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ABSTRACT

In this paper, we propose fully convolutional neural networks based automatic detection of a
pothole that directly causes driver’s safety accidents and the vehicle damage. First, the training DB
is collected through the camera installed in the vehicle while driving on the road, and the model
is trained in the form of a semantic segmentation using the fully convolutional neural networks. In
order to generate robust performance in a dark environment, we augmented the training DB according
to brightness, and finally generated a total of 30,000 training images. In addition, a total of 450
evaluation DB was created to verify the performance of the proposed automatic pothole detection,
and a total of four experts evaluated each image. As a result, the proposed pothole detection showed
robust performance for missing.

Key words : Pothole, Road surface damage, Semantic segmentation, Deep neural network, Al, Fully
convolutional neural network
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A8 Convolutional Neural Network, CNN)
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(Goodfellow et al., 2016). 54 Al|ZE 7IA& HHE AT HH0E FZESHA ALkl A= =d
olF ZEgto|E(stride)2tal 7HZITh 2Egto|EE WA Fibel whebA Thy #lo]o] ] Afo]zof o
S g, FAHoZE E¥(pooling) Holoj9t ~Egle|= W A2 3 (zero padding)ol Wb oF-S do]
oj9] Ato]=7} AAE=H (Goodfellow et al,, 2016), £ =FEJHE AZ YL F3, 222 ~Ego|=t
< 83k, 9 dololE wE FA ¥tk

2. AstME M3 (Deconvolutional Neural Network)

FAF AALE w2 AYsts A4S P4 F AAgelgt gk FAF AT A Yoe
Z9 #ololo Ato|ze} AN F 4l A Folojo] Aloj2E e Y #olo, 2Efe|E, A Z b
Fe P& Aol s, FF AR AY ol Aozt A F AR Z8 Holole] A
o2& WA 2 FYsth FHF AT EY 101019} AS olE v AAMYE A F AT
AZ (un-pooling) Foloie} A& o|F= A7l Bk 1 #oloj7l th41E ¥ (down-sampling) 2] E =
dE 7 ATA AEF dolol= 34 E% (up-sampling) Eﬂr 7HAE Ak AN B =ZoAe #4
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<Fig. 1> Block-diagram of fully convolutional neural networks

(b) ()
<Fig. 2> Examples of (a) fully connected neural network(FCN) and (b) and (c) convolutional neural networks (CNNSs):
all neurons are connected in (a). Adiacent neurons are only connected in (b) and (c).

3. HiX] Hw=t(Batch Normalization) %! &AM35} St(Activation Function)

HlX] A5 Sk(batch normalization) 359 FHEEE 7IEsAZ 4 JE 71W F9 sHUE, A<l
(affine) #Hololet &A3} Fhp Atolo] F= Zlo] AnkA ot} (loffe and Szegedy, 2015). WX A113tE F3l Al
271%9 'R "ojAH, ZFok(dropout)©lyt A TFShregularization) HPS IHA ol= HAFH
(overfitting) Tl A4S AIst= £33 AT (Goodfellow et al., 2016). ¥ =FEAA = Hjx] FH3E 3
staom, AT dolo] 2 dFAF dolo] theoll 843} vt U] A wix] AEE Tt
2443t F4(activation function)Z2= YHFH O 2 8313 = Rectified Linear Unit (ReLU)E &35t
(Nair and Hinton, 2010).
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<Fig. 4> Examples of training DB depending on brightness

B RUOAE 91 FAF 4D LD AT LEF 9X s1%0l dalol A& WA, A WA 2
BUAAE A7 S Astel AAST, Aol S HlolE Al thate] ARe, A Ave
AHE 9 THF AFB F2 D S PPl ko] sled

1o
o>
O
v 9)
0=
0x

s TEEZ B4 7]z tid AAT 2dS s5aty] 918t *‘Xﬂ i‘lﬁ E2E FYsPUA 2l A
7hletE St S ElolE Al —r@%}‘ﬁﬁ} a&EEe} ARER 55 HAE 100 Km/h 4 =70

3]
FHsHA FFHUT [1920 x 1080] AFER 2EES %L%a}oq &Ewgﬂg;m, 2 el Edurert A
AR fIH o 2PEES ﬂilé‘k%luk

Vol.17 No.5(2018. 10) The Journal of The Korea Institute of Intelligent Transport Systems 59



rE
1191
lI|'J
N

=}
o
l_?l
4]
_?I_
>

tS ZEE BX| 7|z9f i 3 gt

omlx] oA E HelZTh Dol A e AAF ¢
0E AAOL JE, el R ABAL ol
el etk ST, ol AZHOE HAHE F SR S FEe 40 Bag 2553 1
J9lel $Ee 24 TAG 002 ehd ABelA AA HENAE 15 052 AT, 7 olsl )
271 (800 x 200] AolZE 7HAE, % 500042 oo tistel BT Ae)e 2R F 50004
oA el H E2im o] EASHE olm| A% o 40%0lth I 919 o]t TEFolgn 014 &
LT A, YA, ZER, A8 B9 oNAE LPhL AUtk EW, <Fig 45 FGH HolHAY
27 A2 BolET TelA Ri vie o] ¥IIE & eWAZ 2ATORH T4 FL A% me

£ olFE BHN Brt A $AY - A 37U A4S FAHAE 500039 vl
671l olul A2 F74g BebAl & 3000049 olWAE S wole o FEalqck

A
e
gQ
(98]
Vv

|
il
ftl
[
q,
o
B
)
X
o
Ho
ol
&
k)
=
o
rulo it

CNN+BatchNorm CNN+BatchNorm
RelU CNN+BatchNorm CNN+BatchNorm +ReLU
4 +ReLU +ReLU

CNN+BatchNorm
+RelU

200

Input Output

<Fig. 5> Overall structure of fully convolutional neural networks for automatic pothole detection

<Fig. 5> EE2xH & &FAE 3 A% 725 Uitk o8 goloE A&t F 6719 1
gojol S 7RItk o] FollA 3= 2EgolE FA4 3y golojoln, UM 7 2EZte|E A3 #lo]
o &&3Ath 1 #HoloE *F‘l’o‘}x] &L, S5 dlolojo 2E|EE 2 x 215 T FH 3
st o, o741 A Ato]2+& [5 x 5|12 EE3tATh 8 #olo 9@ AdEH oot sle As a}
1= <Fig. 1>91A4 YelyE \_'73‘%} T29 FA Aolvhe= A2 §ltk &4 F4r(loss function)w H 4% A
+ 2 ZHMinimum-Mean-Squared-Error, MMSE) BE| &2 T/33}%1 2™ (Han et al,, 2016), 47|44 H A3} 7]"H2
adaptive moment estimation (ADAM)< &85} T} (Kingma and Ba, 2015). I7&llA 7=t 50| 2438
"2 & Rectified Linear Unit (ReLU)7} AH-8-% %131 (Nair and Hinton, 2010), 4% glojoje} &4 8L g4 Alo)
o= wjx] AtEE FHSATE (offe and Szegedy, 2015). <Fig. 6> <5 iterationo] W& £417k-8 YeRA
th. 5,0007%82] olH|A A HF HIOlEAE 20% HIE<] 1,000 2831 0H, o7]olA 1,000%2] o]n|A]
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<Fig. 6> Loss value and accuracy according to epoch for training and validation sets

<Fig. 7> Result images of pothole detection technology
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<Fig. 8> Examples of evaluation DB for pothole detection technology

<Table 1> Subjective performance result evaluated by four experts

Tp Tn Fp Fn Precision Recall Accuracy Fl-score

Expert 1 112 281 47 10 0.7044 0.9180 0.8733 0.7972
Expert II 105 263 77 5 0.5769 0.9545 0.8178 0.7192
Expert III 125 263 51 11 0.7102 09191 0.8622 0.8013
Expert IV 111 311 18 10 0.8605 0.9174 0.9378 0.8880
Total 453 1118 193 36 0.7012 0.9264 0.8728 0.7982

<Table 1>= AHE A5 XEE &4 7|&9 F7ARE Yepdth WA, Tp, T, Fp, FnlE UH = AL
E 4 Utk 222 Positive?] A9l Positive® 2 HA3IAS 7971 Tp, Negative§l 7890l Negative= 2
FA3HE 57} Tn, NegativeQlH| = B3} Positive2 FAH 39S 7571 Fp, PositiveHl = 73}
NegativeZ #4392 7497} Fno|t} (Goutte and Gaussier, 2005). & =F2 A= LEZo|gy &
of 3l & AgshA £E8AS A7t Tpoll sigdth 47 AErte dad Rde] XEE BE
A3 olu|AE KB, Tp, Tn, Fp, Fn FollA dhte] A= Hristdth vl 748 ARE Tt HIFTH o
W% (recall), = S (precision), 7 &% (accuracy), Fi-scoreZ T& 47} T} (Goutte and Gaussier, 2005). 7!
H=o] Bolle AA Positive®] oA Positive® ArithE & ERSAE7HE vERITH B =89 A9
T ZEZO] Uehd oA driutE TEER & EFA=7HE AASE Aotk Hlo|EodlA UEhtE
AAH, Agtd TEE &4 7€ Ho IUEE 0264459 =& FAE Yepith AUz H ol

=1

e
2

e

=}

62 DIRTSYR|=EN| 173, TH52(2018H 108)



0

oM HMT MAUS BB NS EEES HA| V2ol MY 2 Byt

o o

0

AA Positived] ¥I&S 7Hg7ith AotdE TES B4 7ed HF AEUEE 0.7012
H A EeE ti w2 £AE Yt 3 2do] HI45E 3T o

A g U NPEE Shpe] £ FAH 02 hehd 2ol Frscore® LERY 4 9k # =

>
>
[
o
1
ot
N E[m’
N
N
>
lo
LN
o
OEL‘,
Ml
ol
et
ki
L
oo
<
rle o
&N
)
o
o0
~J
(V)
[o2e]
e
=)
~J
\O
[e7e]
[\S]
lo
¥
ﬁ,
frtl
OE\L
N
N
ful
32
rr
)

WA AR} FH O thi ke FHE HAFHG] Wl £
=R ALT TEF YA 719 A5ol A e BAE e Holr, ou] tsM ti o
3] Hom, Aha

oo R =
= =2 .
A4 TEEo|GT AXFE 97t 5 BAGTL 2 & Utk FF, ROI
;] o EH

m\

AME 2

3 geje] ojnlx FRE skl WPEWE ohe} FU o

A GAF AT e oned 2 gue] 4F LEF B
) A GHF AAYOE ool Ar|REsly ° 2l
g dolol® ME FA gu, 2EFOIE THF L GUAF A4S BESGO, FHF dololsh

ol
fu}
fru
-
oXx
QL
s

FRele] MERT oje} AUEd] AN E 40T Frje) 44 o] asitn B 4
olg Y3t] Therd 4P BAT el 4% B4, Teln mde) A%l nxstE £RY oYoln, ¢
F 2vtEAE 8 487 So BET & 92 202 Jha
ACKNOWLEDGEMENTS
B ERe FENFNNEUEYS “FEDE/EAYRAY A AUCE $9F [AFAS 71w
E2 3k AR AT 71E Y

REFERENCES

Badrinarayanan V., Kendall A. and Cipolla R.(2017), “SegNet: A deep convolutional encoder-decoder
architecture for image segmentation,” IEEE Transactions on Pattern Analysis and Machine
Intelligence, vol. 39, no. 12, pp.2481-2495.

Eigen D., Puhrsch C. and Fergus R.(2014), “Depth map prediction from a single image using a

Vol.17 No.5(2018. 10) The Journal of The Korea Institute of Intelligent Transport Systems 63



2 25 XS ZEE X 7= HY & "ot

L]

A

(=}

Al gt

o o

I
indl
mjo
utor

multi-scale deep network,” in Proc. the 27th International Conference on Neural Information
Processing Systems (NIPS), Montreal, Canada, pp.2366 - 2374.

Goodfellow 1., Bengio Y. and Courville A.(2016), Deep Learning, MIT Press, Cambridge, MA.

Goutte C. and Gaussier E.(2005), “A probabilistic interpretation of precision, recall and F-score, with
implication for evaluation,” in Proc. the 27th European Conference on Advances in Information
Retrieval Research (ECIR), Santiago de Compostela, Spain, pp.345-359.

Han W., Wu C., Zhang X., Sun M. and Min G.(2016), “Speech enhancement based on improved deep
neural networks with MMSE pretreatment features,” in Proc. the IEEE 13th International
Conference on Signal Processing (ICSP), Chengdu, China.

Ioffe S. and Szegedy C.(2015), “Batch normalization: accelerating deep network training by reducing
internal covariate shift,” in Proc. the 32nd International Conference on Machine Learning
(ICML), Lille, France, pp.448-456.

Jo Y. and Ryu S.-K.(2015), “Pothole detection system using a black-box camera,” Sensors, vol. 15,
no. 11, pp.29316-29331.

Kim T. and Ryu S.-K.(2014), “Review and analysis of pothole detection methods,” Journal of
Emerging Trends in Computing and Information Sciences, vol. 5, no. 8, pp.603-608.

Kingma D. P. and Ba J. L.(2015), “ADAM: a method for stochastic optimization,” in Proc. 3rd
International Conference on Learning Representations (ICLR), San Diego, CA, pp.1-15.

Krizhevsky A., Sutskever I. and Hinton G. E.(2012), “Imagenet -classification with deep
convolutional neural networks,” in Proc. the 27th International Conference on Neural Information
Processing Systems (NIPS), Lake Tahoe, NV, pp.1097-1105.

Long J., Shelhamer E. and Darrell T.(2015), “Fully convolutional networks for semantic
segmentation,” in Proc. IEEE Conference on Computer Vision and Pattern Recognition (CVPR),
Boston, MA, pp.3431-3440.

Mednis A., Strazdins G., Zviedris R., Kanonirs G. and Selavo L.(2011), “Real time pothole detection
using Android smartphones with accelerometers,” in Proc. IEEE International Conference on
Distributed Computing in Sensor Systems and Workshops, Barcelona, Spain.

Nair V. and Hinton G. E.(2010), “Rectified linear units improve restricted boltzmann machines,” in
Proc. the 27th International Conference on Machine Learning (ICML), Haifa, Israel, pp.807-814.

Ren S., He K., Girshick R. and Sun J.(2015), “Faster R-CNN: towards real-time object detection with
region proposal networks,” IEEE Transactions on Pattern Analysis and Machine Intelligence,
vol. 39, no. 6, pp.1137-1149.

Yamada T., Ito T. and Ohya A.(2013), “Detection of road surface damage using mobile robot equipped
with 2D laser scanner,” in Proc. the 2013 IEEE/SICE International Symposium on System
Integration, Kobe, Japan, pp.250-256.

64 DIRTSYR|=EN| 173, TH52(2018H 108)



