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Detection of Slippery Road Conditions using the Road CCTV Images
based on the Convolutional Neural Networks and Transfer Learning
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ABSTRACT

The detection of slippery road conditions is one of the main factors needed in order to increase the road
and passenger safety, as well as the development of autonomous vehicles and related technologies. In this
regard, various researches have been done with different methods and sensors, using data in the different
forms of image, sound and wave frequencies. In this article, we have detected the slippery road condition
without the use of expensive sensors and methods by using CCTV images of the roads and based on
convolutional neural networks. The main idea of this research is the use of transfer learning approach.
Therefore, first, the importance and benefits of using transfer learning are presented in the form of network
training with InceptionNetv3 architecture. In the next step, a ResNet50 CNN and a recurrent neural
network are combined using a new framework called GFNet and are trained by using transfer learning.
Finally, a tool with the ability to detect the road surface, in three classes of dry, wet and snow, has been
obtained with an accuracy of 96.33%.
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* Long Short-Term Memory (LSTM)

® Multi-Layer Perceptron Neural Network
® Near Infrared (NIR) Sensors

L Loy @S Ol 9 Loy, ol 51 (S [V 9 Ve )
loads MLD.A )i.n.\Sa

2 e soaible 5 laragh ool (ol Sus ggaze )
5 Ol p couily slp ply g Sl slaas slml o]
5 Jo> B gl Gl e B cenl ol ke (ioren
7 358 o e ador 5ot 58 Sty [N Y] wips s
g Loosle gohaw (Sassdl ol (el g (Sol, s
Jlo yo oadplasl lagiy b oS (5 sba ol oLl
PYRTE RSO ST PY-WP | B RGNV R VA & A B R R
Slslas 1] el sogm ool mhaw (Sosjil cunsg b
Slogyd9> psas ) b 3 sl )0 Glyoe slag o9
ol g wslr i o balels ol dins 5 50 Ol
Do g V] el osg 5,055 &5 > canliie pulais

BN 3955 o Glgyde3 slag,095 Lol A58
o—w A.a_wl?l.s )40‘ U"‘ ool L"’u] .\.J}J CJLuo aQ aliseo
S oash il o s ok b (555668 (slaaiboles ol
LVPL sl ol o a1y (6, LSU5 5 s ogdlly jlas ol
oly 9,095 5l )15 55 yeie g Aty sloailoles 5l oolazwl cpl b
)‘ oolar il 6L> a4 Jl_..a 6‘)_’ A_w)gﬁ_n ).!a.s L J}.a_\.o Q5L>
b ol s ool (Saizal Lansits sl 9,095 U3 sloailels
daigr e Dle Sl g slool> slo iy 90 polar 3l oolazul
5 oab jhs V2X' slaabols 3 solinal 5 S, 5 sleal,
o railols (65l3S pate adl [NV sls alST 1) (6,500 ,5
5l oolial L Ll g s ' Slse 050 alos Jlozs! ol
o)lo d9>g laalo> Q—.’.‘ )'| 6)*59'1-" Qlin‘ w,w.... LgL:bé‘)lfJ)‘.a)
35 yeie yt baailols 53,5 cyal a5l > s cnl [VA]
Lol oduzmy el Bise slag 055 (950 055UsS

SaS mogdle e (Sl Condy parsid alile S

el S 35 el Sl yeas 5 06,0055 g e gl S0,
S Lo as ool 385 ey g e ol a5 (g sbay
abgyye @lye g Basily an l) ol G g a1y o
Pl 5 Yo S s 5 05 eSS (e )0 200 gz )

Dl el ol

G930 sla iy g giie loosls walie (ba,lnl 052

Oy dine (pl j0 (Al slaiagh B eads s (55 UsS
oo 3l psl) bosls g45 0 o gl odee loglas 0,5
RS 5 L85 Gl 0550 Sl g R g9 (gl b
@lecusgize sl laghs) 5l (ol an o (ieen

! Vehicle-to-everything (V2X)
2 Man In The Middle (MITM) Attack



V-V Ol)en 5 GLalS ol dezme £ JULI 6550k g (Mg (mae SBASD p (G (2ol w90 pabad j oolistwl b ool (Fuijd Cordy pnsld

loosls fla ey poliar 5l oolaiwl Lyl ol o aseic
ssba 5l G =l 5o alple ool (plicss B (53555
69559 slwosls leica laoly 5 bool> dtus,loe slo g0
24 S Oyo slassls Glie SIS Hsbar mles o

2,5 Ol ) ©ozon | allie o)l

Sob olyeay BRISQUE ig, 3l s -S040 ()
polal (h3lo s iy

6‘)—.’ ‘Sll_a.ul §os Lgﬂfol_g. 6L°u:’5) )'| oolew!l (Y
9 o 3l Uhjeel 5 st slahe, sl 4 el

> u...‘bl_f )9_144.;\4_: GFNet u9>)L> )‘ oolawl (Y
Ival cés ool g Slolre

Sl g 550l a ks Sl an il (gl Gighy po

g g 03l (el bl Gl 1) (SaSd 5 95 g0 azSlo
3 oslawl g ouls Sl waz 0,554, 0550 40 (Slownd gl e
()l aAlis Lyl 25 4 a4l e 4o 5 03ls GFNet'
A Sl el oads axsla T sla il g tesls oL
0d—ds 00,9] QT s 5 00l oold uia)’}_J 585 Ao Slasin b

MJ’&)S.‘{S)—Y

nolas albels slagdgyg )l ivghy o AT 0L SO 5 ey
Ol sl eolainl oz o gy a5 Sl Al jlae (gloya 90
A Oy g e aSGD Gilwosly gly (Folie sl s,
5 Sl G50l gy 5l ) o o1y vg2g Lgllae daxs
ope0 GFNet Lozl 5l oolatul b yimon g Jyore &>

] 00 4...9;

SEHl 5 S0k -)-¥

isel Fobe sladse okl e 4 Jl 5550k
@ ol Glasas aiby gl bl 6)l5 s 5 ook oolo
2 dax gl ol p 4l slaaid 5 ok Jlasl Koo ojle
Slo Sy adsl baY Ypems iz ras sloaSis
sdes (slaceond 5 55 sloanyS il Jod 5| Tl o
2 @Sl dgy 0 o> b ax o g 0SS o gl Sl |
pelie 3l Ceand )3 ope ST 09 o0 oapiy g8 o]

@ olgn B el oasd (igel 3 5l Jow jo eols ol og

4 Glance and Focus Network
® Dataset
® Low Level Feature

e S e ()b Sl aiias 18,93 5 (6 iy Sl Sl sl
OO0 (e Fd )3 epgledl (e Sla gl esliil
S ol SIS slaaipa Bpo a5l pas 5 Dligas
Elal sl pmas soaSil pglar (islo gl balil s e
g @litee Pl jo ol gilwesly 5 oras sloaSs
L e Sorlon 5 0ol (6,550 o 53 (3,55 Sty

] 00 U‘

5 Sl 65 aaz s sla Il 5 b S (1) S
(52 50) 99 el ol V) Laosl>

5 oile (ol e o (as sleaS sl eolan

SlaaSed jlonur (o956 T IS8 4 e gl Ul n
ol 90l soae b | iy cvae slaaSid b 4 s
laaSed ol pglai (hilop b b e slacon ;o laaSd
Y e a S ain it g | Suie Jbiory oac
ST @Sed IS JLle 5 4 50 ()] CuBge 4 ay
Ol ) gl b coled;o g amd 0 pariil | (69959 gl )]
T olins sanaskd T sanaib b Gba)lS Gl e b Shs
5 =iy o—as glaaS i leslawl ols sl L g
Os> Gy s> o psad & ke sanabb glaalies
G S ;o Sl Slo iS5 el ooy seelidee LIS
59l slosls conlio S g CueS ( SuiSTy pg3) o]
Gl o jglanay adlie ol o Lo Lol Gas [YA] el
Cormdy paniS sl Gl b s 50 9 =50 5 @
O Sl iegs (o) b aS Heblen g Cusl eol>  Sus3a)

! Convolutional Neural Network (CNN)
2 Classification
® Semantic Segmentation



VEo) oyl oY o ylouis cams Jlo o g pas v 9 Soig iUl widloy” cale &y pid

VA

InceptionNetv3 ,LsLlw -V-Y-Y

50 Oondsl sl,— GoogleNet 4y (34, +. InceptionNet [LsL
5 P90 sloase s [¥e] o B Y10 Jlo yo JS65 bug
oL Slas dgupn g Lle ZMal Cg Vo VP Lo o Q—l Po
il @S ol 6,8 USs (Lol sl I¥V] wos ools axugs
JSCs 55 el Fimes Byo glaSit sl> 4 5o (laSs
3,5 oanliio |, pg—u aseus InceptionNet Lo les oo (V)

Iryl

90 shylo aSis ol canl (azrin (V) S j0 oS joboylen

Al )3 (o3 9 A leml o ol ol Sl
655 2 el 00 oasali | SaS pg0 g | Lol Jgl Szl
Syge g s | Jate bled &jgeds )]
oralr Sl g0 e wb (JEsl oSl i ol

Grid Size Reduction
(with some modifications)

Input: 299x299x3, Output:8x8x2048
I

5% Inception Module A

4x Inception Module B

ol (53, 00s oy ojgal o os 5l Ygans mtn nl &
oolaiwl atws Veeo olass L ImageNet ,la o.lae ools

JSiie (5 jsba g 009y oo Jlen o0l oGl (nl 09 oo
o nbe ], s pals Yo SwiSly, L caliss olse
gl ] 6,0l Eomse 53 el el K00 5 5 e
(30 0018 oL g 0asd o390l Jow 00l olL) eols oKl g0
Coodl Pl Ly oz ools oKL SFasSTy 5 e andl

InceptionNet ;| eolauw! b JUS! g S0l -Y-Y

G50l 3550 40 8 Caand jo o0 53 0)lge Jol aleg o
aSes Gl oeolaal by e SO esle 4 Jlal
3o Jes ol gam a8 0 5wl oal pll InceptionNetv3
3l eolawl sblie U cuwl a8 3 & 00 GFNet gz > (JB

Qb S wgele 09zl ol

Grid Size Reduction

2x Inception Module C

Convolution Input:
AvgPool 299x299x3
MaxPool

mm  Concat

‘ Final part:8x8x2048 -> 1001

mm  Dropout
Fully connected
mm  Softmax

Auxiliary Classifier

[vy] InceptionNetv3 ass Ll :(Y) JSi

el azdly gl

Py Sl anse el ol Bas S5y Ghegh 5o
Sl el 03 pglal (19,5 SzsS (e gl e
b oSe (53,5 4S54T 00l rkae ol 990 (nl 4 (Slews
oolainl b Lo o aswd aseld )0 o g 5SS Slahad o
oSe 2 Loyt )0 ozl nl Ll Sz slaass

w3 oo ploxl 1) pj (IS Al o 9

2 Main Classifier
% Auxiliary Classifier
* Fully Connected (FC)

GFNet waz sl 3 oolis! b JUiil 6 sl ~¥-Y

I, GFNet ol a4y soayl> YoV Jlo yo [Ya] o) 1Ken 5 Ko
0O PSS ozly ol IS el s s (Byee
03 Slewlre auje (3,5 o5 Sy osliiul 3,50 slapSe
il g eaSd Cds (et lablail, (S b 155
ILSVRC' o iy 4 ol b ocewl 3,0 (695,5 psbas

b, ab, Galiee glalo o sbas o5l a5 Cidl,s ol s

! ImageNet Large Scale Visual Recognition Challenge



Ve Ol)en 5 GLalS ol dezme £ JULI 6550k g (Mg (mae SBASD p (G (2ol w90 pabad j oolistwl b ool (Fuijd Cordy pnsld

‘) {fl,fz,...} Lth‘\S; ))ia u)g.aéb JJ.A X ﬁ}.\a; 59959

Sdisr (ol gyl N3850, b oS el x5l ol a0y b
A5 2t YU pydy b sladSs (T Ty} sdm sloaSs

Nigdige Jelod (oo I35 e Lansgs

o fo snaad sl eolaiul L GFNet al> o j0 4o
Gon 4SS Codge (ired g W30 )8 Sl de e o)by0
2 s o plwl T LiS5L eae a0l 5l 285 SSTL
sllas o & ot gl gisail | liabl S Ao e o
Ival asyoe oL & and oy

ResNet50 1 398 iS50, 90 slp )l raghp o

5 A ply s mi oldbl cwl oad eslitu

aily oS ASL e aSLd Sl Guizees 5 laanail
Jeb5 ysbay [va] & eyl ons pl)bSe (35 4SS
gz Gpiie &5 el S5 4 oY el oals eols 70
Oyt (wSe 3,5 a5 g, b Sl xSl
&S oad aib)S s il ln 35,5 5 sk Sl

el ool oaly 1,80 & Slade Giegh opl o

Input: Image I

Recurrent
Do D05 47

Oygods chol WSe alo ol jo 1 Jbeal oS5 al> o ()
297 Serkad b wilgn oSl ST 090 co 4l 9l 0al S8
ey o0 ObL @ Flazul I8 aes asis 1) anws

b el aSed aloje oal 3 S8 Al (F
SRS &) (oSe WS o g SB0] sloosls S| Saleass S
3 S gy A ) Ceond 5o g el S sS aliSe
A aas 7, (o5 Caalad L gl 45 0 0 &S J )50
Debse T Sz

s Jits 4t L5l o, GFNet a8 0 S35 s
ey et SraSed Wi e oS el Gz lr S Bpo
Ses gl r)‘;‘f}“) Ol 33 o jo 1) alizre glba,lislo

Ao Ghaled |y ezl onl IS LSl (1) S
s SodSed pogdle Lz )lr (nl Ggy0 &5 L0 Yl oo
005 455 g o )lo 0929 i (AT j (orae a8l ol
288 bl Bk lsile (Sea l) S amt 5 b Se
M0y 3ls jeam aSil jo Jl5 50, 90 el asine JSG
oS5 Al o (512 (6l 30, P om0, 5 (5 el s
Slp e N3850, 9 (5SS ojlail o JelS pgad) (Jlox]
PRALAS G a0 o0 8 odliiul 3550 35 jad al> e

>

Feature > Forward Cl'opPL!]g &
Vectors Resizing

[va] GFNet Lozl IS (slos (V) S

® Cost Functions
" Maximum Length of the Input Sequence

! Glance Step

2 Focus Step

3 Encoder

* Global Encoder
% Local Encoder



VP01 sl oF o )losds (i Jlw (gl g (Sonig Sl widlay” cole &y 326

N

solo oLf;kL; slaiws ‘;A.Sl)a (F) Jm
sdnlie BB (0) JSo )0 oads b3l pslai 5l oladises
o] oS olaws g baiws S5 50 Gmb CotS 4 asgi bl
Se Ve gaid)s Jlais By g s «Sis Lol atus ¥
O 3l e Golpoie 5l @S el gz ol Sl atws a0

3 5w Tl eols sl e ihd (Joe peess SublE o8,
oo gloosls 4 ijgel slaesls Cas .l 0as eols

poae V) Solate (e Yoo uzmad g Cuwl LY 4 LY
ol oals 48§ i s Jaw bl sl (aws 2

AMiedzyrzec Podlask

Awd dw 5o 0308 oL oal obsyl malar 3 Hledigas ((B) JSCb
Or 9 o S

® Data Augmentation

GFNet ;o oj90] & paly —V-Y-¥
BSis ) 2y 4 dl> e a5l GFNet Cgz )l jo (J5590]
w00l

Ohigel SiSil rae aSh al> e pl 0z sl Al e
P b oLl Bolai jsba e pSe lﬁ)»o 5 Og ged oolo
99 ui:)'s.ai L al> o cpl 5l Bun Wgd o aTAST Ll
el (oo 5 5yl oo 3550,

S8l 00,555 Cawd HlAT 50 90 Al e ol 0 ipg0 Al e
S Bas i e Ghigel (AL (cmas 4Ll Bro 5 aile e
el L uSe 30,5 4SS (gl sl oy yige 38L Al e ol

5 MS5ey 93 el J5 ST dge o rpge aley
2B S b s (hisel FATiL sras &S Geizen
a5t Lol ol o sl coslin

igel Wig) 5ilwesly ~¥
9 ey e o S W9, 51 S s gl p2l> b 0
30 i SlSe b iso cpl jo el oal (S8 a5 e Glaal
48,5 a5 50 sla e 5 00ls oL o ybigel (KsS> b alal,

Dl gn AN 5y 00D

oold oL —V-¥

3 ol YV (slay o0 pobas s pslaen LYol Sug 8
L podae glools oL YoVe )le B Y-V palgs 5l yliag]
3 S cpl sl 00,5 adg |, uSe VYo e Sl iy
by s S S e, Sl sl Dsliie 5558 9 9 Ll
615 s O J.aL.u ool olf;la U"‘ @)Ja )l el 00 c\.._%)f
5 05)15 o s 03} C) 9 (Sé)'o’ Luw? cg}.‘cﬁ S
Ol b S g Syl glaosls calize glaaius
3,15 5925 00ls oLl jo 5 g Cagb ) i g e
sSe I (Fp dike 585 gsr lulyd b w
iy Sl eolaul cplpls Wil g CualS eols WL
il polad 5l clie pglas (95 I slp pobas (L))
S oSKe A0 e dgam 0 0ed g ASD CBY Sggr
(F) IS sollas lapy]  SausTy, a5 ab ol 548 ools oL
ST S 35 JolS 00ls oL o sl 53 4 p3Y) ol
o (Sl Tl Jles braiis 4y b b8 jo0 Sy atwe
&35 BRISQUE Ul os, « e l8le s 51 oolial L
elaisl sas G S o 4 by, onl b ek ool o]

ably ol losl sas b WSe coiS oS (g sbdy 95D oo o0ld
Teyl o)l oSe

! Matlab
2 Blind/Referenceless Image Quality Evaluator



AR Ol)en 5 GLalS ol dezme £ JULI 6550k g (Mg (mae SBASD p (G (2ol w90 pabad j oolistwl b ool (Fuijd Cordy pnsld

InceptionNet ,5;4al (sl yxio (V) Jau

Y4 A (6999 robal il
oot | Jglalo g T oS0l
ey P90 d> yo (5 SOl E 5
A pow al> o SOl £ 5

A Pl Al yo (5 Sl & 5

. JPHUERREN

Yo 8w o3l

Lol o plosil oj9e] ol oo SO slopxie llas
V) 5o g ormions 8o u:}yi 8o ol (F) ISG
e oo olis Ghigel Jolalope (b o 1y b ol

1st Stage
100 = e e e
8%
=
o
<
605
Q
O
40
e
20 L . Validation |
Train
0

85 o, dnceptionNet bjeel Jgl al> e :(F) S8

=

1st Stage

Validation
Train

0
b lade dnceptionNet i jse] Jol al> e :(Y) S

% Learning Rate
4 Momentum
% Batch Size

Sl s cpl ol sad oolawl Kaggle 1 allis ol jo
Ail> QLSS V5 JsgS atea YOAY L Tesla PL00 S35
a3 8 I8 Ll o 1) el FIV Al Ol s
el 1py el Coeal plo (SELS Al og VU
Sl 93 (el gbsly po o] la Sz Jolo 4 GFNet
8 SBIS abasle 5V e 4 (SET5L 5 (A (orar

N

225 g InceptionNetv3 b0l —Y-¥

S5k gy 5l eolinl (faghy (nl Gl oS 0b S5 53
ool oL sleaiws slawy b Soldd o 4 Ll Jlal
a> e G JBlas b ool oKL 5 (IMmageNet) L3 Jow
Seol l ool & bgsye slagss Gisel 5 oy Sgbucal pois
00l oS3l 55 3,b 5 sl o ol gl Al yo 5 ol ol &S
iy Goisel Gl wijls (Liolb Sglis 55 oliee L
@ el (nl &S 0p walss dlate el 5 4D ol slaaY
Glp Colesye ol 485 Ojso pges 5 pgd J>lie j0 W
b 2wl ons gel [l SG Blas aSil sl den oSSl
Sl onlply s eols (el lagss (oled pilez al s
S, ImageNet osls ol (g9, s0ud bjgel i 5l Joe
oo bjgel Jow cpl oo 50 e g ol o0l a3
obod joaS cul 3 a p3Y o dlae cpl i o (65,5 4
iz el ' ol g ool S higal iy e
ol 25 s Risel al e e
S Al Srlicul 90 Lo al>pe cnl ) i sl al> e
oL slaains slawd) aws Vev e gl> 4 (g ,> U wilasdl
Sam all B g e « i 4o 4w (ImageNet ools
Slawd 4y Sl g et (g0 Al glagyjg ks 90 (pl oS
&5 o nl (bl a5 15 sel 500 STl ¥

95 sloyyy poogdle wal> o g0 (pl (b ipgus 5 g al>ye
Gl oals 00ld higel o aSil sy 5l e Szl
Goigel Sl Yo pgw aloso 5 SLol 00 pgo al> o )3 S
S Lol 039y LSy al 0 90 ol 5o (6,500 &5 .l 00y
el a3l a3l gl by

IS5 el 5l alo e on 3T (b colesys p)ler Aoy
o b loads oays u,u)}aT Sl Ve o ol slagyss
w20 75 2l 350 pelas sl 4y 5wl Gl gy

! Stochastic Gradient Descent
2 Fine Tune



VEo) oyl oF o jlouis epd Jlo o g sl g (oSl iSII widloy” code &y pidd

ny

r alidation |
Train
0.4
0-3?\’\%—\/\_‘\
0.2
e
0.1
0

b lade dnceptionNet ;o] pgu al> o :(1Y) S

9 e 9 pod Uy plnl b el ssaline LB a5 jsblen
4 (oo S8 chog sl 4 by lagjs Ghise]
O e (S Sl gl il sogsy TR 5 i
ond plml Slal Yoo (b plez al> o onys (3jsel slagis
\Y) 6&% a.\.:lo«.\)b u,u)}aT LQU)S ‘SALQJ 4.19-}4) L)"‘ B o

s oo Galed | ol Al e (b Gl 9 <88 (e (VY

100 4th/Stage
BES
>
Q
4,
963
Qo
Q
<
94
92 . ;aél;atlon
Train
90

e8> auo s dnceptionNet gl ol al> 0 :(1Y) S

0.25 4th Stage @
S alidation -

Train

0.2
|
1%
018

0.1

0.05

0

b lake dnceptionNet i jsel p,lesr al> 0 (V) S5

Tl 83 5 LAF G s 4 (hjeel CB5 el odilu,

b S 4 28 Gl Gl Sl alo 5o )3 Sl e
395 Wz adebg (6,50k @ £9h 4 1 el 0y Ul
5o Lol ges Gaalidl olgsds lade 4y cds le Lol wiS o
Loy sloss 5 Wloas (eel Sgbicul 5o s al> e ol
dole (Jol > o (b 5l amy aiile g0 cull hiomy slaay 4
90 il 4 bgye slologel a5 conl ool plxl pgw g a9
N R 00)9] OV B A) sl IS8 o dd> 0

100 2nd Stage

O
curacy%

el

85 ;a;l;atlon

TFrain

80

285 o, dnceptionNet i jgel pgd al> e :(A) S

2nd Stage
alidation
Train

0.8
0.6

0.4

0.2

‘ /wb
; L
)
! L
)
)

0

b ylaie dnceptionNet i jgel pgo al> 0 :(R) JSo

Oisel Bz sleaY (9 5 110 sgax pgd al> e o
03,5 law l8l IY e @ pgw al> e jo jlade ol coad ools

100 3rd Stage

O
® JAcciracy, 1

9

9

92 ;a 1;atlon
Train

90

8> s ys dnceptionNet ijgel pau al> o 1()e) S



VY Ol)en 5 GLalS ol dezme £ JULI 6550k g (Mg (mae SBASD p (G (2ol w90 pabad j oolistwl b ool (Fuijd Cordy pnsld

- ) , ) o
12 1st Stage — el 00 03,91 aSCl sl ijg0l Sl e adS @
’ Validation
1 Train | InceptionNetv3 5 5gel Jol0 <85 gulis :(Y) Jgua
0.8 | Al oS’ Ay S
- . . . . . T . T ‘b”
06 (ST o P SO ) ovigel ovigel
JAYAR JARTAYA TAOIAA VARZAR! Js!
0.4
0.2 JAMARS LAYIA . AYZARd TAPITE TN
0 YAYAN: JAY/ - JANFY | JaEYY | paw
. R N 1AYIVY VANfARE VARV 1a¥/7Y >
ol ,lie GFNet bisel Jsl al> e :(08) JScis ! ! ’ ' ke

9 ‘Sa.wf)l.:‘s.\.a.c AKA.M:JL.:‘ VO ‘5195 Sl ouile ‘59L1 a&)jﬁd
Y 519) Lo St o iy boaSs Sl bl O JSite GINEL gzl 52 (gl g o5 08 55 Sy
(7)) oo 55 (hjgel gy sl psite SlSsz ol al> o an

ol g GFNet (bjg0! Y-

Jj_'a ) ‘) WW 9 U"‘)H] R Qo0 g L)b) )L\.&La _ .
) el 0ol 5 b 4

g dilooo (b yesd oy SLETHL (grae 4l gl Al e o
LSS ats e Shigel i ras GoaSl b )li5 5,
7 Js.lo L l) J3| 4.1},4 Ub) )L.\.a.n 9 XY M)Q (\(b 9 \f)

100 2ad-Stage A2 e ol Sl
L IR e
9%;\\/—‘\._/\\//\ GFNet (ijgel (sl yoiie :(Y) Jgazr
>
8 YYf 4ol (6999 palad 3l
o
g T | ReSNED iy ras 4o 5550k £
97 z = R
I -~ 1 - Jgl > 5o 50 Jaito YolS' (omas 4l 5 S0 & 5
96 ~Validation V| o Al yo 3 Juaio SolS nac aSud g SOl & 9
Train
95 ) i ~ B ~ B </q AT lade
85 2o yd GFNet sjgel pgo al> o :(VF) Sl 33 a5wd 031
2nd St -
nd Stage —
0.1z% Validation 100
o1 Train
: o
0.08 g
3 8(%
0.06 s
70
0.04 -
0.02 60 L Validation |
Train
0 - 50

ol e GFNet (3350] pgs al> o :(1V) JSb 83 0oys GFNet jgel sl alo o :(0F) JSCi



VEo) oyl oF o jlouis epd Jlo o g sl g (oSl iSII widloy” code &y pidd

Nnf

6 amslio g U5, -F

S5 g Yoo oslitel b Jl igel Jolpe plasl 3l sy
sl bae ob)l 4 (s o Gl 4 sae Ver) oad
ot lp InceptionNetv3 Jow <ds ol ol oad

Ll @) Jgo 0 4 0z pslas

A5l ews isel Joe 8l Glsie 58 @mls 4 el L
TAY 5l G (o5ke jsbds 5 009 Joud (BB 55 (6 pdyenes
CA-\JJ‘ cé; J,o..c ds}a LS’L’))‘ )d

InceptionNetv3 b, zlis :(8) Jgos

MY YAV yATA S

AT JASTLY YAYAYS Jpwoes

AYRE /44/34 YAVAYZ <y
yANIALd eSSl

() Jguzr 55 53 GFNet Jao b, gulis a5 axeS

3 Jde oge JolS Jdo ay el (S8 @ a3Y Lleas 158
slagiy 9 eSS Bl Cunlow (9908 (asuia) 3l al> 5o
plnl ol al>ye 90 50 Lk b))l (5L (oras &S00

ol 00
GFNet b3l o 28 s yo :(F) Jgo
G Mo )0 duciioy | CB0 o y0 dloS al> o
YANrid4 74y/a4 £9°
Ja8IvY 7a0/5% o

3929 b a5 Z8bys Glgios pom 5 pos Jolre amlia b

2 s JB b Al el plosl pg Al ya 09 (5 i
3ol paw al> e yo cds ulidl ol alll Sl cdo
5 i s el slapy Gn S S
b Bk sl el a5k (e 4GS lagjs b bS5,
50 8o anweS aS Cdb o ol e (P 5 B) loJgar auslie
285 oaSiln (58, Vo o ol (e 5 458, il GFNet
oS Jb 000l /A8 dg0 o S0 4 obcews g GFNet o
Jb el AYIYS L ol InceptionNetv3 sl jlade
SN Capnsy s lisin slo g, o sl ol se

el @10 s lie cpl a (V) Jgaz .cudls ool

(i e LAl ol g pae Al e (b Cale)e

5 o Ghigel (Ses THL s 4SS 5 L),

s @S> Al ol o) e aige Sl 4y bl slagyss

g el oads plowl SLyl £ s g anils |, ol | ds
el 00 03,51 (V4 5 VA) sla IS, al> o cpl SlS s

100
9%
>
&
98
G
<
97
[ =
96 Validation |
Train
95

&8s duo,0 GFNet U;Z;».J pows al> o t(VA) Sl

It

05 3rd Stage

Validation
Train

ul.g) )L.\.E.c GFNet u“)ﬁ"’T pom A.l>)4 :(13) ]s -

ol (F) Jgo ;0 aods &jg0as yojgal a0 dus gl

GFNet o501 J>lpe 0 <o suoyo :(F) Jgu
al> o
o | (o | Ghigel | il
7AMNYA JAZARS YARYAYd VARTAYN J9!
1ANY 78A YARYAYd YARYAYS P9
7aa/vy 74814 7478 | LAY | pew

! Fine Tune



RN

Ol)en 5 GLalS ol dezme £ JULI 6550k g (Mg (mae SBASD p (G (2ol w90 pabad j oolistwl b ool (Fuijd Cordy pnsld

(1]

(2]

(3]

(4]

(5]

(6]

[7]

(8]

(9]

[10]

[11]

&=l -V

M. Li, Y. Li, and M. Jiang, "Lane Detection Based
on Connection of Various Feature Extraction
Methods," Advances in Multimedia, vol. 2018, pp.
1-13, 2018.

Y. Y. Ye, X. L. Hao, and H. J. Chen, "Lane
Detection Method Based on Lane Structural
Analysis and CNNs," IET Intelligent Transport
Systems, vol. 12, no. 6, pp. 513-520, 2018.

L. Caltagirone, M. Bellone, L. Svensson, and M.
Wahde, "LIDAR-camera Fusion for Road
Detection Using Fully Convolutional Neural
Networks," Robotics and Autonomous Systems,
vol. 111, pp. 125-131, 2019.

B. Varona, A. Monteserin, and A. Teyseyre, "A
Deep Learning Approach to Automatic Road
Surface Monitoring and Pothole Detection,"
Personal and Ubiquitous Computing, vol.24, no.
519-534, pp. 1-16, 2019.

R. Fan, M. J. Bocus, Y. Zhu, J. Jiao, L. Wang, F.
Ma, S. Cheng, M. Liu., "Road Crack Detection
Using Deep Convolutional Neural Network and
Adaptive Thresholding," IEEE Intelligent Vehicles
Symposium (1V), IEEE, pp. 474-479, 2019.

M. D. Jenkins, T. A. Carr, M. I. Iglesias, T.
Buggy, and G. Morison, "A Deep Convolutional
Neural Network for Semantic Pixel-wise
Segmentation of Road and Pavement Surface
Cracks,"” 26th European Signal Processing
Conference (EUSIPCO), IEEE, pp. 2120-2124,
2018.

C. Chun and S.-K. Ryu, "Road Surface Damage
Detection Using Fully Convolutional Neural
Networks and Semi-supervised Learning,” Sensors,
vol. 19, no. 24, p. 5501, 2019.

A. Khoshravian, M. M. Tehrani, and A.
Amirkhani, "Semantic Segmentation of
Autonomous Vehicles Images with TeacherStudent
Technique," Journal of Electronical & Cyber
Defence, vol. 9, no. 4, pp.1-19, 2021 (In Persian).

A. Czyzewski, A. Sroczynski, T. Smiatkowski,
and P. Hoffmann, "Development of Intelligent
Road Signs with V2X Interface for Adaptive
Traffic Controlling,” 6th International Conference
on Models and Technologies for Intelligent
Transportation Systems (MT-ITS), IEEE, pp. 1-7,
2019.

S. Roychowdhury, M. Zhao, A. Wallin, N.
Ohlsson, and M. Jonasson, "Machine Learning
Models for Road Surface and Friction Estimation
Using Front-camera Images,” International Joint
Conference on Neural Networks (IJCNN), IEEE,
pp. 1-8, 2018.

G. Pan, L. Fu, R. Yu, and M. Muresan,
"Evaluation of Alternative Pre-trained
Convolutional Neural Networks for Winter Road
Surface Condition Monitoring," 5th International

sl () (a5 (ola g, e 1Y) S

cds $29,9 Weols Ol e 9
. LQ
7AD e sl b [vy] 30
IR

Si¥ S o glao
/A > 4 V] JuSew 35105
o3l (53, 9,995

s 5l glsel oSl | $+ KHZ Jliges 5 YE GHZ 0,

AN

ool [yl
1a¥/¥s locmge polas P PPNCAN
Glool> InceptionNetv3
S )s0 polal
1as o A3 GFNet o JUisl (s .5sl,

dlool?

9o Azt -0

Cd il ooims plis i opl o sel Cassas mls
ool el GFNet o /4% 4 InceptionNetv3 ,s 74Y/V#
Cdyden 3l Olas ool pwyp slaiegh b awslas jo polie
S ig, wol> (Suizs) jasis jo a5 cul ol ,5ks g 0yl
S 5550 by, 500 5l polar sl eolaiwl  giiw
039 (smae SlaaSed pslai sl eslital lp Jlpl e (S50
s She 5 el Jls o5 Gt 53 5 Ol e 0
©99,5 ools laieds polas 3l colaiwl jo Cownl Pl aSS
Geb Jle jsbas «uwl GFNet silen aigy sl by, o8l
51 ool b GFNet a5 ol asie Jad idgh dases
Soduzmy aSh b wld o (ResNetd0) joolw (glasiis
Jodo a8 il eo 5l cwsay 1, YL 8o (InceptioNetv3)
5 GFNet ozl o (JaS5k aSed 9529 (i | ol
Laild ] 08,8 oS sl 4 palar 0,5 4S5 Canliw
(FESD 6050l 5 e slabieel 5l eolaisl IS sbas
b 5l pslise el 4 1 Vb eBs  hjeal ey ralS
a5 ol s gamasl Jlewe o GFNet 5l oolazul
Shoy o Yb cds 4 oliws g Slaslre g ;. Reix ialS

g g0 yuoS

Ololpsdiay —F

slr 4 S sllsle 5l gl ST slagiegn 5o
Oeized s 18 w090 |yl g 0,5 eolail ResNet50
L il gloosls ol oSy b ools olGl i b (50
sl ol csle i SaSTy Lboslesls oKL (KuS
a2 Gl 1) eas (hisal Joe (5 pdpres Cools Wil oo

Dedien ;e 2lop S8 18, YL« aS



Vo bl oY 0 )lous (ot Jloo g pmslus 9 Saig iUl widloy” oale ay pii

\Aid

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

Polarised Light,” In Advanced Microsystems for
Automotive Applications, Springer, pp. 207-220,
2012.

V. Viikari, T. Varpula, and M. Kantanen,
"Automotive Radar Technology for Detecting
Road Conditions. Backscattering Properties of Dry,
Wet, and Icy Asphalt,” European Radar
Conference, IEEE, pp. 276-279, 2008.

P. Jonsson, "Remote Sensor for Winter Road
Surface Status Detection,” SENSORS, 2011 IEEE,
pp. 1285-1288, 2011.

Y. Kim, N. Baik, and J. Kim, "A Study on
Development of Mobile Road Surface Condition
Detection System Utilizing Probe Car," Journal of
emerging trends in computing and information
sciences, vol. 4, no. 10, pp. 742-750, 2013.

J. Alonso, J. M. Ldpez, I. Pavdn, M. Recuero, C.
Asensio, G. Arcas, A. Bravo, "On-board Wet Road
Surface ldentification Using Tyre/Road Noise and
Support Vector Machines," Applied acoustics, vol.
76, pp. 407-415, 2014,

M. Nolte, N. Kister, and M. Maurer, "Assessment
of Deep Convolutional Neural Networks for Road
Surface  Classification,” 21st International
Conference on Intelligent Transportation Systems
(ITSC), IEEE, pp. 381-386, 2018.

Y. Wang, K. Lv, R. Huang, S. Song, L. Yang, and
G. Huang, "Glance and Focus: A Dynamic
Approach to Reducing Spatial Redundancy in
Image Classification," Presented at the NeurlPS,
2020.

S. P. Jakhar, A. Nandal, and R. Dixit,
"Classification and Measuring Accuracy of Lenses
Using Inception Model V3," In Innovations in
Computational Intelligence and Computer Vision:
Springer, pp. 376-383, 2021.

C. Szegedy, V. Vanhoucke, S. loffe, J. Shlens, and
Z. Wojna, "Rethinking the Inception Architecture
for Computer Vision," In Proceedings of the IEEE
Conference on Computer Vision and Pattern
Recognition, pp. 2818-2826, 2016.

C. Szegedy, V. Vanhoucke, S. loffe, J. Shlens, and
Z. Wojna, "Rethinking the Inception Architecture
for Computer Vision," In Proceedings of the IEEE
Conference on Computer Vision and Pattern
Recognition, pp. 2818-2826, 2016.

A. Mittal, A. K. Moorthy, and A. C. Bovik,
"Blind/Referenceless Image Spatial  Quality
Evaluator,” Conference Record of the Forty Fifth
Asilomar Conference on Signals, Systems and
Computers (ASILOMAR) IEEE, pp. 723-727, 2011.

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

Conference on Transportation Information and
Safety (ICTIS), IEEE, pp. 614-620, 2019.

A. Bystrov, E. Hoare, T.-Y. Tran, N. Clarke, M.
Gashinova, and M. Cherniakov, "Automotive
System for Remote Surface Classification,"”
Sensors, vol. 17, no. 4, pp. 745, 2017.

M. Budzynski and A. Tubis, "Assessing the Effects
of the Road Surface and Weather Conditions on
Road Safety," Journal of KONBIN, vol. 49, no. 3,
pp. 323-349, 2019.

E. Ackerman, "Fatal Tesla Self-driving Car Crash
Reminds Us that Robots Aren’t Perfect," IEEE-
Spectrum, vol. 1, 2016.

M. R. Endsley, "Autonomous Driving Systems: A
Preliminary Naturalistic Study of the Tesla Model
S," Journal of Cognitive Engineering and Decision
Making, vol. 11, no. 3, pp. 225-238, 2017.

A. Taeihagh and H. S. M. Lim, "Governing
Autonomous Vehicles: Emerging Responses for
Safety, Liability, Privacy, Cybersecurity, and
Industry Risks," Transport reviews, vol. 39, no. 1,
pp. 103-128, 2019.

A. Alnasser, H. Sun, and J. Jiang, "Cyber Security
Challenges and Solutions for V2X
Communications: A Survey,” Computer Networks,
vol. 151, pp. 52-67, 2019.

S. N. Doustimotlagh, "A New Framework for
Enhancing the Security of Military Internet of
Things Using the Hybrid Classical-Quantum
Cryptography,” Journal of Electronical & Cyber
Defence, vol. 9, no. 2, pp. 29-49, 2021 (In Persian).

R. Robinson, "Slippery Road Detection and
Evaluation,” University of Michigan, Ann Arbor,
Transportation Research Institute, 2012.

D. Grabowski and A. Czyzewski, "System for
Monitoring Road Slippery Based on CCTV
Cameras and Convolutional Neural Networks,"
Journal of Intelligent Information Systems, vol. 55,
no. 3, pp. 521-534, 2020.

W. Kongrattanaprasert, H. Nomura, T. Kamakura,
and K. Ueda, "Detection of Road Surface States
from Tire Noise Using Neural Network Analysis,"
IEEJ Transactions on Industry Applications, vol.
130, no. 7, pp. 920-925, 2010.

D. Lee, J-C. Kim, M. Kim, and H. Lee,
"Intelligent Tire Sensor-Based Real-Time Road
Surface Classification Using an Artificial Neural
Network," Sensors, vol. 21, no. 9, p. 3233, 2021.

J. Casselgren, M. Kutila, and M. Jokela, "Slippery
Road Detection by Using Different Methods of



	چکیده لاتین
	9-1311

