFE-3l= 2}o|H |
9 (Receptive Field) 2 FAsl=t] FUHE FUL A S5 183 494 BA o]T2HE AdFE
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St} (Jo et al., 2015; Chun et al., 2018). ¥, Eisenbach et al.2] = + FGSV A me} F 57HA 2 &
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B =AM Aeste B2 k2 9E EF7E AT 7€ <Fig 1>3 2T Maeda et al.o] Alg38hs G4
tole FollA 47k FRTke Alste] ALESITh o714 47}11 TR AR 99, 712 24, A5S
g, TEEE FAEY D002 <

191 D20 ARS 2o g A7l FE9E e

ol@A AW o] f £E WE OLH ZHoA TEZT o] LAY 2| QTS F= el €3
wFolh Wl AR 0T WAE Ao opd, ¥

Joint Pointi= Th-dell A Al 2latqiet. ook @7 == ed vpr o] tidh #&E O:]_t,'__\:_ 2 9] 3k}, H]i n}#1 9] 4

B3 AgstA Eete] AE = 9

FH =l whE AR dlgel] 23

E=® =
E2 ZA H fARS #dE w1

(D10) (D20)

Train Images: 2,233 Train Images: 585 Train Images: 2,040 - Train Images: 323
Test Images: 535 Test Images: 157 Test Images: 501 Test Images: 86

<Fig. 1> Road Damage Images and its Numbers: (DO0) Longitudinal Linear Crack and Wheel Mark Part, (D10)
Lateral Linear Crack, (D20) Alligator Crack, (D40) Rutting Bump and Pothole and Separation (Maeda et

al., 2018)
4% A7E 24 9% 271 0 a5 9y
1. A& NAY BME 98 T} w

B ERAA AF A4 A% vaE skl /b4 WEE g 1 F A WAL FC of
% (Holdout method) % %8 FlolE AESH 4G HolE AEE TR 34 AT A%

9 4% W Zlolth B =Rl AA HolE 60009 & 8o) 22 TR 242 S8t 4
o2 AU, 47lel A3 WFT =] FYs 2 gk

o Mo

2

go2 Wl BET PHE TopN HIE RAIL, o BAE ABALE BT BF Aol A
Sofstedl 2 ASE WAl R BF A B8 o e e, o) &R T
49 NS RS BASE PAolth B ERAAE F 4] B2 @ S BRAAL, Topl HE

0
2ol QA mue sk

S| =
E — .

ST ES ok AT FRASE Top2 AL
S &850 He et al.o] AT =&dAe 5 o}

02 K- 1245 (K-fold Cross Validation)
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T2 M ot

2 A5 TopN HAFETHS ARSSIAITE 2 =R A3l dofA AFPES grslr] st o ¥
= F7H 02 AMgStalal gt (He et al, 2016). BlOHE KW 1502 £ty 54 shute] 15Ths
A Qg & U= dolEl & 5§ dHolE] A ER &83te Wlolty d8a AMESHA] ¢ shvhe] IF
olEl&= A& tlolE MEZ AMEST) o]g€A K/ I1EF9 EE HoE AEE 22 %“—lgi K3 HHE3h
th gubF o2 K9] gk 5~102.2 AAsl=|, £ =FolA K& 52 st webA se] =d 3ot ghs
v o2 i Haks BAste] Rl %S WUkt

l

2. &5 nj2lo|g MH
< ShF37] SlaiAe ofel 7HA JJrE‘rUlEM o] Aot 94 Y] A7) BF
Ath Maeda et al.o] AFd= I T7)= BT 600x600%1H, B2 =9 & 9o
B3k 7S AFgEHA] gE 3 ONN RES Eato] 84at7]7 A gol B =
=2 Aok =& AFAT B 7tEA Y 7] #E BT XavierZ AASHA L, F
e ADAMS H 8319 (Glorot and Bengio, 2010, Kingma et al., 2015). ©]® A}-8-3§ Learning Rate
0.0001°] 3L beta-1> 0.9°]™ beta-2v= 0.999°]th. 71 & Ipetv|EEZ= v 2718 wHE 357} Qe S5
o}y Az A= 50707 5003] 18T K w3l A2 A= 30709 2503 2 7Hzt A stk
2o e #aste] 52 v g BRE 3 P Aso] Hold AlE AlAe A &
s} 3 giebuE e 28-S ST FUSH AT AAYolo = stolF mEtulEe] oste] stsrE A
gebd 4 itk o] 2 o) f & getulE W] mE Q14 AT ApolHS gelE] B et gloenw
=iolME HA 35}t 49| Leamning Rate®t 7ol wE Sk Aol tiste] 48ttt
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V. A8 237

Mok
In
i=]
+o
Il
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HI
1z

AT
of IAIGe] 12 FHst= S I & AU ]’7‘]”]' a ﬂ«] 73-450 = ]’
FAMNE HA 5 S-S VGGNeto] 71 @A YeHATE A3 Agxel A3
€ o DenseNet®] 7} 943+ Ao & Vet o] 24382 =3 DenseNeto] =2

= e 5 due 7Hsde FAsAH

<Table 1> Holdout Validation Results

Name of Model VGGNet-19 ResNet-50 DenseNet-121 DetNet-59
Maximum Train Accuracy 1.000 1.000 1.000 1.000
Minimum Train Loss 1.192e-5 1.85%-5 2.230e-5 1.355e-5
Maximum Test Accuracy 0.790 0.826 0.855 0.832
Minimum Test Loss 0.628 0.733 0.573 0.679
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7+ £t Backbone Network A% 7|

E AoMe 94 = 762} % 5-}0 4 A B =FojlA /‘}%ﬂ 4712 9] FA 5 2l gk EF/
A& == <Table 2> Zt}. Top-2 S5 U A ) FAAM B2 8E F02 Y 2 AEY g
WA Zo|t}. o]= DetNeto] 0.002 X}Oli DenseNet 2.0} A &8sl 718 8018 4= ATh VGGNet=2 A 9] 5}
0958 ¥ AEE AESrt A4 Ut I Aole AR A &8-S & & Ik

<Table 2> Top—2 Accuracy Results

Name of Model VGGNEet-19 ResNet-50 DenseNet-121 DetNet-59
Top-2 Accuracy 0.919 0.951 0.956 0.958

—"'i— % ]O]H«] 2L —E-jh'ﬂr !%1'5‘}7%] QEA AF AAR 5E B Aol
4 o] A9 HlolE] HEEE T3 F, o] FES vE R FHI AAE FI I A
<Table 3>9} 2Tt A3 tlo|H 9| Ht Zé ==
HA}= ResNet©] 0013622 7} QLA T DetNeto] ¥ Jﬁx}f 001392 AR =

o] Ad< B3l 27kA1 9 A & 7+ AUtk AAE DenseNet®] 50l e A5 AABET $-F3ith
= T #E°] OE AR T HE =A stk + HA 2
= AR Qe AT A A 5Tt A UEFSTE ResNet? DetNet> A1 & f-AFSHA] Skip Connection
S t L3 ottko] AAW ARIF SurbA] 422 E %] %A Dense ConnectivityS 2§

=
o o] 22 e 793 Zo] Down SamplingS 3t 11f3F Feature?t &4E & Q= A7}

st 9)
e A5 F AIF G AOE BTk Beb 2 =R BAT F UE AT FI3 g AR
7} B o) F ANk Aiolehd Feared] 2% B 5 YEF o] 2& POE AARL Arshs
Aol %@ Aot

<Table 3> K-fold Cross Validation Results

Name of Model VGGNet-19 ResNet-50 DenseNet-121 DetNet-59
Mean Test Accuracy 0.783 0.807 0.831 0.803
Std. Test Accuracy 0.016 0.014 0.016 0.014
Maximum Test Accuracy 0.807 0.826 0.846 0.820
Minimum Test Accuracy 0.757 0.786 0.799 0.783
4. HF3 g0 M

37k Bt HE Bl AA G DensNets 2-83to] Q124 Aes =017] 913 gen|e H A3 g
S AksATh o]& 3] & =FolAE Learning RateS 10794 3FE 10°714] 10'4 402 A3
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I8 A3 dolH AES BIEE AHSEH, I A= <Fig 20> A2t o szg—
Learning Rate”} 1079 A58 AlZlA 10*U71A) = A g7t A4 Yehda, oA 10°Y dRe s J3=7
w$o 710 % =yyith 183 Learning Rate7} Al A ARFE 419 Wshgo] 4uigh s B l%

of Wl F=rt HHHoZ stegsts AL AAT 4 dATh Tt A2t SE Learning Rate”} 10°Y
U= A8 A3 sEske 2e S3AE 4 ok A O 2 Leamning Rate7} 104w 0.85460.2 713
A Ve

SO 2 HA g FHA HE Ay HolH AEQ HEE Ao|E AHHEIYTE o|F st F 4

Mol HA g g+ A}%ﬁ}ﬁiJ_ Learning Ratet 10*2 3}tk 1 Z3= <Fig. 2(b)><+ 2T} Dozato] A|¢Hst
Nadam e H A3} 42 AHEPS w7} 085542 /M8 =& HIAEE B YT} (Dozat, 2016). ©] HA 3} 342

FAS W, v & FHsE Fole e HA3 FrE AEAS WEt & HIES HolAW ARHoR
2 e 8554% % THE Zlo HlE] 7 w2 2102 IE AT

-

>,\1

1:1

re ﬂ'

(@) (b)

Test Accuracy Comparison according to Learning Rate Change Test Accuracy Comparison according to Optimizer Change
1.0 1.0

0.8 0.8

=]
o

0.6

test acc
test acc

o
kS

0.4 1

021 021 —— Adamax

—— Nadam

—— RMSprop

— Ir=1e-8 — SGD

0.0 T T T T T T 0.0 T T T T T T
o 100 200 300 400 500 o 100 200 300 400 500

epoch epoch

<Fig. 2> Test Accuracy Comparison: (a) Test Accuracy according to Learning Rage Change when Adam is used
and (b) Test Accuracy according to Optimizer Change when Learning Rate is 107

I Age 5 471A19] Z217] O 4F AAY Fol A DenseNet2] A Eo] 71 =& Z o2 ylotF 9]
S gh= Hofol AjbstAl AAERES AdA S ol

A AZHE BEEIE 7}1015} 7]Z¢] DenseNet CIFAR Tl °]E

*ﬂliﬂ- SVHN HoJHAEE tid o2 AdS Fdstgon, o 24& gt dA o] At (Krizhevsky
et al, 2009; Netzer et al., 2011). W&t 2L Ho|EHAHES 2| AAGS 45t HgRofol 23 sAl
M ot Qo o] 2 o]fFE B =Rl <Fig. 3> 20| 45 A7 W (ProposeNet) S A| A3t}
ProposeNet2] 5732 AR Z DenseNetol AT MaxpoolingS AHE3HA] Sethes Holth ZE AAYS
dAEe FHE 74 olfr= T3 Down samplings AH&-SF] Aol A dof Sl AR E4HE H
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oo ot

F Az MFY IS S5 Backbone Network M% 7|

A

g}sl7] $1gkelth. 183 MaxpoolingS 413} Dense Block3} Transition Blocks 571319t F+ Al 54

S AR 9715 Ao g 243 Holth DenseNet2| Dense Blockol A&+ No. Block 6, 12 24, 16

o]t} 3FA]9t ProposeNet2] Dense Blocko Al A&+ No. Block2 3, 6, 12, 82 A3}94t}. 18] 3 Transition

Block®ll AH-&-%]+= Reduction Ratet= 05914 04E WHZSITE 1 ofr& & =704 7H83 B8 =¥ 3¢

B9 47FA 771 CIFARF SVHN HolE AES F/ol| nlgte] 7] wLolth. webx I ER/RE 9
5 NA AABIAT

2]
3t AS A7 Feature 3 @b} THsste] AR £ e

Output Qutput Output
Concatenate [
Conv2D(GR) Convolution Block Convolution Block
= R:LNU Average(Stride=2
atch Norm -
:
Conv2D(GR x4) : N Conv2 R
RelU
Batch Norm Convolution Block
Input — Input Input
<Convolution Block> <Dense Block= <Transition Block=
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<Fig. 3> Comparison between DenseNet and ProposeNet
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<Table 4> Comparison of the Evaluation Results between DenseNet and ProposeNet

Evaluation Method Test Accuracy Top-N Accuracy (N=2) Total Parameter Processing Time (S)
DenseNet-121 0.855 0.956 7,041,604 2234
ProposeNet 0.859 0.950 2,307,992 13.98
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<Fig. 4> Road Damage Image Classification Result
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