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Prediction of rutting deterioration in flexible pavements using artificial neural network
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ABSTRACT: Rutting is one of the major deteriorations of asphalt pavement, significantly impacts road
safety and service quality. Prediction models are necessary to prevent and control the damage caused by
this deterioration in the pavement management system. In this study, using the artificial neural network
algorithm, models have been developed to predict the amount of rutting deterioration using the long-
term pavement performance (LTPP) database. These models have been developed for wet freeze, dry
freeze, and dry no-freeze climates. Since proper accuracy and simplicity are the most important features
of a prediction model, using the NSGA II-MLP multi-objective optimization method, the more important
variables in predicting rutting deterioration are identified and selected as the model input. Then, using
traffic, climatic and structural variables selected from the genetic algorithm, rutting deterioration
prediction models were developed. The coefficient of determination and the mean squared error for the
model made in the wet freeze zone and the model of dry freeze and dry no freeze zones are equal to 0.
96, 2.05, 0.94 and 3.45, respectively. Also, by performing sensitivity analysis, the effect of input data
of each model on rutting deterioration was determined. The cumulative maximum and minimum daily
temperature difference per year, pavement age, asphalt layer thickness, annual equivalent single axle
loads, and bitumen penetration are the most impactful variables that have the greatest impact on rutting
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1- Introduction

Asphalt pavements are part of the national assets of each
country, which must be maintained at an acceptable level
of service [1]. One of the main deteriorations of asphalt
pavements is rutting, which is caused by the accumulation of
permanent deformations in the pavement layers [2]. One of the
pavement management system (PMS) tasks is to determine
the optimal maintenance time by predicting the pavement
future condition [3]. Using pavement failure prediction
models, the pavement status in the future is determined, and
the pavement management system based on the results of
these models helps managers choosing the right time to repair
the pavement in the appropriate service conditions [4].

In recent studies in this field, Radwan et al. [5] Developed
models for predicting rutting failure in dry no freeze and wet
no freeze climates. In this study, stepwise regression analysis
was performed to obtain the factors affecting the model. In
this model, the coefficient of determination is 0.479 for dry
no freeze zones and 0.233 for wet no freeze zones. In recent
studies, machine learning methods have been used to predict
pavement conditions. Zeiada et al. [6] have used various
machine learning methods such as support vector machines,
regression tree, artificial neural network, etc., to predict the
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international pavement roughness index. Comparing the
results, it was observed that the artificial neural network had
the highest accuracy compared to other methods, including
linear regression.

This study aims to develop a model for predicting the
rutting depth using an artificial neural network. To find the
effective parameters, the NSGA II-MLP algorithm based on
the neural network has been used. Due to the lack of coherent
and reliable information about the condition of pavements in
Iran, in this study, long-term pavement performance (LTPP)
data has been used, and the impact of various factors such as
weather, traffic, and pavement structures on the rutting failure
has been investigated.

2- Methodology

In this study, 377 asphalt pavement sections have been
selected from asphalt concrete pavement sections on
unbound and bound bases. In this research, the rutting depth
variable has been used as an output variable, and various
climatic, traffic and pavement structure variables have been
used as inputs to create a data set. Structural variables and
material characteristics include type of base, specific gravity
of asphalt and bitumen, percentage of air and bitumen in
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Table 1. statistical indices of developed models

Name type MAE R?
First zone Training 0.84 0.94
First zone Testing 1.44 0.88
First zone Validation 1.65 0.88

Second zone Training 0.62 0.96
Second zone Testing 2.16 0.84
Second zone Validation 2.11 0.94

asphalt mixture, material size, bitumen stiffness, thickness
of different pavement layers, drainage conditions, resilient
modulus, specific gravity and moisture of subgrade, and
pavement age. The equivalent single axle load is used as
traffic variable. Climatic variables include air temperature,
freeze and thaw indices, humidity, shortwave radiation on the
surface, cloud cover, and precipitation.

Artificial neural network algorithms are one of the most
efficient and popular machine learning tools. Artificial
neural networks work based on the physiological structure
and mechanism of the human brain and can solve complex
problems with high accuracy. This study used a multilayer
perceptron neural network to develop a prediction model.
The basis of the operation of these methods is that first
random values for weights and bias are considered, and by
performing the network, modeling error is obtained. Then,
with the backward propagation of the error in the network,
the weights and the bias are changed to reduce the error in the
next prediction cycle [7].

To develop an efficient model that has the features of
simplicity and ease of use while being accurate, it is necessary
to identify the variables that are more important in predicting
rutting failure. For this purpose, an optimization problem
is defined with two objective functions: the first objective
function is to minimize the number of input variables and
the second objective function is to maximize the accuracy
of the neural network model. Using NSGA II-MLP method,
input data of models related to each of the considered climatic
zones were selected. Finally, by using selected input variables
and training neural networks with them, the desired models
for the wet freeze zone and the model of dry freeze and dry
no freeze zones have been developed [8].
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There are several statistical indicators to evaluate the
accuracy of the models. In this study, the accuracy of the
models was evaluated using the coefficient of determination
(R? and mean absolute error (MAE). Equations (1) and (2)
show how to calculate these indicators [9].

Where P is the predicted value, P is the average of the
data predicted by the model, T is the target value, T is the
average value of the target data, and » is the number of data.

3- Results and discussion

Using NSGA II-MLP algorithm, in wet freeze zones (first
zone) with seven input variables and in dry freeze and dry
no freeze regions (second zone) with eight variables, the
accuracy of the models has reached the maximum value. The
variables selected in the first zone include pavement age,
freeze and thaw index, equivalent single axle load, maximum
and minimum daily temperature difference, asphalt layer
thickness, percentage of materials passing through sieve #4
(4.75 mm) and maximum specific gravity of the subgrade.
The variables of the second zone also include the first five
variables mentioned for the previous zone. In addition, the
base type, bitumen penetration, and percentage of materials
passing through sieve #4 and residue on sieve #200 in asphalt
mixture are among the variables in this zones.

To better evaluate the performance of the neural network,
R? and MAE of the three categories of training, testing
and validation data for each model have been calculated
separately. Table 1 shows the values of the statistical indices
of the first and second zone models.

Since it is impossible to understand the relationship
between input and output variables in the artificial neural
network modeling method, by sensitivity analysis, the effect
of input variables of each model on the rutting failure was
determined. Among the variables that have the greatest impact
on rutting deterioration in the first zone are the cumulative
maximum and minimum daily temperature difference per
year, pavement age, and asphalt layer thickness. Also, in the
second zone, important variables include equivalent single
axle load, bitumen penetration, and asphalt layer thickness.

4- Conclusions

The concluding remarks of this study are as follows:

The important role of NSGA II-MLP method in selecting
effective input variables and thus creating a model with less
complexity and input variables has been identified. Using
this method, optimal models were created by considering
more effective variables in each model to predict rutting
deterioration in the studied climatic zones.

The coefficient of determination for the models made in
the wet freeze and the common model of dry freeze and dry
no freeze zones are equal to 0.96 and 0.94, respectively. This
indicates that the artificial neural network can predict rutting
failure behavior well.

It was concluded that depending on the weather conditions,
various factors can affect the rutting performance. The
variables of pavement temperature and age in the first zone
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and the variables of traffic load and bitumen penetration in
the second zone were more important than the other variables.
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Table 1. The influential variables on the formation of rutting failure studied in this research
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able 2. Descriptive statistics of variables affecting rutting failure in wet freeze zones
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Table 3. Descriptive statistics of variables affecting rutting failure in dry no freeze and dry freeze zones
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Fig. 3. Artificial neural network architecture
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Fig. 5. Mean square error for different architectures considering (a) one hidden layer, and (b) two hidden layers
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Fig. 6. Coefficient of determination of the developed model with selected variables for (a) wet freeze and (b) dry
no freeze and dry freeze zones
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Table 4. Selected variables as effective factors on rutting failure in the studied climatic zones

SS90y g SS9 0,5 $bleo b 0 99y $blo oo bl gla ik

UOBB AGE )

AGE CAFT Y

CAFT CKESAL ¥

CKESAL CTR ¥

CTR ALT )

PEN77 NO4S 5

ALT MLDD v

NO4A _ A

NO200A 3

YOAf



30 :
, — Sl
EEs 4 T e et
; t \f / ”
/ w /\ /E
0 osls s 20
()
5 -
MSE = 2.0554, RMSE = |.|4317
!
e I i
.i" W\ ‘\' f “\ ‘J'” ‘w'l M, / \\ .'w'l\‘\“] ‘H‘ ‘1 “' ll‘l‘ "r‘ }‘ '\U ‘\“lw
A ‘ * l\ \\ If ‘ | ‘ ' \
u |“
St . L. ; i
0 50 100 150 200 250
osls s,
(=)

15
Slalie e
(a

T T T
1=-0.3389, o = 1.3961

Cob o 95 puw Bblio (g ouwi GBS g st b buwd bl (Sohan amas dSuwi gl ¥ S

Fig. 7. Artificial neural network results made with selected variables for wet freeze zones

Coled 5o g o ooy L bedls caydy 5l plas” o po as polde ()
ol 0ads (5135 lad Slayye (15Slee sy g las Cilayge 1 Sko Hlade
oy xSk aiyy g b Sy ik e &V IS5 & g |
Cawd 4 VFY 9 ¥/ o0 g iy gl yo g3y 3blio Jio (gl s
JS) Kisd sy g p)S sblie Jao gl ond 5 polie sl ol
Sload Juobs ol .cawl oads duwloes VAS 9 Y/¥D 30 o 5 & (A
Jae lbs o8 ol o 5l (S adlaio yo (gly 00 03> dmugs (sla e
S g 0392 2l sl (S48 5led Bos) (29p molhe im0
ol 013 590l 295 4 ouas

(V) @Yoo & 25 b (nas a8 5 Shos yigg 42 52 oy 0 s
5 Uinlesl ¢ bjgal (godls diwd dw slad lise 5 nJae B> (V) b
Joda 1 ol o dusle A8ls Cygo 4 Jdo 2 (gl S lic]
Bl Jao g cosboye 535 Gblio Juo gl )bl sloaslis aie d

e 93 8 s s 45 C8L)d Blgi e i (nl s 4 g5 L
mas FLoW Lg.\;.o.ﬂ?}' [RVEN uLM: PRATY SYL Oy syl 4 cows
sl glacgilogy > (S1b 5ld S Bos hnpin  (Sghas
Sl yusin I (rwg 0518 (o) p & Gl ol nl RV dlex )l
bl cqe NSGA II-MLP sas g 561,55, 51 osliul g g0
e higel 5 (leme opyiee OBl coles 1 g 38 8l ola e
2,5 0)lsl mas 4

DA

e sbyito b (ol (il de =Y Y
ddome bl g 8 als o 50 ond bl la i j eolaiel b
s sly (Eaune as aSd Jde dmodly pl l eolatel b (g)laxe
2 ddkbio o glaodly gy gilode IS ol b 00y drwgr adlais
bl (JS5 95y (W) ol )3 Cuwl odalie JBA 5V sla S5
w2 dgde odaline (Bun) (Bly p3lie g 0l (ne ple o
e polie &S Cunlize (pl 4 il JSG03 Y = X s o bl
Ny YL cds jl Jae 5 009 K05 )05 4 Bun g ol
g o0 S0P Y = X b 4 bli sl [asuie &5 jobjles .l
S Stron gy 3)10)55 5 2V (R) (Saon o ps 5l e
(@Y JSs) +/25 gas Cigbyo 5 3y bl sly puac aSs o
Casd &y (WA JS5) /AF baas Sis w0 g p)5 bl dl)-.‘ 5
s s 0 &S jolailen .l 0ad vy Wodly Caydy jl plST o (ol
(svas 4Sb sl Jho 0dd (i polie g e sdalin oA g oV
2ead ) Cpided Gl old cuslie Slialie sleodly p o8 @
oo glad jlse Bl g (Sl j0olie g o) oS @i (ioxie ()
by 93y 3blie Jho slp 0oV Kb 4 do g L sl 00 Al
Cawd 4 V¥ 9=+ /¥ Dot i &y lad jlire Bl ol 5 (0 S0ko Hlads
JS) S 2y 9 p )5 blie Jao sl palie (ul izren ul o]

Ryl ) fabul).w ol 0 Ml?m VIAY 9 o] 5 ]‘39» Gy A (u—/\



B ' ' ' ' ' ' ' ' .|' . « R=0.942’l§ ! ' ! ! o )
—_— Sl
30 - P 1 3 30 1
3| | ol g )
RE 1N l, 20
i U/\f »’\/\/ < ’\/ 4
s 10 FU\ | i A A ‘ \, . Ar\ A - 10
S W o ANV VAN 1
0 10 20 30 40 50 60 70 80 ‘)‘ll 100 00 5 10 15 20 25 30 35 40
als s, Slaalos i
() (k)
5 T T T T T 20 T T T T
MSE = 3.452, RMSE - l.lfSY‘Q ¥ 1= 0.057713, o = 1.8669
L WA N N o Al AN LA AN A 3}
3 0 / — \\’ V \ \ \V ‘A 4 7‘
'_E ‘ i’m L
3
10 | . ol
0 10 20 30 40 50 60 70 80 90 100 10 8 -6
a3l s,
(=)
SUid g 3 pw g Suid g 0,5 bl (gl b0l GBI gl puiio b ool Wit Louan auas aSwd gl A JSUS
Fig. 8. Artificial neural network results made with selected variables for dry no freeze and dry freeze zones
o D590 (g o O Bblie (ol oud 0315 dxwsi s Jue (5] st Wi D Jouo
Table 5. Statistical indicators of the developed models for the studied climatic zones
SS90y g Sl g p )5 Gblo gb o 93w Gl O
(s e S lojl Figel (P yluie | S lejl igel &bl
LAY < /Ay AT <1a¥ </a¥ < /Ay R
AN < /A YAYd «/AA «/AA </¥ R?
- I8 “IA- .38 -IA% < IAA -af NSE
- IYY -IYY “/+q SNy N\ -1\ SI
ARVAA v/ay AR TIYO YIVY AR MSE
YIAO Y/-0 \F Qi BN c[+A RRMSE
YN YINF 17y VgD VIFY < INY MAE
YIEY YIAN “JAA Y/-a V/AY V/+a RMSE
a,8 PL?‘JI L9, sl 005 r:l:zu'l (as 4SS A 83959 gesly cad, drwgi (sl Jdo (69) y 0 bl sl s 15U Colus ).Jlj -¥ -y
oS 3l plus delar bdas VY oid Qbasl yuxie 4y &S cunl (glaeS dilale o (gl ol 00l
polie dayuie 4y gly 5 0dd 02y olaidl OT e i U Sl psio oy dlaly )0 coian e a5 (gilwde (g 50

g e patude | Cygo 4y (295 ey Jho (939)5 Glojite dmwg as 4Sid Jue oyt el b Colas 50T oga8

o3> Lyd) degazme o (ly wac aSd Cawles WUT pbsl <l U1 plsl (el a3 )S plol (Sub s i sl 4Bl
o l3g05 codal Cawnd @ 3lie 5l (68 WSibe b Coles p g 0k |y Sl sl psio oy i badd cddlaie o ol Jie jl oolatol b Cumlus

ol 3L sla e Vo g8 (ola S5 03,5 way Cawlus U] Ban .l 43,5 15 odlitwl 390 dilaie o] gl B als e yd ond

bl

5 osbye g 0 3blie (Sly cuip 41y 0nd OBl Glapiie  ((Sub Jbd DB p e pn Blite daly ;5B ey gy ool

o5



12 14
..'l........ .l
10 . e, 12 .
. .
e 0 e e ®
10 . ® o
8 .
4 3 .
4 s .
o g
e 2 *
= zZ 6
H z ¢
4
4
: 2
0 0
0 200 400 600 800 1000 0 2000 4000 6000 8000 10000 12000
CKESAL (x10%4) AGE (33,)
() (<idh)
16 10
2 ¥ » e %o
14 . L4
® 9.8 .
. .
.
12 ° . .
. 9.6 T
° .
~ 10 L] -~ L]
4 e 4 94 @ .
by i ®ee o0 ® A .
a a
H z 92 4 4
= <
= = .
9 .
4
.
2 88 &
0 8.6
0 200 400 600 800 1000 1200 0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
CTR (1 S5l 4 53) CAFT (34,)
() ()
16 12
e* e
14 . LI ° .
.0' 10 ® o0 ®
.
12 . .
.
. .* 8 *
.
:i:" 10 ., K :i: .
E ®ees® P 0
Xy X
a a
z z
EI =
4
4
2
2
[} 0
20 40 60 80 100 120 2 4 6 8 10 12 14 16 18
NO4S (4o 3) ALT ([ 5l)
(2] (D]
25
20 .
.
— .
_‘:_I 15 .
kY .
g .
3 L]
Z w0 Lo
. ®
ee s 00 ®
s
0
80 90 100 110 120 130 140 150

MLDD (Gt o 15 4 5h5)

(3]

Db 50 535 3blo ;3 g0 (5l pulo Copolus FIUT (6l o905 A S5

Fig. 9. Sensitivity analysis charts of effective variables in wet freeze zones

oAy



Y&V UYOAY doxio YY) Jlo A ojlads DY 093 pusS yuol ()l yos cwdins 4 i

18 12
e ®.
16 . ® .
. . 10
14 . '. ..-°""-.
. . «* .
.
12 . 8 .
- . - .
BT 3 ¢
. 4 .
1 26 .
2 s a .
2. E
z 3
‘ 4
r
! 2
1
0 0
80 1080 2080 3080 4080 5080  60SO 7080 8080 9080
0 500 1000 1500 2000 )
CKESAL (x1074) AGE (jy,)
() [
0% 12
e 0 e
s * .
9.5 PRI e ™ . .
. . 10 . .
9.4 e’ . o
. L] L]
. .
93 °® 8
-~ . . -~
% . 3
9.2 T
X . ° -6
-] ]
g o H
g =
9 . 4
8.9
2
8.8 .
8.7 N .
0 200 400 00 800 1000 1200 0 1000 2000 3000 4000 5000 6000
CTR (3! Esile 4 53) CAFT (33,)
() ()
12 16 4
144
10 ° .
.
e® . 12 4 .
L] L]
. L
L e® . 10 4 . o
-~ -® 3
3 cesess® 4 .,
.}‘ 6 } 81 ° .
8 g e .
= = ®es 000"
s Z 61
4
4
24 5]
0 . . . °
30 40 50 60 70 80 9 ° 2 4 6 8 10 12 14
NO4A-NO20DA {4z ,3) ALT (pa gil)
@ ()
16
L]
14 .
L]
12 ]
L]
L]
~ 10 . ®
3 .
5, .
D 84e .
= ® s 00000 "°
=
]
4
2
0 - : . : . . ,
30 50 70 9% 110 130 150 170
PENT7 (e k)
@

SUid g 5w g Suid g 0,5 bl 13 yge (1 puitio Cumla JJUT gld 1505 .Y ¢SS

Fig. 10. Sensitivity analysis charts of effective variables in dry no freeze and dry freeze zones

oA



AAL)J dtmb.)b )AS] )I d)jb).ea 1) o c\...‘))f )I)B W) D90 gg"?‘a’
Slasuie (glojls ¢ olsn 4 ‘.,»T iz (ol usio 15U (g5log)y o il
By )13 bl 3y9e (S5 kb (oS ke p (S35 5 b g 25
S b Shs cp it s (Sole e ) calio s oS bl 5l
B Lz (gilwingy hg) 1 ooliiel b W g 00 sled & (i J4o
o )Y Sy Caedl i &7 olaysze NSGA II-MLP
€8)5 i )3 Jae (399 Olyis 4 g paseie ) (SuS LS S
S I)’:?m Jo 90 (guas ac laSli 31 oalatnl b does )3 .04
g Yl > 005 55 ol 5 ] Bblia > (S ) ok s
93 €3> e (gylo] (slaadls 1 eolatwl b coles 50 sl o o3l
T axlao u)] 5loads S C"k" A duwlro 0l oald drwgl Jdo

» NSGA II-MLP g, 5 5 a5 adllae ol j o
sloyiie g (St b Jae dbul @l 5 S50 (639)9 (sl piie Sl
P LA b Jae (o) opl 5l ookl b .oygd o puis 4 iaS (6349
S3Okd Gl Gogie sl Jhe 3 5 lapsie (385 )L
S S g3 p0 § SiS 5 95 g sboye 93y g 5 Ol 3ble )5
A5 03l

gl Gblie > (Sub )ld S Gaohn Jde amogi gl @
S &5 alajg) slus AVl (1:Slee (sl puiie coglo o 9 0 (oo
Slwl Y culbs (CTR) Jlo > aljy, Jols clod 5 Sl
10y> (MLDD) iy S5 (S pogeasin 59 S (ALT)
s SB O (pegdee ¥IVO) ¥ oojlos S S1(gy5e (S lae
en Sk b aess 335 5 (AGE) sy, soe (NOAS)
sly odel Cuwd A Jde o oy Lloss eolal (CKESAL)
I g AN A L a Gllesl g omiwlael o 5jge] (slaodls
2 A8l drwg Jdo lad Glupe ke ismad ol ol dpwle
(P il Ghjgel (slaodls (gl gloye g 3y (sbolie (gl adllla o)
ol ool Cawd 4 F/YD o YVY AN sy 4 islejl g

s w9d S &S olaig) sl aVle (pSile sl pxio °
5 Sl los GMS! meos o (CAFT) sl o gl o
(ALT) lawl 4Y cwbrs (CTR) Jlo p aljy, JSls lod

094

L (S )b ol lade wad o sdaline A JSG p aS jlailan

(swdides ©glad g 5lai b gillas o ol a8l Lol B (5leg) (o Rl
@ (S8 )bd plise (SB15 L GRIETL eiomen (AR JSS) ol
@ Sk G b gy ool (o USE) wbiee Rl @y
ol gy 4 (gilwgy ol 5 oad dbul WS15 s 4 e (g)lade
O 5 09> S o5 pite 86 gy 0 205 0 o5 o5
LAY 5 Cons W 4 9 9 S dlaw ol 381 b &S A 4
i e 4y gl 31 L Bl 33l (S5 s ke sibeg Gl
wp P (u—c\ ng) Cawl 0045 L5’|)> )g‘)g 2 wgl&u wl)sl u.cb
Olgiee 4SS opl 4 (aljgy slod JBls o iShis M) Sl gl )l
A > adl ywli8l Sus )l lade pate opl iol3l b aS 5,8 oLl
Sk 5l (e JS8) cunl 035 425 |y (6 i slaled yiShs (g5l
Cuolsus il b Canl B3l 55 wiine cglad b aS jobo jlon 500
aSo) ede (e JS) ol 4l ials (Sas s olise (il 4Y
oy Cglie 13U Cov i acwlbs ol jd (Dlawl (jlwg, cuglio
ot clawl IS glojlo ol cualius il b Lol ol (608 lae
l i SB 3 ¥ Sl gygue (S gl ol 381 b sl 0357 )
(2 JS5) ol 4 I3 g 5 48 f0lS (S35 L i
Koo pSos el Cumgad pl b pdlas oS cuwl ol sl ol s
OO p 9 oM Olgy el las cpl GRIE A 4 ol Sl Ll oad
Comlas WU oo S 5 a5 jgblon 33,5 0 ;5035 (59, il
b&@&&&sb)w9t_§uﬁ$9ro)§&‘9m5y14ﬁa}ﬁ)3(\' quﬁ)
sl pusio dilen Lo,@ boysie plo 350 50 (Sud Hld ldy 0gd e
o Dyg0 3D o u9b/~o 9 D Lglyz’ 9 u] L d.EL.n L;l)J oS )f.)
5 bl gy ol ol GRIBIL & ¢l lgie 56 8 spdided
O gV JS8) canl Bl ol jEl (S jled Jausiliy a5
b i 008 Cot b 4y 0l St 1 gilwgy bl g5y b

Gl a8l ialS Sud

6 35 ot ¥
Al Jho b (S )kl B gty adlae ool ol Baa
Sl > (Sad Ll 23 Gl Ny Sl @ ey bl as
5 ol Gilisa wuldl 93 adllas ol 55 sl oglite lon g ] ilisee



&lo
[1] T.F. Fwa, The handbook of highway engineering, CRC
press, 2005.

[2] K.H. McGhee, Automated pavement distress collection
techniques, Transportation Research Board, 2004.

[3] K.A. Abaza, Deterministic performance prediction model
for rehabilitation and management of flexible pavement,
International Journal of Pavement Engineering, 5(2)

(2004) 111-121.

[4] J.A. Prozzi, F. Hong, Transportation infrastructure
performance modeling through seemingly unrelated

regression systems, Journal of Infrastructure Systems,
14(2) (2008) 129-137.

[5] K.A. Zimmerman, D.M. Testa, An Evaluation of Idaho
Transportation Department Needs for Maintenance
Management and Pavement Management Software

Tools, (2008.(

[6] A. Miege, Tyre model for truck ride simulations, CPGS
Dissertation, University of Cambridge, (2004).

[71A.R. Archilla, Development of rutting progression models
by combining data from multiple sources, University of

California, Berkeley, 2000.

[8] B. Ali, Numerical Model for the Mechanical Behavior of
Pavement: Application to the Analysis of Rutting, PhD,
University of Science and Technology Lille, France,
(2006.(

[9] M. Anyala, J. Odoki, C. Baker, Hierarchical asphalt
pavement deterioration model for climate impact studies,
International Journal of Pavement Engineering, 15(3)
(2014) 251-266.

[10] J.D. Porras-Alvarado, Z. Zhang, L.G.L. Salazar,

Probabilistic  approach to modeling pavement

performance using IRI data, 2014.

[11] 1. ARA, ERES Consultants Division, Guide for
Mechanistic—-Empirical Design of New and Rehabilitated
Pavement Structures, Final Rep., NCHRP Project 1-37A,
(2004).

[12] A. Isa, D. Ma’Soem, L.T. Hwa, Pavement performance

model for federal roads, in: Proceedings of the Eastern

Sl aps W oclod > 8 cpipdes (UOBB) (bl g5
2 5,50 60959 sbayusie e (NO4A-N0200A) Yoo
P o g ol blie > (Sad ld S olise it Jdo dawy
O sl 0l 00l drwgs e CBd uS Gl Sis g 0y g SUiS
‘uia}?oi cbosls el sl cand 4 O G b g 039 YU 3 bl
RO RS RCWARYLY SRYIN SRYL VU N VR ¥ P S e

o yiie (8 iou 50 e plool Cawlus o 4 as g5 b °
addllae 390 (3ol )3 Al (S0 )Ll (S 1) ()35 580 oyt oS
2 S3HS Gl ISP pyiie o olajite AD (B
yiio g AGE Sloj pite caadl iy a5 aliphy g o g 3 ol
uusim )t"b l} ALT d‘a)l.w axie 9 W‘M ).ul) l) CTR @Lo.}
i A WS g g 28 wlll )3 piomen 35 asude oIS
356 LPENT7 slge cilasein yuiie g CKESAL 315 cla yusio
B 2 oosSme 36 L ALT (dojlo yite S8 Jue altio g paitas
&S ol o] 51 (S osel Cond a4 gl 5,0,05 5 Coenl cp e )
52l g ol shojl ciliseo Jalge 186 l3ee g (S5 e 5
Lld b oyl pls sl 039 cglise olon g Ol calise ble y> (S8l
OlFie Silwgy IS g e g (2hb 3 lagebly (ul W36 28
Silogy (B3 yas lall e 3 g Bl Cad il &
25 S8

031> drwgd s S0 31 6,15 10 s (SLiwly 13 dlpiiuy
X
Slp cae Yeb g pomuie sloodl dg3g pis s 4 as S

FLY (LTPP) Silwgy e il 5 Slas ol slaodls ¢l ! sl sjlos,
sdsxio VLI jd olen ¢ o caliste bl oo by ccul 43,5 1,3
Q?.l)) ol bbbwy’J_\n)’]Af_\fSuo Wml)_‘) I OK&I Qﬁ] O‘)?-I9l§‘~’~)‘°]
D9 ol ji )98 (lasilugy 1 (S5 LS Snitn Sl G5
il yd odlatwl 3y50 pdlas (a0 Gl Ly @ cul (S JI5 1l
o 1l B B b plgi g (S5 6yl 0000y gl s jlug,
3)90 3948 ) (S8 Hld dunlile g (e3S sl (oB9) Ol 4 Wl
2,5 )1L,8 eolal

Yoo



user reference guide, Turner-Fairbank Highway Research

Center, 2003.
[23] https://infopave.fthwa.dot.gov, in.

[24] H.J. Adér, G.J. Mellenbergh, Advising on research
methods.: Proceedings of the 2007 KNAW colloquium,
Johannes van Kessel Publ., 2008.

[25] R.J. Little, D.B. Rubin, Statistical analysis with missing
data, John Wiley & Sons, 2019.

[26] F. Yu, X. Xu, A short-term load forecasting model of
natural gas based on optimized genetic algorithm and

improved BP neural network, Applied Energy, 134
(2014) 102-113.

[27] V. Safak, Min-mid-max scaling, limits of agreement,
and agreement score, arXiv preprint arXiv:2006.12904,
(2020).

[28] G. Shafabakhsh, O.J. Ani, M. Talebsafa, Artificial
neural network modeling (ANN) for predicting rutting
performance of nano-modified hot-mix asphalt mixtures
containing steel slag aggregates, Construction and
Building Materials, 85 (2015) 136-143.

[29] A. Moniri, H. Ziari, A. Amini, M. Hajiloo, Investigating
the ANN model for cracking of HMA in terms of
temperature, RAP and fibre content, International Journal

of Pavement Engineering, (2020) 1-13.

[30] J. Domitrovi¢, H. Dragovan, T. Rukavina, S. Dimter,
Application of an artificial neural network in pavement

management system, Tehnicki vjesnik, 25(Supplement
2) (2018) 466-473.

[31] E. Heidari, M.A. Sobati, S. Movahedirad, Accurate
prediction of nanofluid viscosity using a multilayer
perceptron artificial neural network (MLP-ANN),

Chemometrics and intelligent laboratory systems, 155
(2016) 73-85.

[32] M. Jalal, Z. Grasley, C. Gurganus, J.W. Bullard, A new
nonlinear formulation-based prediction approach using
artificial neural network (ANN) model for rubberized
cement composite, Engineering with Computers, (2020)
1-18.

[33] A. Kostopoulos, T. Grapsa, Self-scaled conjugate

gradient training algorithms, Neurocomputing, 72(13-

¥5e )

Asia Society for Transportation Studies, Citeseer, 2005,
pp. 428-440.

[13] A.K. Naiel, Flexible pavement rut depth modeling for
different climate zones, (2010).

[14] M. Svensson, Modeling pavement performance based
on data from the Swedish LTPP database: predicting

cracking and rutting, KTH Royal Institute of Technology,
2013.

[15] M. RADWAN, A.-H. Mostafa, M. HASHEM, H.
FAHEEM, Modeling pavement performance based on
LTPP database for flexible pavements, Teknik Dergi,
31(4) (2020) 10127-10146.

[16] A. Fathi, M. Mazari, M. Saghafi, A. Hosseini, S.
Kumar, Parametric study of pavement deterioration
using machine learning algorithms, in: Airfield and
highway pavements 2019: Innovation and sustainability
in highway and airfield pavement technology, American

Society of Civil Engineers Reston, VA, 2019, pp. 31-41.
[17] S. Inkoom, J. Sobanjo, A. Barbu, X. Niu, Prediction

of the crack condition of highway pavements using
machine learning models, Structure and Infrastructure

Engineering, 15(7) (2019) 940-953.
[18] W. Zeiada, S.A. Dabous, K. Hamad, R. Al-Ruzouq, M.A.

Khalil, Machine learning for pavement performance
modelling in warm climate regions, Arabian Journal for

Science and Engineering, (2020) 1-19.
[19] X. Cai, P. Wang, L. Du, Z. Cui, W. Zhang, J. Chen,

Multi-objective three-dimensional DV-hop localization
algorithm with NSGA-II, IEEE Sensors Journal, 19(21)
(2019) 10003-10015.

[20] P. Lu, D. Tolliver, Pavement treatment short-term
effectiveness in IRI change using long-term pavement

program data, Journal of transportation engineering,
138(11) (2012) 1297-1302.

[211 FHWA, LONG-TERM PAVEMENT PERFORMANCE
Information Management System Pavement Performance
Database User Reference Guide, 088 (2003).

[22] G.E. Elkins, P.N. Schmalzer, T. Thompson, A.
Simpson, Long-term pavement performance information

management system: Pavement performance database



YEY B YOAY doxio VF) Jlo A 0)loud OF 093 ¢S ool (pos susdie 4yl

Hydrology, 509 (2014) 379-386.
[39] J.-L. Chen, H.-B. Liu, W. Wu, D.-T. Xie, Estimation

of monthly solar radiation from measured temperatures
using support vector machines—a case study, Renewable

Energy, 36(1) (2011) 413-420.

[40] H. Adeli, Neural networks in civil engineering:
1989-2000, Computer-Aided Civil and Infrastructure
Engineering, 16(2) (2001) 126-142.

[41]J.D. Olden, D.A. Jackson, llluminating the “black box™:
a randomization approach for understanding variable

contributions in artificial neural networks, Ecological

modelling, 154(1-2) (2002) 135-150.

[42] M. Gevrey, 1. Dimopoulos, S. Lek, Review and
comparison of methods to study the contribution of
variables in artificial neural network models, Ecological
modelling, 160(3) (2003) 249-264.

[43] J.H. Choi, T.M. Adams, H.U. Bahia, Pavement
Roughness Modeling Using Back-Propagation Neural

Networks, Computer-Aided Civil and Infrastructure

Engineering, 19(4) (2004) 295-303.

15) (2009) 3000-3019.

[34] K. Gopalakrishnan, Effect of training algorithms on
neural networks aided pavement diagnosis, International

Journal of Engineering, Science and Technology, 2(2)
(2010) 83-92.

[35] M.H. Esfe, H. Hajmohammad, R. Moradi, A.A.A.
Arani, Multi-objective optimization of cost and thermal
performance of double walled carbon nanotubes/water
nanofluids by NSGA-II using response surface method,

Applied Thermal Engineering, 112 (2017) 1648-1657.

[36] S. Ramesh, S. Kannan, S. Baskar, Application of
modified NSGA-II algorithm to multi-objective reactive

power planning, Applied Soft Computing, 12(2) (2012)
741-753.

[37] M. Ehsani, Development of a prediction model
for concrete pavement failures using the LTPP data,

Amirkabir University of Technology, 2021.
[38] Z. He, X. Wen, H. Liu, J. Du, A comparative study of

artificial neural network, adaptive neuro fuzzy inference
system and support vector machine for forecasting

river flow in the semiarid mountain region, Journal of

Civil Eng., 54(9) (2022) 3581-3602.

DOI: 10.22060/ceej.2022.20965.7581

A. R. Askari, P. Hajikarimi, M. Ehsani, F. Moghadas Nejad , Prediction of rutting deterioration
in flexible pavements using artificial neural network and genetic algorithm , Amirkabir J.

a3 £l sl o (] 4 g

Y5y



