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Abstract
Currently, Palestinian municipalities define pavement conditions using detailed visual inspection. This procedure is expensive 
and time consuming. The new proposed model contributes to reducing both time and cost incurred by identifying a new 
model that considers machine-learning techniques rather than the conventional ASTM procedure. The authors studied the 
most common six pavement defects. These defects are alligator cracks, patching, longitudinal, and transverse cracks, shov-
ing, and potholes. An optimized hybrid model is developed to determine the Pavement Condition Index (PCI) based on the 
FHWA Long-Term Pavement Performance (LTPP) database. The model follows a cascade architecture with three classical 
machine learning models followed by a neural network model. Using the neural network model as a second stage in the chain 
allows the model to focus its power on the nonlinear curve estimation to further reduce the errors. Finally, out-of-sample 
performance analysis as well as a cross-validation analysis is carried out to check the robustness of the model. The results 
show that the model estimates PCI with high degree of accuracy.

Keywords Pavement management · PCI · Modeling · Neural network · Machine learning

1 Introduction

Pavements are considered the main assets of highway infra-
structure. The application of proper Maintenance and Reha-
bilitation (MR) of these pavements in order to achieve the 
satisfied level of serviceability is one of the main challenges 
facing pavement engineers and the stakeholders in the sector.

The assessment of the pavement performance is per-
formed by using different condition indicators which is 
considered as a basic component of any Pavement Man-
agement System (PMS). Several indicators such as Present 

Serviceability Rating (PSR), Pavement Condition Index 
(PCI), and International Roughness Index (IRI) are nowa-
days used to develop proper maintenance strategies for exist-
ing pavements (Shah et al. 2013).

The assessment of pavement condition typically includes 
evaluation of surface friction, structural capacity through 
deflection measurements, distresses and longitudinal rough-
ness. All of these are considered as important components 
of pavement design, rehabilitation and management. The 
majority of the cost-effective MR strategies are developed 
using the Pavement Management System (PMS) (Shah et al. 
2013; Huang 1993). The evaluation of existing pavement 
distresses in terms of PCI is considered as one of the main 
components in PMS for investigating pavement deterioration 
and accordingly identifying the proper MR strategy.

The use of PMS within highway agencies has become 
a persistent need. The number of roads that need mainte-
nance is increasing, and the funds allocated for pavement 
maintenance are limited. This is true not just for developed 
countries, but also for developing countries such as Pales-
tine. The typical solution, in this case, is to identify sections 
for maintenance by ranking them based on certain criteria 
while considering indicators such as the PCI.
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Two different categories of pavement distresses are usu-
ally considered, namely functional and structural failures. 
In the first category “functional failure”, the pavement does 
not carry out its intended function without causing either 
passenger discomfort or high stress to vehicles. Whereas 
the second category “structural failure” involves the break-
down of one or more of the pavement components or col-
lapse of pavement structure with a certain magnitude so that 
the pavement becomes incapable of sustaining the loads 
imposed upon its surface. In some cases, one type of failure 
can potentially cause the other type, but for most cases, there 
is only one type of failure that is usually observed (Karim 
et al. 2016).

The pavement surface roughness is usually the primarily 
cause of functional failure. However, structural failure is 
usually identified by surface defects such as fatigue cracking 
(i.e., alligator cracking), and shear-developing or consoli-
dation in the multi-layer pavement structure (Witczak and 
Yoder 1975; Karim et al. 2016).

To prevent degradation of roadway pavements caused by 
progressive traffic loading as well as weather conditions, 
periodical maintenance and rehabilitation (MR) should be 
applied. However, as the allocated funds for pavement works 
are limited, it is therefore urgent to make effective use of 
available budget. To achieve this, a systematic procedure 
is typically used to optimize and schedule the MR works 
in order to maximize benefits to highway users, and mini-
mize costs to highway agencies. This systematic procedure 
is typically achieved through the implementation of a PMS, 
which allows engineers and stakeholders to effectively allo-
cate personnel, funds, and resources (Hall et al. 1991). The 
pavement condition index (PCI) is normally used to evalu-
ate the pavement condition based on an annual assessment 
of prevailing pavement distresses. The PCI has a scale of 
100 points with higher ratings indicating better pavement 
conditions. Therefore, the PCI rating is an objective value 
for evaluating the roadway section with respect to the entire 
pavement system. Accordingly, it is not a direct measure of 
skid resistance, road roughness or structural capacity (Hajj 
et al. 2011).

The main benefits and uses of PCI include the immedi-
ate need for MR actions (Galehouse et al. 2003), preventive 
maintenance strategies, development of road networks and 
budgets, and evaluation of pavement materials and designs.

The deterioration trend of a roadway pavement can be 
considered as a function of time. Therefore, conducting 
timely periodic maintenance activities for road surfaces is 
a matter of concern because this has a great impact on the 
safety, riding comfort, aesthetics, and convenience of road 
users.

Different approaches were found in the literature for 
computing PCI as a function of pavement distress type. For 
example, PCI rating is conducted as per the literature (Hajj 

et al. 2011; Shahin 1997; Shahin and Walther 1990; Sha-
hin and Kohn 1982). This paper considers developing a PCI 
model as a function of the main pavement distresses in Pal-
estine, namely alligator cracks, longitudinal and transverse 
cracks, patching, polishing, and potholes. These distresses 
are the most common flexible pavement defects in the Pal-
estinian roads network.

Moreover, the use of artificial neural networks (ANNs) 
in the civil engineering fields has increased such as in pave-
ment engineering, structural, and environmental (Ceylan 
et al. 2014). ANNs are considered as nonlinear, intelligent 
models that can be applied for a variety of problems. They 
are useful tools for solving pavement engineering problems. 
ANNs provide an alternative to conventional techniques. 
They offer several benefits and advantages such as the ability 
to detect complex nonlinear relationships between dependent 
and independent features, and the availability of multiple 
training algorithms and activation functions (Ceylan et al. 
2014).

In Palestine, up to now, linear modeling of PCI is usu-
ally done mainly using detailed visual inspections through 
investigating the targeted 100 m sections in terms of extent 
and severity. However, in this paper, the modeling of PCI 
is implemented through using a hybrid approach that inter-
mixes the conventional machine learning models with an 
ANN-based model for estimating PCI. Then, accordingly, 
the proper maintenance and repair strategies can be easily 
defined. Based on available relevant literature, no other stud-
ies have considered this innovative approach.

The accurate modeling of PCI will contribute to iden-
tifying the proper treatment for each section at the proper 
time based on the types of existing distresses. Moreover, 
it is essential for efficient roads infrastructure management 
to predict accurate pavement network performance (Wu 
2015). Much efforts have been put in PM in order to develop 
efficient pavement prediction models. This paper aims to 
develop a sound PCI prediction model in order to manage 
pavement networks.

The main contribution of this paper is through develop-
ing a cascade architecture model of two stages. The first 
stage consists of three classical machine learning models: 
linear regression, decision tree, and random forest. These 
models are used to estimate PCI as a function of the previ-
ously mentioned six distresses. Then, the results of the three 
models are employed to develop the second stage; a neural 
network model as a function of three variables for predicting 
PCI. The reason for linking the secondary ANN model to 
the primary machine learning models is to exploit the ANN 
modeling power in approximating the non-linear features.

As a robustness check of the developed model, an out-
of-sample analysis and a cross-validation analysis were 
performed. These analysis methods revealed that the 
model accuracy for training and testing data sets as well as 
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cross-validation was consistent and reliable, and the neural 
network was suitable for modeling PCI.

The paper is composed of seven main sections. Section 1 
is the introduction. A description of the literature review 
is presented in Sect. 2. Section 3 summarises the ASTM 
procedure for estimating the PCI. Section 4 illustrates the 
research methodology. The empirical findings and analysis 
are displayed in Sect. 5. Robustness analysis using out-of-
sample and cross-validation is illustrated in Sect. 6. Finally, 
conclusions and recommendations are provided in Sect. 7.

2  Literature Review

The proposed model uses the learning artificial neural net-
work (ANN) approach. This approach is considered innova-
tive and is applied to the Palestinian pavement management 
for the first time. The following studies summarize relevant 
international works.

Shah et al. (2013) declared that the assessment of pave-
ment performance using PCI is a fundamental component of 
any PMS. Several different indicators have been commonly 
used to assign maintenance strategy such as Present Service-
ability Rating (PSR), International Roughness Index (IRI), 
and PCI. Also, Overall Pavement Condition Index (OPCI) 
was developed from an urban road network. The total length 
of the studied roads was 29.92 km in Noida city. Moreover, 
different conditions were individually developed like Pave-
ment PCI Roughness, PCI Distress, PCI Structure, and PCI 
Skid. All these indicators were combined together to form 
an OPCI. The OPCI is proposed as a good indicator of pave-
ment condition as well as it can contribute to the selection of 
the proper maintenance strategy for each pavement section.

Bianchini and Bandini (2010) developed a model to pre-
dict pavement performance using neuro-fuzzy. The devel-
oped model used parameters obtained by FWD tests through 
monitoring the evolution of distresses on the pavement sur-
face. The results and accuracy of the developed model were 
superior to the linear regression one.

Terzi (2006) modeled the PSI of flexible pavement 
by using the ANN. The authors obtained the data from 
AASHTO which included longitudinal cracks, patching, rut 
depth, and slope variance. The regression value of the ANN 
developed model was higher than the AASHTO model.

Roberts and Attoh-Okine (1998) developed a combined 
self-organizing and supervised learning quadratic ANN 
function. Both types of ANN were used to predict roughness 
as applied to the same data samples. The results showed that 
the ANN model required significant improvements.

Bosurgi and Trifirò (2005) used the ANN and genetic 
algorithms for resurfacing treatments of flexible pavement by 
developing a new procedure utilizing economic resources. The 

results indicated that the procedure is efficient to obtain an 
optimal solution in a short period.

Cheng et al. (2001) separated crack pixels from the back-
ground by using thresholding approach. The mean and stand-
ard deviation were used as well as the ANN for the selection 
of the thresholds. To detect or classify all cracks, the authors 
use Hough transformation. Based on experimental results, the 
cracks were effectively detected making it useful for PM.

Eldin and Senouci (1995) presented an overview of using 
ANN techniques in flexible pavement maintenance. The con-
dition rating of several roadway sections was utilized using 
ANN. The authors used 744 and 1736 cases to train and test 
the model, respectively.

Plati et al. (2016) proposed an artificial neural network 
to predict the pavement structural condition based on strain 
assessment criteria. The pavement strains were back-calculated 
from the field measured defections obtained using the fall-
ing weight deflectometer (FWD). The calculated strains were 
used as an input for the ANN model to be used in pavement 
management applications.

Hossain et al. (2019) developed an ANN-based model to 
predict the IRI with relevant data extracted from the long-term 
pavement performance (LTPP) database. The data covered dif-
ferent climate and load conditions. The developed ANN model 
predicts the IRI with reasonable accuracy for use in pavement 
management applications.

Younos et al. (2020) developed ANN-based models to 
predict the pavement condition index (PCI) as a function of 
several factors related to traffic loading and climate condi-
tions, and pavement structure and subgrade conditions. The 
data used in developing the models were obtained from the 
long-term pavement performance (LTPP) database.

Yamany et al. (2020) proposed individual performance 
models for each state based on performance data obtained 
from its own road network. The ANN-based model was found 
to be statistically superior to the equivalent regression model 
when predicting pavement roughness across all states. How-
ever, the random parameters regression model was superior in 
some cases when considering individual states.

Marcelino et  al. (2021) proposed a general machine 
learning approach for predicting pavement long-term per-
formance using the international roughness index (IRI) as a 
pavement condition indicator. The outcome is a generalized 
prediction model developed based on a random forest algo-
rithm that used datasets comprising previous IRI measure-
ments, structural, climatic, and traffic data.

3  PCI Calculation

The value of PCI describes the condition of pavement sur-
face and it ranges from 0 to 100, with 0 indicates the worst 
value and 100 represents the best possible condition. The 
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ASTM manual defines the procedure for estimating the 
PCI for pavements of parking lots and roads (ASTM 2011). 
The PCI used in this paper was estimated from the ASTM 
procedure replying mainly on the six previously outlined 
distresses. The following paragraphs illustrate some basic 
definitions used in calculating the PCI as per the ASTM 
procedure.

Pavement Section: is 100 m length with uniform design 
structure, maintenance, climate, usage history, traffic vol-
ume, and geometric characteristics.

Pavement Distress: presents the deterioration of pave-
ment section because of repeated traffic loads, weather con-
ditions, or both of them. Typical distresses are deformation, 
patching, potholes, and cracks. Each distress and based on 
the riding quality and pavement performance is classified 
into three levels of severity: Low (L), Moderate (M), and 
High (H).

The distress density and severity are defined based on the 
type of distress and the quantity of distress in square meter 
or linear meter. For instance, alligator and block cracks are 
measured in square meters, whereas for transverse and lon-
gitudinal cracking, they are measured in linear meter.

Distress Density: The percentage which is obtained by 
dividing the total quantity for each distress type by the total 
area of pavement section.

Deduct Value (DV): A statistical weight number of dis-
tresses to determine a combined condition index for each 
pavement section. According to ASTM 6433-07, for each 
distress type and severity level, there is a distress deduct 
value to be obtained from the relevant deduct value curve 
(ASTM 2011) .

Corrected Deduct Value (CDV): An adjustment of the 
total deduct value (TDV) to fit for the range of (0–100) by 
using CDV-TDV adjustment curves. The maximum of CDV 
(maxCDV) is used to calculate the PCI as illustrated in Eq. 1 
(ASTM 2011).

Based on several local pavement assessment studies, it has 
been found that the previously outlined six distresses are 
the most prevailing ones in Palestine. And they were the 
most influential ones in the final PCI estimate. Generally, 
in the vast majority of surveyed sections, these six defects 
contributed to more than (95%) of PCI estimates. A couple 
more distresses were occasionally encountered but with very 
little impact on the final PCI estimate due to their low extent 
and density. That is why this study has mainly focused on 
these six distresses. Another important reason is to save time 
and effort when performing pavement inspection without 
jeopardizing the accuracy of the PCI estimation.

In addition, the most popular thermal-related cracks 
encountered in Palestine are the longitudinal cracking and 
transverse cracking which have been considered among the 

(1)PCI = 100 −max CDV

six distresses used in this study. The other four deployed dis-
tresses are mainly load-related. Rutting has limited presence 
in Palestine mainly in approach sections at major signalized 
intersections normally encountered with low severity. These 
sections are very short in length typically less than 100m. 
Therefore, rutting does not represent a major pavement dis-
tress in Palestine and that is why it has been excluded from 
this study. However, this is an initial study which can be 
expanded in the future to include additional distresses as 
needed by local agencies.

4  Research Methodology

This research is based on the FHWA Long-Term Pavement 
Performance (LTPP) database. It is a research quality pave-
ment performance data from in service test sections across 
the US and Canada. The LTPP database covers different 
pavement structures, and climatic conditions. It includes 
general information of test sections, pavement distresses, 
maintenance and rehabilitation, and  profile roughness (IRI). 
The process of generating the final model is illustrated in the 
flowchart as shown in Fig. 1.

4.1  Data Collection, Filtering and Cleaning

In this paper, the LTPP InfoPave release 2020 is used1. The 
collected data were extracted from three modules; namely 
administration (ADM), monitoring (MON), and specific 
pavement studies (SPS). These modules and the correspond-
ing data tables are illustrated in Table 1.

The LTPP data are filtered based on the climatic regions 
that are close to the climatic region of Palestine. A merg-
ing logic was conducted to extract necessary data from the 
aforementioned data tables. Data merging is essential to find 
the unique columns as indices. The upcoming lines show 
some examples of the merging process. Firstly, the MON_
HS_RUN_NO, MON_HSS_VISIT_NO data tables were 
merged with VISIT_NO to get SHRP_ID. SHRP_ID is a test 
section identification number assigned by LTPP program. It 
must be combined with STATE_CODE to be unique. Sec-
ondly, to get a survey length and width, the generated table 
of the first step was merged with MON_DIS_AC_REV table 
on STATE_CODE and SHRP_ID. At last, to get the required 
dataset, the generated table of the second step was merged 
with EXPERIMENT_SECTION table on STATE_CODE 
and SHRP_ID. Table 2 shows a subset of the extracted data 
columns from LTPP database with the different types of dis-
tresses and their severity levels.

1 https:// infop ave. fhwa. dot. gov/.

https://infopave.fhwa.dot.gov/


Iranian Journal of Science and Technology, Transactions of Civil Engineering 

1 3

Six types out of 19 distresses were considered in this 
study as shown in Table 3. These types represent the com-
mon types of pavement distresses in Palestine.

A total of 2405 data points was extracted from LTPP 
database and used in model development. All extracted data 
were cleaned for further processing.

Fig. 1  Flowchart of research methodology

Table 1  Modules and tables used

Module Table Included data

ADM EXPERIMENT_SECTION General data
MON MON_DIS_AC_REV

MON_HS_RUN_NO Pavement distresses and extra 
data

MON_HSS_VISIT_NO
SPS SPS_ID SPS general information

Table 2  Sample of data and distresses extracted from the LTPP database

A_L:Area of alligator cracking of low severity, A_M: Area of alligator cracking of medium severity, A_H: Area of alligator cracking of high 
severity

STATE_
CODE

SHRP_ID VISIT_DATE SURVEY_
LENGTH

SURVEY_
WIDTH

GATOR_
CRACK_A_L

GATOR_
CRACK_A_M

GATOR_
CRACK_ A_H

Others

83 0502 5/8/2015 152.4 3.7 10.3 84.0 6.0 …

28 0806 7/14/2016 152.4 3.7 31.9 64.0 0.0 …



 Iranian Journal of Science and Technology, Transactions of Civil Engineering

1 3

4.2  ASTM‑Based PCI Automation

In this step, ASTM-based template (ASTM 2011) was 
used to automate the calculation of PCI as described in 
Sect. 3. As a prior step for the automation of PCI, all 
deduct curves were digitized manually as shown in Fig. 2. 
This is a sample example of the digitizing process, in this 
step, all curves were validated by a group of voluntary 
students to ensure the reliability of calculation.

The process of PCI automation was written by using 
python language. The ASTM manual and Eq.  1 were 
used to derive the PCI values. A sample code is shown 
in Fig. 3. It reads the digitized curves from .xls file and 
formulates a lookup table. A function to compute PCI 
was used to generate the PCI values. The new dataset was 
updated to include a new column for the calculated PCI. 
A sample of updated dataset is shown in Fig. 4.

4.3  Soft‑Computing Models Generation

The purpose of this study is to develop and compare the per-
formance of different smart methods for estimating the PCI 
using different statistically based optimization techniques 
including linear regression, decision tree, random forest, and 
back-propagation artificial neural networks (BP-ANN). The 
result was unsatisfactory when considering each model sepa-
rately except for the random forest model followed by the 
back-propagation neural network with 90 neurons. Figure 5 
shows the performance of each model for the training and 
testing subsets. Mean square error (MSE) and coefficient of 
determination (R2 ) were used as performance metrics for 
each model. Because the goal of this study is to develop a 
model that can reliably estimate the PCI, a back-propagation 
artificial neuron network model that reuses the outcomes of 
the three classical models was introduced. Figure 6 shows 

Table 3  Included Types of 
Distresses and Severity Levels

Severity Alligator Longitudinal Transverse Patching Pothole Shoving
Cracking(m2) Cracking (m) Cracking (m) Cracking ( m2) (Number) (m2)

Low ✓ ✓ ✓ ✓ ✓ -
Medium ✓ ✓ ✓ ✓ ✓ -
High ✓ ✓ ✓ ✓ ✓ -

Fig. 2  Manual sampling for all distresses
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Fig. 3  Sample python code

Fig. 4  New dataset including 
the calculated PCI

Fig. 5  Performance of different 
machine learning models
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that the later model has proven to be effective compared 
to the performance of the classical three models (i.e., lin-
ear regression, decision tree, and random forest) when used 
separately. The following subsections describe the genera-
tion of models.

4.3.1  Data Splitting

In this study, the best practice for data division was adopted. 
The dataset was divided into 80% training and 20% testing 
subsets to ensure that the standard deviations of different 
features in each subset were as close as possible. This was 
done using the scikit_ learn python library. The partition 
was done with random_ state = 0. Setting the random_ state 
number is necessary for generating the same set of values if 
it is desired to validate a particular processing over multiple 
runs of the code. The splitting resulted in four subsets: X_ 
train, Y_ train, X_ test, and Y_ test. The training subset 

consisted of 1924 records; one column for the dependent 
variable (PCI) and sixteen columns for the independent 
features [three for each of the following distresses: alliga-
tor cracks, longitudinal cracks, transverse cracks, patching, 
potholes, and one for shoving]. The testing subset consisted 
of 481 records analysed following the above-mentioned 
columns description in the training subset. The statistical 
characteristics of the training and testing subsets are sum-
marized in Figs. 7 and 8.

The following subsections describe the development of 
hybrid model using cascade architecture design with two 
stages.

4.3.2  Stage1: Development of Linear Regression, Decision 
Tree and Random Forest

Admittedly, this paper does not thoroughly check all clas-
sical regression methods. Instead, it studied how one can 

Fig. 6  Performance of back-
propagation ANN model based 
classical models results

Fig. 7  Training dataset statistics
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recruit the results of other available methods to investigate 
the possibility of further decreasing the errors.

Three classical models from the scikit-learn python 
library were employed; namely linear regression to study the 
linearity of data, decision tree method to study how slight 
changes in data or order of data can change the tree result, 
and random forest method, which is an averaging ensemble 
method whose prediction is a function of prediction of ’n’ 
decision trees, aiming to create a combined effect or more 
generalized model. To illustrate, the ordinary least squares 
linear regression was tested. This approach fits a linear 
model with coefficients that minimize the residual sum of 
squares between the observed PCI in the dataset and the pre-
dicted ones. The model failed to reliably estimate the PCI. 
The first experiment in estimating PCI was conducted based 
on linear modeling, wherein several computations were 
carried out, but the behaviour of derived linear regression 
model was very unsatisfactory. Therefore, it was decided to 
investigate the power of a nonlinear model. Figure 9 shows 
how the linear model failed to estimate the PCI when com-
pared to a nonlinear model.

This was a good indicator to study the nonlinear patterns 
of data by means of a neural network.

The decision tree model is based on CART algorithm 
which is an advancement of ID3 algorithm, invented in 
1986 by Quinlan (1986). ID3 works when feature and tar-
get data are both categorical in nature. C4.5 algorithm is 
an advancement of ID3, it converts continuous features 
into categorical features. So, it proceeds with ID3, CART 

is based on C4.5. Constructing a decision tree is all about 
finding a feature that returns the highest information gain. 
The choice for splitting the criterion is based on some 
impurity measures; Shannon Entropy or Gini impurity. 
Both techniques are used to measure the quality of split in 
each node. In other words, the best split is characterized 
by the highest information gain or the highest reduction in 
impurity. In decision tree for regression, ID3 is modified 
for regression by replacing information gain with the mean 
squared error. The decision tree model involves several 
specifications. The criterion to measure the quality of a 
split was the mean squared error, the splitter was to choose 
the best split, the maximum depth of tree was five, this was 
the best value after examining different values. The maxi-
mum features to consider when looking for the best split 
were all features. All other parameters were left as default 
values as recommended. As going deeper, the model tends 
to overfit. Thus, the model helps to understand how slight 
changes in data as well as hyper-parameters can change the 
tree output. This limitation led to experiment with another 
method, the random forest method. Random forest works 
by training multiple decision trees on different subsets of 
the features at slightly increased cost. The model was con-
figured to use 200 decision trees as estimators and all 
features were considered for splitting the node. To speed 
up the computation, the model used a number of jobs = −1 
to include all processors in computation. To measure the 
quality of a split, the mean squared error (MSE) was used. 
All other values were kept as default values.

Fig. 8  Testing dataset statistics
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4.3.3  Stage 2: Development of Back‑Propagation Artificial 
Neural Network

The development of this model depends on PCI estima-
tions and on the pre-processed results given by the three 
conventional methods described in Sect. 4.3.2. Figure 10 
shows the target value for PCI and the three inputs used for 
training the neural network; PCI_LinearReg, PCI_Deci-
sionTree, and PCI_RandomForest.

Instead of learning the neural network directly from 
the original PCI dataset, the model was implemented 
mainly from the results of three well-known and tradi-
tional machine learning methods, namely linear regres-
sion, decision tree, and random forest models. Since the 
three traditional methods have already predicted the PCI, 

the neural network method focuses on reducing the predic-
tion errors derived from the three conventional methods.

The neural network involves several specifications. 
Firstly, this study used the back-propagation training algo-
rithm for the parameter estimation. Secondly, the most 
widely used activation functions were tested in order to 
choose the one ensuring the optimal performance in terms of 
best fitting. The results indicated that the ’tanh’ function was 
the one ensuring the smallest prediction error as shown in 
Fig. 11. The following activation functions were also tested: 
‘logistic’, ‘relu’ and ‘identity’. After investigating different 
activation functions, tanh was selected.

Thirdly, an analysis for selecting the best number of 
hidden layers and neurons in the network was conducted. 
Figure 6 shows a model having 50 neurons and one hidden 

Fig. 9  Behaviour of linear 
model compared with nonLin-
ear model

Fig. 10  Target PCI alongside 
with PCIs of the three classical 
models and the final predicted 
PCI using artificial neural 
network
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layer which was the one ensuring the highest accuracy for 
the training, testing, and cross-validation of deployed data-
sets. Fourthly, different solvers for weight optimization were 
tested. Adam solver was the one working well on utilized 
datasets as shown in Fig. 12. Finally, a default learning 
rate of (0.01) was used for weight updates. Keras API with 
Tensorflow backend was also used in the development of the 
model. The model used epochs = 100, from 2 to 4 hidden 
layers, and to avoid overfitting, an early stopping technique 
was used as a form of regularization.

5  Empirical Findings and Analysis

In all experiments, training was performed on a PC run-
ning the Windows10 operating system with an Intel Core 
i7-7500U CPU and 16 GB RAM memory. The models were 
made using Python alongside the following libraries: Pan-
das, NumPy, Matplotlib, Scikit-learn, Keras, and Tensor-
flow. Overall, classical models (i.e., linear regression, deci-
sion tree, and random forest models) and artificial neural 
networks, when trained independently on the dataset, led to 
high fluctuations in PCI estimations. While the linear regres-
sion model was the worst in terms of prediction accuracy, the 
random forest model outperformed all other models in esti-
mating the PCI. Furthermore, neural networks with different 

configurations in terms of number of hidden layers, number 
of neurons in each layer, activation function, and solvers 
for weight optimization were unsatisfactory to accurately 
estimate PCI. As shown in Fig. 5, the coefficient of determi-
nation (R2 ) for out-of-sample dataset was about 48%, 79%, 
91%, and 71%–79% for linear regression, decision tree, ran-
dom forest, and different configurations of neural network. 
The aforementioned reported results were unstable and not 
reliable for estimating PCI. This is because of high devia-
tion from the actual PCI value which can lead to incorrect 
decision concerning the appropriate maintenance strategy. 
Overall, these results had led to examine how intermixing 
the classical models with the artificial neural network model 
in a cascade architecture can improve the accuracy of PCI 
estimation, as described in the flowchart depicted in Fig. 1.

Figure 6 shows that the performance of the two-stages 
hybrid model, the three classical models as a first stage fol-
lowed by a neural network (50 neurons with one hidden layer) 
as a second stage, outperformed the “best” classical model 
(i.e., random forest) in both training and testing datasets, and 
the cross-validation experiments, with (R2 ) accuracy levels 
being equal to 0.997458, 0.997129 and 0.996609, respectively. 
To illustrate, when comparing the performance of the hybrid 
model with that of classical models, the mean square error 
(MSE) for training and testing datasets is lowered by 99.54% 
(linear regression), 98.5% (decision tree), and 82.68% (random 

Fig. 11  Performance of neural 
network using different activa-
tion functions

Fig. 12  Performance of neural 
network using different solvers 
for weight optimization
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forest). And for cross-validation, the MSE is reduced by 99.4% 
(linear regression), 98.65% (decision tree), and 96.63% (ran-
dom forest). This is mainly due to the fact that the artificial 
neural network can effectively deal with the complexity and 
non-linearity of complex problems. Indeed, the PCI estima-
tions obtained in the first step by the classical approaches are 
then refined in the second step by the neural network, which 
mainly focuses on lowering the errors existing between the 
actual PCI values and the corresponding estimated ones.

The model was deployed as a web service as shown in 
Fig. 13. Python FLASK web application framework was 
used for the implementation of Application Programming 
Interface (API).

6  Robustness Analysis

With the aim of testing the robustness of the proposed hybrid 
model, this section provides an out-of-sample performance 
analysis as well as a cross-validation analysis using K-Fold 
= 5.

6.1  Out‑of‑Sample Model Performance

The final out-of-sample dataset consists of 481 records as 
illustrated in Sect. 4.3.1. Results of the out-of-sample per-
formance of the investigated models are illustrated in Fig. 6. 
It is clear that the neural network model with 50 neurons 
and one hidden layer performed well for both in-sample and 
out-of-sample datasets. In addition, the difference in per-
formance is slightly lower for the out-of-sample than the 
in-sample one.

6.2  Cross‑Validation: Evaluating Model 
Performance

To further assess the robustness of the proposed hybrid 
model, the approach of cross-validation is adopted. In 
other words, the dataset is randomly split into training and 

validation subsets with k-Fold=5. The K-Fold divides all 
samples into groups of samples, called folds of equal sizes 
(if possible). The model prediction accuracy is investigated 
using k − 1 folds, and the other fold is used for test. Then, 
an average accuracy for the five iterations was computed. 
Figure 6 shows the average model accuracy is around 99.7% 
(i.e., R 2 ). In this way, one is able to determine whether the 
proposed model performance is satisfactory.

7  Conclusions and Recommendation

In this paper, PCI values were modeled using two-stage cas-
cade architecture design. LTPP database was used in the 
development of the model. The six common distresses in 
Palestine were taken into account to derive the hybrid model. 
The model was assessed through out-of-sample and cross-
validation techniques. The results indicate that the new pro-
posed hybrid model can help municipalities in estimating the 
PCI values mainly based on the density and severity of the 
common six prevailing defects. The proposed hybrid model 
will give more accurate results in terms of predicted PCI 
values when comparing with currently used conventional 
models. Although PCI cannot be solely used to select the 
best treatment, the calculation of PCI will help municipali-
ties in identifying the relevant maintenance type and encour-
age them to formulate the required treatment once distresses 
appear. The authors recommend that municipalities use the 
proposed model to predict the condition of their roads dur-
ing the initial phase of the appearance of distresses. In this 
phase, preventive maintenance can be considered depending 
on the optimal budget allocation. Furthermore, the authors 
recommend integrating the model into PMS as a comple-
mentary tool. The model is available online as a free service. 
The authors are currently upgrading this API service to be 
user friendly and comprehensive. In the future, the authors 
will conduct experimental and comparative studies aiming 
to enhance the model performance further.

Fig. 13  PCI as-a web service
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The main objective of this study is to find the best 
machine-learning technique that can accurately predict the 
PCI value based on the pavement performance data extracted 
from the LTPP database. Unfortunately, the age factor was 
not considered as a variable in the proposed ANN-based 
model for PCI estimation; therefore, pavement deterioration 
over time could not be investigated. However, for further 
research, the authors are planning to pursue the ANN-based 
modeling of pavement deterioration in a separate study using 
time-based models such as the time-series models.

Data Availability Data, models, and codes that support the findings of 
this study are available from the corresponding author upon reason-
able request.
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