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ARTICLE INFO ABSTRACT
Keywords: Over time, the pavement deteriorates due to traffic and the environment, resulting in poor riding
Bayesian belief networks quality and structural inadequacies. Evaluating pavement condition over time is thus a critical
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component of any pavement management system (PMS) to extend the service life of pavements.
However, the uncertainty associated with the pavement deterioration process due to the het-
erogeneous nature of the pavement degradation factors makes the process difficult. The current
work addresses this challenge of pavement management by developing an expert system
framework based on Bayesian Belief Networks (BBN). This framework integrates data on existing
road deterioration factors with knowledge gained from pavement experts to produce optimal
decisions. The advantages of the BBN techniques lie in their ability to capture uncertainty, and
probabilistically infer the values of variables in the domain, especially in the case of incomplete
information where we only have data about some and not all variables. This has motivated the
adoption of BBN in this study to optimize pavement maintenance decisions, on the basis of
inferred road deterioration interpretations drawn from partial knowledge about road distress
variables. This study presents the adoption of Bayesian methods to assist pavement maintenance
engineers in determining the most successful and efficient maintenance and repair (M&R) tactics
and the best time to apply them by means of a decision-support system. Data collected from 32
road sections in the United Arab Emirates in relation to road distress parameters (rutting,
deflection, cracking, and international roughness index), as well as road characteristics, traffic,
and environment data, has been used to demonstrate the applicability of the proposed decision-
support tool.

1. Introduction

The demand for high-quality, well-maintained, and safe roads is often compromised by budgetary restrictions. Pavement man-
agement systems (PMS) are used by highway agencies to aid in the formulation of policies that could maximize resources and
implement maintenance strategies that are appropriate for each road segment in a manner that benefits the overall pavement network.
One of the primary requirements of a PMS is an effective pavement deterioration prediction model [1]. However, the inclusion of a
feature that enables the optimization process for maintenance activities in addition to forecasting the future pavement conditions
would ensure high potential pavement conditions [2]. Moreover, the combination of features that optimize maintenance activities
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based on future pavement conditions would significantly reduce the lifecycle costs of the pavement network. Nevertheless, researchers
have focused either on developing an optimization tool for the pavement management or pavement deterioration prediction models
[3].

Various maintenance and rehabilitation (M&R) activities are adopted by highway agencies to control the negative impacts of
pavement deterioration. The majority of the traditional M&R procedures are time-consuming or depend upon the context of their
implementation. Machine learning (ML) techniques with the ability to handle big data have taken up the top position in solving
problems related to the transportation sector. Recent research has shown the effectiveness of adopting certain ML algorithms to solve
the problem of road maintenance optimization and prioritization namely, Clustering Page Rank Algorithm (CPRA) [4],
Pattern-Recognition algorithm [5], Genetic Algorithms (GA) [6], Particle Swarm Optimization (PSO) algorithm [7] and so on.
Regarding the prediction models, the major two groups of prediction models are deterministic and probabilistic models [1]. Several
approaches have been adopted to develop prediction models such as Regression analysis [8], Decision-trees [9], Artificial neural
networks [10], Markov chain models [11], Bayesian approaches [12], and many others. Compared with deterministic models,
probabilistic models have a better ability to handle the complexity associated with the pavement deterioration process [13].

As is evident in the ongoing research, considerable efforts have been taken to utilize Artificial Intelligence (AI) methods in decision-
making for pavement maintenance. ML models are highly promising for present and future pavement management practice because
they can better capture the complicated nonlinear correlations between numerous factors. However, the decision-making process faces
certain challenges, such as expensive data collection procedures. For instance, the International Roughness Index (IRI) is frequently
used to analyze the quality of the pavement, make repair choices, evaluate ride comfort, and calculate vehicle running expenses.
Certain road classes are, however, omitted from IRI measurements at the network level since measuring IRI is often expensive. Yet
another challenge faced in pavement management is the difficulty in simulating the different scenarios experienced by the pavement
structure under realistic climatic and traffic conditions which makes the traditional laboratory testing unreasonable [14]. This study
adopts Bayesian Belief Networks (BBN) to address the need for a comprehensive decision-making tool considering its ability to capture
uncertainty and probabilistic estimation of unknown values to overcome the challenges in pavement management caused due to
heterogeneous nature of the factors leading to pavement deterioration and requirement of huge inspection data by many of the sta-
tistical approaches [15-17]. This study proposes a novel framework to develop a decision support system based on BBN techniques to
combine expert knowledge and available data to analyze different pavement scenarios to produce optimum decisions in relation to
scheduling pavement maintenance and rehabilitation activities. Previous studies related to this work is also elaborated [18]. Bayesian
decision support system presented in this study shows how the BBN method can be used to develop more realistic pavement man-
agement, which can be further enhanced with additional data in the future.

The remainder of this paper is organized as follows. Section 2 discusses different Bayesian approaches adopted by researchers in
pavement studies. The proposed Bayesian platform for pavement management is described in Section 3. Section 4 demonstrates the
working of the Bayesian DSS based on the data collected. The conclusions of this study are summarized in Section 5.

2. Bayesian methods in pavement management strategies

Bayesian techniques have been widely used in pavement studies for various applications such as estimating the correlation of
pavement friction with the risk of traffic crashes at intersections [19], recovering missing traffic data from toll data and video sur-
veillance data [20], predicting thermal conductivity in cement composites in pavements [21] and many others. The uncertainties
associated with factors that have a detrimental impact on the long-term performance of road networks and the existence of significant
heterogeneity among various locations and climate conditions have motivated researchers to deeply investigate the strength of BBN
methods for better pavement management solutions [22].

Blumenfeld et al. [23] adopted Bayesian filters to estimate the current pavement condition and future deterioration. A
section-based forecast model was developed by combining empirical models for pavement data collected from Germany, Austria, and
Switzerland. The model developed had the capability to include uncertainty associated with both current and future measurements
and is applicable for a wide variety of physical road condition characteristics.

Heba et al. [24] proposed the use of the Bayesian linear regression method that relies on the expertise of experts as a prior dis-
tribution to create a performance model in the absence of historical data for Libyan roads. In order to aid and support the input data for
feeding the Bayesian model, experts from Libyan Road and Transportation Agency were interviewed. Further, a few inspections were
carried out on-site to calculate the posterior distribution, which along with the expert knowledge determined the future pavement
conditions.

Apart from the ability to deal with uncertainty and missing information, BBNs are more interpretable and transparent when
compared to other Al methods such as Artificial Neural Networks (ANN) and Fuzzy Inference Systems (FIS). ANN models are referred
to as ‘black boxes’ due to less transparency in the prediction modeling. Similarly, inferences obtained from FIS are difficult to un-
derstand while dealing with complex relations. In contrast, BBN methods provide an efficient representation of the causal links among
the variables, making them ideal for decision-making.

Although previous work has utilized Bayesian techniques to evaluate pavement conditions, this study contributes to the state-of-
the-art by providing a framework for understanding the pavement performance by combining the principles of BBN and various ML
algorithms. This enables those responsible for maintaining pavements to obtain better future estimates of the pavement characteristics,
thereby allowing decision-makers to adopt the best decisions from among various scenarios. To achieve this objective, this study
applies big data in cooperation with the government entity, the Ministry of Energy and Infrastructure (MoEI) in the United Arab
Emirates (UAE).
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3. Bayesian Decision Support System (BDSS)

Pavement management has grown increasingly crucial as pavements age and deteriorate, and funding levels have fallen owing to
decreasing financing or increased competition for resources. Pavement management is essentially the practice of managing the
pavement infrastructure in a cost-effective manner. Pavement management is a technique that consists of several phases that will assist
the pavement maintainers in analyzing work plan alternatives. Many organizations are bound by limited funding and human re-
sources. Despite these limits, highway authorities spend on pavement maintenance because pavement management equips an agency
with the tools it needs to address management challenges, mainly the optimal allocation and usage of available resources [25].

One important issue that highway and transportation organizations face is that the funding they receive is frequently insufficient to
effectively repair and rehabilitate every deteriorated roadway section. The problem is worsened by the fact that roads can often be used
when in poor condition, making it simple to postpone maintenance operations until conditions become unacceptable. Roadway
deterioration is typically caused by the inevitable wear and tear that occurs over time, rather than by bad design and construction
techniques. Many variables contribute to the progressive deterioration of a pavement, including changes in climate, drainage, soil
conditions, and truck traffic. Lack of funding frequently prevents timely maintenance and renovation of transportation facilities,
resulting in a larger problem with more significant consequences.

Because funding and manpower are frequently insufficient to meet needs, many transportation agencies are forced to balance their
work programs between preventative maintenance activities and problems requiring rapid corrective action. As preventive mainte-
nance has been overlooked, roads will worsen over time, and the level of complaints by road users will serve as the basis for restoration.
The road-users are unwilling to accept low-quality pavements that create vibration and severe damage to their automobiles. Poor
pavement quality may result in crashes, increasing end-user costs dramatically. Preventive maintenance should be performed in an
ordered and methodical manner, as this is the least expensive approach in the long term. Nevertheless, if funds are limited, authorities
frequently react to either the most critical problems or those that draw the most public complaints.

Thus, a systematic pavement management procedure is a critical part of an effective pavement network design and management.
The major steps involved in a PMS are illustrated in Fig. 1.

The process of pavement management begins with the data collection and ends with updating the database with the new data. The
core of any PMS lies from step 2 to step 4. This study proposes the adoption of BBN techniques to carry out steps 2 to step 4 in an
efficient way capturing the uncertainty associated with the pavement deterioration process. This study is carried out based on the
principles of BBN. A BBN structure is a directed acyclic graph, in which the domain variables are represented as nodes and the de-
pendency among the variables is represented by arcs. The variables involved in a BBN structure can be either continuous, discrete, or
both. Bayesian statistics aid in learning from our data and incorporating new information into future research. We do not rely on the
usual (i.e., frequentist) framework’s notion of infinitely repeating an event (or experiment). Instead, we add existing information and
human judgment into the process to help with parameter estimates. Thus, the adoption of Bayesian statistics reduces the complexity of
the model, allows the incorporation of background knowledge, and can produce inferences based on limited available information and
data.

Bayesian Belief Networks (BBN) are efficient to represent uncertain knowledge regarding interrelationships among variables in a
complex system [26]. The BBN structure functions as an inference mechanism to facilitate the probabilistic estimation of unknown
values [27]. In scenarios with low-data, BBN enables inverse modeling, avoiding overfitting problems and providing insights into
unobserved variables [28]. Due to the uncertainties inherent in road deterioration processes, researchers have increasingly adopted
BBN for pavement data analysis. A significant advantage of BBN over other methods is its ability to combine the combination of prior
knowledge and experience with data to yield improved insights, a critical aspect in the assessment of road performance [29]. Beyond
managing uncertainties, BBN demonstrates proficiency in handling complex and nonlinear relationships among diverse factors [26].
The principles of BBN for the development of a DSS are described below.

3.1. Principles of Bayesian statistics

Consider two events A and B in a sample space. The probability of event A is represented by P(A) and the probability of event B is P
(B). If events A and B share some outcomes but have certain outcomes that the other does not, they are said to be intersecting events.
The intersection of the events is represented by ANB. According to the rules of probability, if event A has occurred, the updated
probability of B can be calculated based on conditional probability. Hence, the conditional probability of event B given event A is given
in Equation (1). Using the multiplication rule of probability, the joint probability P(ANB) is substituted as in Equation (2), known as
Bayes’ theorem, discovered by Reverend Thomas Bayes [30].

P(ANB)
P(B|A) =Pa) @
Step 4: Optimal Step 5:
Step 1: Data Step 2: Data Step 3: Report . :
collection analysis the results decision- Updating the
making database

Fig. 1. Steps involved in PMS database development.
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P(A|B) * P(B)

P(A) @

P(BJA) =
Thus, the application of Bayes’ rule enables us to calculate the probability of an unknown value by observing an interrelated value.
Generally, this type of analysis reduces the data collection efforts. In the current scenario where the number of motor vehicles is
expected to increase in the coming decades, rehabilitation of the highway system is becoming a challenging task. Further, the shortage
of highway budgets is motivating highway agencies to focus on tools and techniques to preserve the existing highway assets [31]. This
study proposes a method for maintaining, preserving, and rehabilitating highway assets in an economical way by diminishing the
quantity of data collection.
The nature of the unknown parameter estimated in a statistical model is the basic difference between Bayesian statistics and
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Fig. 2. Framework of BDSS.
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conventional statistics. In conventional statistics, the unknown parameter is considered to be fixed and unknown. However, from a
Bayesian perspective, the unknown parameter can incorporate uncertainty which can be described by a probability distribution. Thus,
the outcome of a Bayesian analysis is not a single outcome, but instead a distribution with the probability of the unknown value. That
is, it is assumed that each parameter has a distribution that captures uncertainty about its value. This uncertainty is reflected by the
prior distribution (or prior), which is defined before witnessing the data. The observed evidence is then stated in terms of the data’s
likelihood function. The likelihood is then utilized to modify the prior, obtaining the posterior distribution, which is a mixture of the
prior distribution and the likelihood function. Thus, the prior, likelihood, and posterior are the basic components employed in Bayes’
theorem and hence the core principle of Bayesian statistics [32].

3.2. Framework of BDSS

Initially, the data gathered from the highway agencies (historical data) related to the road segments, and any other source of
information such as expert knowledge, are used to calculate the prior probability distribution of each variable. Once the prior
probabilities have been calculated, appropriate ML algorithms are adopted to develop an accurate Bayesian structure. The ML algo-
rithms are majorly of two types, supervised and unsupervised. Supervised is adopted when the analysis has to be performed with
respect to a target variable and unsupervised is adopted when there is no target. Hence, suitable algorithms are selected accordingly.
The basic workflow of the proposed BDSS is given in Fig. 2.

Different algorithms produce different Bayesian structures, the best one among them is decided mainly based on the minimum
description length (MDL) score. The MDL score is calculated by combining the complexity of the structure and the data it produces. The
MDL score’s guiding principles state that every data set may be trained using a model based on how well it can compress the data, and
that the score indicates how generalizable the model is. The model with the lowest MDL score is considered to be the best one; this
score is determined using Equation (3), where L(Data|Model) is the length of the data description provided to the model and L(Model)
is the length of the model description.

MDL = L (Data|Model) + L(Mod el) (€))

Finding the optimal network is followed by Bayesian analysis, which is the core part of the DSS, where different types of analysis
can be performed. Exploring the interrelationships among the nodes is beneficial during missing data which also reduces the uncer-
tainty associated with variables [18]. Another major strength of the Bayesian statistics is to capture the temporal aspect of the vari-
ables, which enables to forecast the future values of the nodes, as it follows the Markovian property and invariant transition probability
[33].

Finally, the pavement maintainers are capable to utilize the inferences obtained through the Bayesian analysis for decision-making.
The prior probabilities known from the previous knowledge are updated on the basis of evidence to revise the beliefs. The posterior
probability of an event is the combination of the prior belief and the evidence (likelihood) obtained from the occurrence of another
event [30]. The posterior probability distribution thus gives the decision-makers better insights regarding the pavement condition.
Several factors affect the final decisions such as budget availability, the significance of the road network, the progression of other road

s N
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Road data distance, Final distance,
Maintenance type, Age
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s N X X
Rutting, Deflection,
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International roughness
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Fig. 3. Data used in this study to develop a BDSS.
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distress parameters, and the impact on the environment.

4. Working of the proposed BDSS

4.1. Data description

Heliyon 10 (2024) e25625

The data used in this study is collected from the Road Department of the Ministry of Energy and Infrastructure (MoEI), United Arab
Emirates. The data collected from the ministry include road data, road distress data, and traffic data from year 2013-2019 along 32
prominent road segments in the country. The environmental data were collected from online resources. A summary of the data

collected is given in Fig. 3.

Several pre-processing procedures were applied to the data to correct differences in measurement intervals for different road
distress parameters (for example, cracking was measured at an interval of every 10 m and deflection was measured at an interval of
approximately 100 m) and to fill the gaps in the data. Several assumptions related to maintenance type and age of the road section were
also adopted as explained in our previous work [18]. The final dataset for analysis had 3272 data points, each data point represents a

10-m length road segment.

4.2. Data analysis

The final dataset with 3272 data points is exported to the different stages of BDSS as mentioned in Fig. 2. This study has adopted
BayesiaLab 10.2 software to perform the analysis [34]. Once the data is prepared for analysis, the prior probabilities of each variable
are calculated. The prior probability distribution of the 15 variables involved in this study is given in Fig. 4.

Different machine-learning algorithms are adopted to train the data. In this study, the objective is to obtain a Bayesian structure to
understand the current pavement condition on an overall basis and not with respect to a particular variable. Hence, unsupervised
learning algorithm is adopted. The different algorithms applied to the data are Taboo learning, Maximum weight spanning tree, Taboo
order, Equivalence class learning (EQ), SopLEQ, and Taboo EQ.

Corresponding to each of the algorithms adopted in the previous step, a Bayesian network is obtained. The optimal network can be
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Fig. 4. Prior probability distribution of the variables.
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decided based on the MDL score, as calculated according to Equation (3). The MDL scores corresponding to the algorithms adopted in
this study are given in Table 1.

Among the six structures, the Bayesian network structure corresponding to taboo order learning is observed to attain the least MDL
score. Hence, the corresponding structure is considered to be the optimal one and is selected for further analysis.

Once the optimal network is obtained, several analyses can be performed. The observed evidence which is expressed as the
likelihood function of the data, combines with the prior data based on Bayes’ theorem generating posterior distribution of the vari-
ables. Future investigation of the data is carried out on the posterior distribution which reflects the updated knowledge of the variable
balancing the prior knowledge and the observed data.

One type of analysis to be performed is the correlation analysis, which aids in understanding the interrelationships among the
variables and the intensity of each relation. The amount of information related to one variable with respect to another interrelated
variable is calculated by mutual information [35]. Fig. 5 represents the interrelationships obtained among the variables under study
with mutual information on each arc.

The analysis can be further restricted based on the variables of interest, for instance, to explore the impact of heavy vehicle loads on
road distress parameters as shown in Fig. 6.

Fig. 6 shows that the customized inferences required by pavement maintainers can be deduced, which favors better pavement
management. The Kullback-Leibler (KL) divergence, relative weight of each relation, overall impact of each relation, and Pearson’s
correlation are additional metrics to represent the impact of each relations obtained as shown in Table 2.

The results indicate that the increase in the number of heavy vehicles may improve the chances of occurrence of deflection, while,
cracking is least affected by the quantity of heavy vehicles.

Further extension of the pavement management capabilities of the proposed framework is the risk assessment of the road condition
by comparing the current values of the road distress parameters with the prescribed safe limit. Since the allowed limit of road
deterioration criteria varies from place to place, the optimal decision may be unique to each highway agency. To execute decisions,
several function nodes can be added into the Bayesian structure in connection with the road distress parameter nodes. The limiting
values adopted by the MoEI as per the discussion with the officials at the ministry in the year 2020 were: ‘5’ for rutting, ‘2 for cracking,
‘40’ for deflection, and ‘2’ for IRI. In this study, decision nodes (function nodes) were included in the analysis by writing corresponding
codes. Two sets of function nodes were added, one to return the mean value of the road distress parameter and the other to return the
decision based on threshold values of the distress parameters. The mean value is returned by adding the inference function “MeanValue
(v)”, where (v) represents the distress parameter of interest. Explanation of the two sets of function nodes corresponding to the distress
parameter rutting is given below:

e Function node set 1 (Mean value nodes): Will return the mean value of the road distress parameter

e Function node set 2 (Decision nodes): Will return the current road condition based on the acceptable value of the parameter, i.e.,
the function node will return ‘crossed the safe limit’ if the mean value of the road distress parameter is above the acceptable safe
limit and ‘within the safe limit’ in the opposite case.

An illustration of the decision-making process is provided in Fig. 7, for the Bayesian structure obtained corresponding to the road
distress parameters in our previous work [18].

Fig. 7(a) represents the Bayesian model which involves the parameters under study represented as nodes and the function nodes;
function node set 1 representing the mean values of the road distress parameters and the function node set 2 representing the decisions
or inferences of the model. The probability distributions of the parameters are shown in Fig. 7(b) and the output of the function nodes
representing the mean value obtained from the probability distributions are shown in Fig. 7(c). It can be seen that the mean value of the
IRI is 1.462 mm/m, deflection is 52.051 mm/100, rutting is 2.169 mm and cracking is 0.268 %. These values are compared to the
limiting values adopted in the region. Fig. 7(d) gives the inferences related to the current status of the road condition, which is the
output of the function nodes representing the decisions.

The mean values of the distress parameters are obtained based on the probability distribution of the node (road distress parameter),
which is interpreted based on the historical data. It has to be noted that since the road distress parameters are expressed in terms of
probability distributions other than a single value, the correlations drawn among the variables based on Bayesian statistics will aid in
obtaining the probability distributions even if the available knowledge on the road distress parameters is limited. This would enable
the decision-makers to have an estimate of the road distress parameters even without performing the actual measurement in the field.
This can be considered to be the prominent advantage of a BDSS, which helps in reducing the data collection efforts and related

Table 1

MDL score corresponding to the machine-learning algorithms.
Machine-learning algorithm MDL score
Taboo 48,556.48
Maximum weight spanning tree 53,225.539
Taboo order 48,431.897
EQ 48,567.216
SopLEQ 48,731.296
TabooEQ 48,567.216
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expenses.

Once the current status of the road condition has been estimated in terms of the road distress values, the future behavior of the road
distress parameters could be forecasted based on the principles of dynamic BBN. Dynamic BBN which follows the Markovian property
and invariant transition probability in combination with the correlation analysis will contribute to the knowledge of future pavement
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Table 2

Relationship analysis of traffic count (heavy vehicle) and road distress parameters.
Parent Child KL Relative Overall Pearson’s

Divergence Weight Contribution Correlation

Traffic count (heavy vehicle) Deflection 0.1129 1.0000 46.8295 % 0.1343
Traffic count (heavy vehicle) IRT 0.0722 0.6400 29.9731 % 0.0256
Traffic count (heavy vehicle) Rutting 0.0484 0.4286 20.0693 % 0.1655
Traffic count (heavy vehicle) Cracking 0.0075 0.0668 3.1280 % 0.0012

deterioration trends. Having the knowledge of the current and future behavior of the road deterioration process, optimal decisions
related to the type and time of maintenance activities could be adopted subject to:

1. Intensity of each road distress parameter: Knowing the intensity of each road distress parameter will enable the pavement
maintainers to decide the type of maintenance activity. The maintenance activities adopted in the study region are major, surface,
and partial. Hence, knowing the intensity of each road distress parameter will enable to select the appropriate type of maintenance.
This is beneficial for highway agencies performing routine maintenance programs on a fixed time interval. These highway agencies
usually conduct maintenance activities without estimating the values of the road distress parameters which result in the unnec-
essary usage of the highway budgets.

2. Budget availability: The correlation analysis will imply the significance of each road distress parameter. Hence, the maintenance
activities can be delayed if the budgets are limited until the most significant factor crosses the safe limit value. For example, the
most important parameter for the region under study is IRI [18]. Hence, maintenance activities can be delayed until the IRI rises
above the allowed safe limit, even though other distress parameters cross the safe limit.

3. Significance of the road network: The maintenance decisions can be further optimized based on the significance of the road network
itself. Considering the optimal utilization of the highway budgets, the decision-makers could delay the maintenance activity even if
one among the prominent road distress parameters has crossed the safe limit in a less significant road. The significance of the road
can be inferred based on the traffic flow. Although the most significant parameter crosses the safe limit, the optimal decision could
be to delay the maintenance activity if the roads are less significant (for example, local roads are less significant than arterial roads).

4. Progression of other road distress parameters: Optimal maintenance decisions could be taken by considering the rate of progress of
different road distress parameters across the years apart from their significance. If the rate of progress is slow, the maintenance
activities can be delayed accordingly even when the significant factors have exceeded the allowed limit. On the other hand,
maintenance activities should be urgently initiated if the distress parameters are progressing at a fast rate.

5. Environmental impact (emissions from traffic): Reduced greenhouse gas (GHG) emissions are becoming increasingly important in
pavement management decision-making. Pavement repair activities, such as resurfacing, contribute millions of tons of GHG
emissions in the United States each year. Optimizing pavement resurfacing activities can lower pavement maintenance’s carbon
footprint [36]. Additionally, in 2015, the transportation sector accounted for 27 % of overall GHG emissions in the United States,
with vehicle fuel consumption accounting for 83 % of total GHG emissions [37]. Hence, environmental impacts based on carbon
emissions can further improve the decisions in the real-world scenario, which is the future extension of the expert system presented
in this study.

Generally, the road deterioration analysis is a complex task due to the influence of road performance by the interaction of a wide
range of traffic, environmental, and construction-related factors. The framework of the BDSS proposed in this study combines the
principles of BBN techniques with ML algorithms to develop probabilistic graphical models to determine optimal maintenance and
rehabilitation strategies. The methodology developed in this study allows for the delineation of complex correlations between vari-
ables and the quantification of risk based on the limiting values accepted in the corresponding location. As a result, the suggested
framework can be customized and utilized by highway authorities to their conditions for the sustainable improvement of road net-
works on a global scale.

According to the framework shown in Fig. 2., the practicality of the BDSS, can be enhanced by making optimized maintenance
decisions based on budget availability, the importance of the road network, the severity of the road distress parameters, and the
environmental impact of traffic emissions. This illustrates the need for a large volume of data during the initial phase for the suggested
system to be effective. As a result, gathering sufficient high-quality historical data on the factors involved in the road deterioration
process can be time-consuming in the beginning in order to assure the model’s accuracy. Apart from this constraint, BBN principles
enable the development of a realistic pavement management solutions, as exemplified in this work.

5. Conclusion

The road deterioration process is a unique process as it differs from one place to another. Furthermore, the complexity associated
with the factors leading to road deterioration makes it highly uncertain. Thus, developing an accurate and reliable pavement analysis
system is challenging. In addition, the insufficient or inconsistent data related to road performance and road deterioration factors
further complicate the road analysis. To overcome these hurdles, this study has adopted Bayesian analysis, a powerful and flexible
approach that is capable of handling uncertainty, integrating different data sources, addressing missing values, and even incorporating
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Fig. 7. Example of the decision-making process: (a) Bayesian structure involving function nodes (b) Probability distribution of the road distress
parameters (c) Outcome of the function node set 1 (d) Outcome of function node set 2.
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expert knowledge.

This study has focused on understanding the complex relationships among the pavement deterioration factors and supporting the
decision-making process related to pavement maintenance based on BBN principles. The Bayesian approach paves the way to
incorporate prior knowledge such as historical data and update this knowledge when new data become available as in real-time
monitoring, improving the accuracy and reliability of the decision-support system. In this study, the road data collected from
major road networks in the UAE were analyzed based on the BBN approach to deduce the underlying causal relations among different
factors in the form of a probabilistic graphical model. Further, the estimation of the posterior distribution of the factors of interest
provides valuable inferences to the pavement maintainers, allowing them to assess the risks associated with different scenarios.

The proposed Bayesian approach has effectively addressed the challenge of reducing uncertainty in road deterioration factors using
existing knowledge. However, the approach has certain limitations. The inferences obtained are based on the posterior distribution,
which is generated by both the prior distribution (prior knowledge) and likelihood (collected data). Careful selection of the prior
distribution is critical, impacting the posterior distribution and subsequent decision-making processes due to mathematical and
computational considerations. An additional consideration is that the prior distribution ideally should be a conjugate prior for the
likelihood function. In this study, the prior distribution is derived from a large six-year dataset of road data. However, the approach
may pose reliability concerns for smaller datasets. Despite the availability of advanced Bayesian Network software packages, ongoing
research and development in this field introduces uncertainties, with various concepts still under exploration. Despite these limita-
tions, the BBN approach proves valuable for optimizing road budgets.

Overall, a DSS based on the Bayesian approach can enhance the efficiency and effectiveness of the pavement management process
by providing informed decisions to the highway authorities, enabling optimum use of the resources, and improving the service life of
the road networks. Future research needs to be conducted to explore further strengths of Bayesian statistics to improve the framework
presented in this study. The methodology proposed in this study will aid in reducing the overall cost of the pavement management
process by optimizing data collection activities. Moreover, considering additional factors, such as knowing the cost factor of each
maintenance activity is extremely important in planning the maintenance programs. In this study, the cost data was unavailable and
hence it is not considered. In addition, the impact of carbon emissions from automobiles on the environment, a major concern in the
recent decades, needs to be considered in the future research.
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