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ABSTRACT: Incorporation of deficient design and construction methods in pavement industry
exacerbated with unoptimized maintenance plans has led to unprecedented economic and social costs.
Therefore, novel technologies and up-to-date science are most sought for today to respond to the
challenges at hand. Artificial Intelligence (Al), one of such new technologies, is currently used to develop
machines and algorithms that mimic human’s brain. Compared to traditional solutions, Al has proven to
be cost- and time-effective in enhancing asphalt pavement design, material production, construction, and
maintenance management. The present article delves into the applications of Machine Learning (ML),
a subset of Al, in pavement engineering through conducting a review on 150 related scientific articles.
According to the results, ML has been employed in 7 various research areas of pavement engineering: . )

. L . .. .. Artificial Intelligence
Design optimization (11% of the studies), asphalt performance prediction (8%), prediction of asphalt
mixture characteristics (33%), detection of surface defects (19%), classification of surface defects (2%),
prediction of pavement functional indices (21%), and maintenance plans optimization (6%). Also,
aiming to outline the trends in the literature and to represent research gaps and achievements, statistical
analysis was presented on: the frequency of published articles in each year, algorithms used for model
development, and input features used for predicting the performance of asphalt mixture or pavement
sections. It is concluded that ML is an indispensable and necessary tool for improving, optimizing,
and conducting the critical processes in pavement design, material production, construction, and
management. As a consequence, it is necessary that the applications of ML in pavement engineering be
further explored through research. This allows for development of edge-of-science technlogies such as
Digital Twins (DTs) in the industry.
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1- Introduction

Pavements are built to provide a smooth and level surface
for driving and also to transfer traffic loads to the subgrade.
Accurate engineering design is just as paramount as the
right measures and practices for construction of pavement.
Subsequently, maintaining the asset in appropriate condition
with high serviceability is a vital task. With the ongoing
development of road networks, there has been a rise in the
demand of high-quality asphalt pavements. To overcome the
economic and temporal challenges, it is essential to integrate
conventional methods with cutting-edge technologies.
Since the beginning of the 21st century, Al solutions have
been incorporated in pavement industry to make traditional
processes more affordable and time-efficient [1].

Several review articles have already been published in
this field, surveying ML algorithms adopted for pavement
condition evaluation [2], automated distress detection [3],
and pavement performance prediction [4, 5]. However, all the
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above-mentioned studies are concentrated on the application
of ML in pavement maintenance phase, leaving out material
production and construction life-cycle stages. There are
also other review articles comprehensively investigating the
application of ML in pavement engineering life cycle [6,
7], however, the reviewed models were limited to Artificial
Neural Networks (ANNs).

The present study looks into pavement engineering
literature and thoroughly investigates the ML models
developed for materials selection and production, materials
characteristics prediction, analyzing materials effects on
test results, optimization of pavement maintenance and
rehabilitation, and automated defect detection.

2- Al and its Subsets

Al is turning into the most prominent tool for resolving
the issues in industry and academia [8]. ML is a subset of Al
which empowers machines to gain knowledge from its own
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Fig. 1. Al and its subcategories [10].

experience and improve. The principal branch of ML is Deep
Learning (DL), composed of Convolutional Neural Networks
(CNNs) and more hidden layers than ML algorithms. DL has
effectively been used for speech / speaker recognition, object
detection, and Natural Language Processing (NLP). Some
well-known DL models include Recurrent Neural Networks
(RNNs), Generative Adversarial Networks (GANs), and
Transformers [9]. Al and its subcategories have been
demonstrated in Figure 1 along with exemplary models.

3- Applications of Al in Pavement Engineering

The latest models developed for the prediction of pavement
performance indicators have been reviewed in Table 1. It is
observed that various models have been used for prediction
International Roughness Index (IRI) and Pavement Condition
Index (PCI), namely ANN, Random Forest (RF), Support
Vector Machine (SVM), Physics-Guided Neural Networks
(PG-NN), Gradient Boosting (GB), Light Gradient Boosting
Machine (L-GBM), Extreme Gradient Boosting (XGB), K
Nearest Neighbor (KNN), and Linear Regression (LR) [11
- 15]. RF has proven to be one of the strongest ML models
in predicting IRI and PCI when supplied with enough data
and predictor variables, achieving higher than 90% accuracy.
Also, the used datasets included Long-Term Pavement
Performance (LTPP) and private datasets obtained from data
collection using surveyor vehicles.

Using Physics-informed ML has been one of the novel
research trends observed in the literature. These models
introduce physics rules into the purely data-driven models
and thereby resolve shortcomings such as common-sense
reasoning, adherence to physical constraints, and limitation in
extrapolation beyond training data [16]. PG-NN was trained
on LTPP data in order to predict IRI based on a diverse set of
input features including climate, traffic, structure, condition,
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material, and maintenance data [13]. The model reached an
88.39% accuracy, outperforming the traditional ANN model.

Another research trend spotted in the reviewed articles
concerned the “black box nature” of ML models. Explainable
Al techniques including calculation of SHAP (SHapely
Additive exPlanations) values were implemented to grasp the
decision-making process of the model and to recognize the
features attended to, in each layer of the model.

Researchers used SHAP analysis to recognize the features
that influenced IRI and PCI the most. It was found out that that
roughness and pavement age were the most dominant factors
in prediction of PCI [15], while aggregate stripping and crack
length were the most important features for estimation of IRI
[14].

Other subjects covered in the literature included using ML
for optimization of mixture and structural design, prediction
of asphalt performance and mixture characteristics, detection
and classification of surface distresses, prediction of
performance indicators, and optimization of the maintenance
scenarios. Application of ML in some research areas was
barely investigated, including evaluation of environmental
phenomena such as albedo and carbonation which are
important research topics in pavement Life Cycle Analysis
(LCA) [17]. It was also observed that analysis or prediction
of the generated energy from pavements was not carried out
using ML.

4- Studies in Persian

The articles published in Persian were analyzed separately
to better distinguish the approaches taken by researchers with
other publications. The efforts of researchers in this section
were limited to prediction of Marshall stability using SVM
and RF [18], prediction of rutting index for modified asphalt
mixture [19], and optimization of the network maintenance
plan relying on Fuzzy inference [20].

5- Conclusion

The advances in Al have allowed for accurate analysis and
interpretation of data. Nowadays, ML and DL as the subsets
of Al are being used to develop systems which are capable
of extracting patterns, making decisions, and predicting
results without human interference. The article surveyed the
applications of ML in asphalt pavement engineering. It was
demonstrated that the algorithms have been incorporated in
various domains of the industry including design optimization
(11% of the studies), prediction of asphalt performance
(8%), prediction of asphalt mixture characteristics (33%),
detection of surface distresses (19%), classification of surface
distresses (2%), prediction of performance indicators (21%),
and maintenance plan optimization (6%).

It should be noted that despite the wide application
of Al models, there have also been some challenges in
implementing them. Dependence on large datasets, lack of
generalizability, and the absence of mathematical relationship
as the model’s output are some of the faced challenges. In this
regard, it is suggested that researchers adopt the following in
future studies:
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Table 1. Comparison of the latest models developed for predicting pavement performance indicators using
Al algorithms

Indicator Predictor variables
Data
Dataset and ML < Model
w O . .
Ref. data volume model — - e a g § 8 g splitting Accuracy
7 a gg é & § % § share
o
Data collection
at Nablus, 0 0
[11] Palestine ANN - v - - - - v - 70/012-01/54/ 99.75%
0
(384 rows)
LTPP RF 96%
[12] . - v v 4 - v 4 80% / 20%
(2,708) SVM 92%
LTPP PG-NN 88.39%
[13] Y - v v v v v v 85%/15%
(1,287) ANN 87.89%
RF 21.3%
Data collection L-GBM 14.9%
[14] at Qom, Iran LR v - - - - - 4 - 80% / 20% 6.5%
(4,685 rows) TKNN T 152%
GB 19.6%
LTPP RF 91.2%
[15] - v v v v v v - 80% / 20%
(1,493) XGB 92.3%

* Explainable Al techniques (e.g., SHAP analysis) to
recognize how the input features influence the estimated
parameter,

+ Feature engineering solutions (e.g., recurrent elimination)
which avoid entrance of redundant features in the model
and thus, improve the model’s accuracy,

* Physics-informed models for which different physical
information and information integration methods should
be evaluated due to their novelty in the literature.
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Fig. 1. AI and its subcategories [45].
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. Classification

. Reinforcement Learning

. Support Vector Machine (SVM)

. K Nearest Neighbour (KNN)

. Logistic Regression

. Decision Tree

. Artificial Neural Network (ANN)
. Widrow & Hoff

. Neuron
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5. Feedforward neural network

6. Mechanistic-Emperical Pavement Design Guide (MEPDG)
7. Weigh-in-Motion (WIM)

8. Particle Swarm Optimization (PSO)

9. Xiao
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1. Back-propogation

2. Tigdemir

3. Long-term Pavement Performance (LTPP)
4. Radial Basis Function Networks
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8. Riyad

9. Lignin

10. Ground Tire Rubber (GTR)

11. Rolling Thin Film Oven (RTFO)

12. Pressure Aging Vessel (PAV)

13. Rotating Viscometer (RV)

14. Fourier Transform Infrared (FTIR) Spectroscope
15. Bomb Calorimeter

16. Superpave (Superior Performing Asphalt Pavement)
17. Combustion Heat

18. Failure temperature

19. Lasso Regression

20. Gradient Bossting Regression
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1. Dynamic Shear Rheometer (DSR)
2. Styrene-Butadiene-Styrene (SBS)
3. Support Vector Regression (SVR)
4. Gaussian Phased Regression

5. Root Mean Squared Error (RMSE)
6. Arifuzzaman

7. Bayesian method

YALA



[0V] 55l cawd 4 51 Jles!

ol (o gilg) Jslize sl o3 5l (Ko (St 1 G50 5
oSl .l 03g) 4038y ¢ gilwg,y p 035S slaislejl plol 5 ol
S8 Sbbglte (s joe (pedS linly 3 (Juo VW Jlo
55 8yl Legunn mas sbaSud ool y 63l a8 | orsp Mol
Sy sjlme g @olaBl (cblie ey 4 s (o3l S
T 508 )5 ), ealawl 350 calizee (o0b yiwSB £o5 lea Cunlaiily
15 (S e Caslorsd odlizl Ui le Lbg, ) bsle cpl b
Canlodgs yle Jhe (sla 639y .Canlodgs Sl clacS 5 g9 ¢ yiulo]
$)95 Ndin pegae (g pepatte ()jg iged )l 8 o) |l
sl S sl (islejl cpl (gys odld Lbgle JB (clad IS
ssbaie 4 Cawlodgy (N)) (Siwd g95k slasy obul b )15k
ol lhe .calons ol Te,)loS =S o) winyoSU 5 Jde 590l
CES dw g 50 4 lads sy il L 1y 5t BK e Y S
[OA] clasily il sl

dslome JLbjlo Stlojl 514" JUs o Cuoglio g o5 4y (sl el
e ¢ Tl it badpe bely slagileg, 5)Sles 4 Sloss
JWjle lagelly (dopin bwly oo VOF Jlo 5 da
Eghan gher b () b olsl (i L oad Mol (658 sabglse
Owile 5 (Sguas (swas dSud w2)eSl 93 jl (Buiod (pl 5> 0l )
ol ol b Sy St 85 Tl i ol oy
o JWle Cuglio 5% oy axyd (JB slad wo )y L cunlords
claalbiSin 1oy Jols aBislejl (639)5 035 Ae ggamme ,d WM
bl Billas Cuwl 03g) 18 Mo )d g yeuls duoyd daylid daaly 555 i yd
@l by Jlop (dle Sl (s a8 Ll 039 cuslio )5l 93 52
a0 (JUijlo Cuoglio (sl yiol )b i B Cunldaidly (g gy Lu.w
98 JAYIE L ply as 45 Jde bawgs JB (cldb doyd g 0y
[08] caslodgy QY

(35,5 5) slagly i & T Lo 5 ol 2
Oty oy Gble gmm S gy J) ool b (il (slacsslog,
S Jold Y jlea ilogy ghaie Veer v ilo o ol ) Sy

2. Lavenberg-Marquardt Algorithm (LMA)

3. Khuntia

4. Least Square Support Vector Machine (LS-SVM)
5. Flow value
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6. Multivariate Adaptive Regression Spline (MARS)

7. Gene Expression Programming — Multi Expression Pro-
gramming (GEP-MEP)

8. Bending Beam Rheometer (BBR)

9. PolyVinyl Chloride (PVC)

10. SPSS

11. Huang

12. Witczak
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1. Gene Expression Programming (GEP)

2. Artificial Neural Network with Simulated Annealing
(ANN/SA)

3. Le

4. Stone Mastic Asphalt (SMA)

5. Teaching Learning Based Optimization (TLBO)
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6. Biogeography-Based Optimization (BBO)
7. Gradient Boosting

8. Extra tree

9. Single-Edge Notched Beam (SENB)
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1. Random Forest (RF)

2. Beetle Antenna Search (BAS)

3. Zhang

4. Falling weight Deflectometer (FWD)
5. Behnood & Golafshani
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Fig. 2.The share of parameters characterizing asphalt in the performed Al-assisted analyses (analyzing 16
different studies aimed at predicting asphalt mixture characteristics)
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2. Extreme Gradient Boosting (XGboost)

1. Wang
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Fig. 3.Comparing the share of parameters characterizing asphalt mixture or pavement sample in the per-
formed Al-assisted analyses (analyzing 16 different studies aimed at predicting asphalt mixture characteristics)
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Fig. 4. Comparing the share of parameters related to the experiment or sample conditions in the performed
Al-assisted analyses (analyzing 16 different studies aimed at predicting asphalt mixture characteristics)
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6. GoPro

7. Deconvolution
8. ConCrack

9. Gao

10. Faster R-CNN
11. Dan
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1. Tong

2. Ground Penetrating Radar (GPR)
3. Global Average Pooling (GAP)
4. Softmax

5. Mei & Gul
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5. Structure from Movement (SFM)
6. Li
7. T and f tests
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1. International Roughness Index (IRI)

2. Pavement Surface Evaluation and Rating (PASER)
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4. Recursive Feature Elimination (RFE)

5. Overfitting

6. SHapely Additive exPlanations (SHAP)
7. Explainable Al

8. Shaheen

9. Hyperparameter
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1. Seasonal AutoRegressive Integrated Moving Average
(SARIMA)

2. Chen

3. Physics-Informed or Physics-Guided Neural Network
(PINN or PGNN)

YAoA



L s g omdle jpmecSjnd 5k oo drwg il slad S0,
Col jls ogMar 39 ploxl poiie sl 5 (S (x5l 65
sbaoil ) (uiie Cuslad pas Gl (K3 sl 605 U
Dgd Juow eolisS ¢ Ay
SloSiss l olitl (15w cpl slagiagh K> slasgly ]
S35k Jde S el bond S50 Cap phigwdyl (Sshae ish
al o Caliee (claayY )3 a3 S5 an g )90 (sladasuio g wile
Yo¥0 Jlo jn ohhKen 5 b 9 [AY] VYO Jlo j0 ol 5 (635
035 )3 oS e Jolgs (ol gl G b il 1 [AY]
iy ool Dyg0 50 48" Wdges o3kl Cuxdg 5 (5 lgenl (la sl
3ol je cpgd 3)90 3 g Lty |y 3B (i S5 Jsbo 9 ailSin

39: Jelge (5 90 49y yoe 9

ol il 9 (5SS Sliles (65400 -V =¥

e Gimte 1 S 5250 Slaisjlog) die 5SS 9 Ca e
> 2 gilogy (6)IRSS Co e 5 syl Cunl oy (gilug) Cu e
sl g ot Exmaal) o 53 o b slae lS 5 saxte (sl y2oll
Jlo 33 ySad 5 sl 39500 ogmine (Slodimg yal (s jlaal
Clyrasio )5S Cldes giludie 4 @3)90 adlas S 3 F4N0
Goan )3y 4 93 (S iS5 oolitul b yuma 8 (slaol,
Ban g Olpasin )l aije Gilw Bl (Juo ool dnwgs I gl
ool Calesgs oly )8 4 Sleycwad blud ilediin ped
0995 31 o5 3590 asad o )3 (53l STkl st sl adllas
Gilwgy Candg Hasls wlol cpl p colosds odliw] TégS Lo 0y
VeooVe g VeBD DAY+ Feole dome claoyinS 3 09,5 O 4
b i colplS 408 (gl oolitsl cgges Can by Caslods (g hisposn
[80] Caslorss (63538 Sy gy o 31 o0lit

Slas3logy Ol pramig s, leSS sy aaly YV Jlo 13755 5 1)L
20315 51,38 adlllan 390 1) (ppble (63055L (slashg) Sl edlitl b (25395
Silogy Cumdy padld adlas cpl > 0adaB)S ey (6)ISS e
o839y (8l slrodly ulol p Jae cole wdllas pl ) .caslodg
(55 Sl daad VY g gy Sl aed VST el ool SIS

A5 ol s iy 5 Tl somine ¢ Balal (gt by b,
Ok gilwgy el 5,Sles 83l oL (glaodly b Jio Cus s
sbedy b cwy 4 Bolal K ¢ Lol )3 i cusdl e g0 oS b
2ol s Cunsy (a3 ls e 4 2B ZAV/Y  ZAV/Y oYL
3939 b ylis ¢ )l A LB o sdole]  Siwpd (i yile &S
Jeloss 15 gyl 53 g 0AlS ey sl e (e (Sip
Oy 5 olitel Lol ol e Bls g glulis Ban b b
Hellops padlis bwgie jl Lo cjle (adld Swiin 50 by
[A7] il yos 5 S)lgenls

s edls swin sl le drwg 53S0 &S 4] Oldles
Slodds dunlie a5 LY Jodo 10 Slodgs (gilwgy (50,Nes

g o gy iy (gl pxito ol bl 5ol el I duslde oyl
Pb;.il J.\n CBY pitrad g Sildse yd nosly Xl Gb—\ugua.a)u;\w

Al 3l el &S dad o LS sy oyl Cldlles 558 oo
u:lsu.o}u ‘_ng‘_;”Ty’ )'I gy J/Slo.c RO Lg])g olfLi.{)'#é e
1570Su 3 (6350l ( IS ygbody uwlodg (siludie Ao > 0 Jlasl
S cuame yemaodld sla Jae & (SO lh 35033,lg b T peile
srcudgion | g9y 5 ple S0 slue p JY il dlas e M
@y Jho a5 398 00 el (il nl oM ibod o0 @iiye ) (S
aliseo (sla by [AF] AL awsly 55 1) (639)5 (slaosly ;| 51,8 oozl
e Jo (295 iy =) )05 2929 o138 slo o drsgs g
sl Glojen (g2 1=Y copdle (6 5:53L Jao (5395 (lsisds S35
=V iS5 Jdo slallas Mol Ldlaio 5 LuocS 58 5 cpile (5,80
2 $Sojd olgd 5l ookl =¥ (58 (ilgd p (e (b @y Sl
Soloro (Al =0 g (dle (6530 s glapial)ly gl olde (s
Ao > . Sopd 5l odelcanty SleMbl sle p opile (6pS3L Jio
Cawlodds odlatul  Modl oy (6)laenl ot L 8uiS pw i e 4S5
Sgame il olagilwans leMbl 4 dgaome (SO 38 (uiled ¢ piron
Mlgidd dond ) Cawlodgy mas &S & dgdome o oSl e

b ilwg) o3,8es slapadls o )y piw Oldlhs )3 295 o

4. Markov Chain
5. Visual basics
6. Barua & Zou
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1. Random Search
2. Grid Search
3. Physics-informed Machine Learning
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Table 1. Comparison of the latest models developed for predicting pavement performance indicators using

ML algorithms.
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Fig. 5. The frequency of international articles published annually with the aim of improving pavement engineer-
ing solutions using Al
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4. Rutting Depth Index (RDI)

5. Ride Quality Index (RQI)

6. Solar Reflectance Inedx (SRI)

7. Proximal Policy Optimization (PPO)
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1. Gradient Boosting Machine (GBM)
2. Q-learning
3. Han
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Fig. 5. Analyzed applications and the associated frequency reviewed in the Al-assisted pavement engineering
literature.
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1. Data-level or Decision-level Fusion
2. Digital Twin (DT)
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1. Analytical Heirarchical Process (AHP)
2. Linear Programming
3. Fuzzy Inference System (FIS)

AT

S iRg3 0 S Slegdge bid oawd glwlind (J5a GBlaal.¥ Jgus
.dju,, SWNRO 4D wwlo Ls;afali 2 o

Table 2. The detailed goals detected under the general
topics in the ML-based analyses in pavement engineer-
ing research.
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Table 3. The frequency of ML-based models in prediction or analysis of pavement performance or condition.
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Fig. 7. Research topics in pavement engineering for which ML-based models have seldom been used.
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