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Abstract-The term ‘‘present serviceability’’ was adopted to represent the momentary ability of 

pavement to serve traffic, and the performance of the pavement was represented by its serviceability 

history in conjunction with its load application history. Serviceability was found to be influenced by 

longitudinal and transverse profile as well as the extent of cracking and patching. The amount of 

weight to assign to each element in the determination of the over-all serviceability is a matter of 

subjective opinion.  

In this study, the present serviceability index of rigid highway pavements has been predicted by an 

artificial neural network (ANN) model. For this model, the 49 experimental data obtained from 

AASHTO include slope variance, faulting, cracking, spalling and patching. The developed ANN 

model has a higher regression value than the AASHO model. This approach can be easily and 

realistically performed to solve the problems which do not have a formulation or function for the 

solution. 
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1. INTRODUCTION 

In the literal sense, the first roads were built through Egypt from the south part of Asia shortly after the 

invention of the wheel around 3500 B.C. On the other hand, the first roads that depended on a few 

scientific rules were built by the Romans around 300 B.C. The oldest and the longest known road is 

the “King’s Road” which was built by Persians. By the end of the eighteenth century, some basic 

scientific principles about road construction had been defined by engineers. During the 1960’s the 

American Association of State Highway Officials (AASHO) started to determine theoretical roots of 

road pavement using “AASHO Road Test” results [1].  

The pavement management system (PMS) was first conceived in the late 1960s to 1970s as a result of 

pioneering work by Hudson et al [2] and Finn et al [3] in the United States, and by Haas [4] in Canada. 

The pavement management concept was first conceived to organize and coordinate the activities 

involved in achieving the best value possible for the available funds [5].  

AASHTO (1990) defines PMS as follows, “A PMS is a set of tools or methods that assist decision 

makers in finding optimum strategies for providing, evaluating, and maintaining pavements in a 

serviceable condition over a period of time.” The products and information that can be obtained and 

used from a PMS include planning, design, construction, maintenance, budgeting, scheduling, 

performance evaluation, and research [6,7]. The goal of a PMS is to yield the best possible value for 

available funds in providing and operating smooth, safe, and economical pavements [8]. The functions 

of a PMS are to improve the efficiency of decision making, to expand the scope and provide feedback 

on the consequences of the decisions, to facilitate coordination of activities within the agency, and to 

ensure consistency of decisions made at different levels within the same organization [9]. A PMS 

provides a systematic, consistent method for selecting maintenance and rehabilitation (M&R) needs 
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and determining priorities and the optimal time of repair by predicting future pavement conditions 

[10]. 

In response to the growing need for highway rehabilitation and maintenance on one hand and 

shrinking resources on the other, there has been an increased interest in developing a formal 

management approach to optimize the utilization of highway construction and maintenance resources. 

The specific component of this approach related to pavement is termed ‘‘pavement management 

system’’ (PMS) [11,12]. 

Hence, optimizing the current pavement condition evaluation practice will be the first and foremost 

task of efficient pavement management systems [13]. Setting priorities for pavement maintenance and 

rehabilitation depends on the availability of a universal scale for assessing the condition of every 

element in the network. 

Pavement condition is a generic phrase to describe the ability of a pavement to sustain a certain level 

of serviceability under given traffic loadings. It is usually represented by various types of condition 

indices, such as Present Serviceability Index (PSI), Present Serviceability Rating (PSR), Mean Panel 

Rating (MPR), Pavement Condition Index (PCI), Pavement Condition Rating (PCR), Ride Number 

(RN), Profile Index (PI), and International Roughness Index (IRI). These indices can be classified into 

two categories: roughness-based and distress-based. 

The present serviceability index (PSI) is one common evaluator used to describe the functional 

condition with respect to ride quality. The pavement condition index (PCI) is another index commonly 

used to describe the extent of distress on a pavement section [14]. 

The pavement condition rating (PCR) method is based upon visual inspection of pavement distresses. 

Although the relationship between pavement distresses and performance is not well defined, there is 

general agreement that the ability of a pavement to sustain traffic loads in a safe and smooth manner is 

adversely affected by the occurrence of observable distress. The rating method provides a procedure 

for uniformly identifying and describing, in terms of severity and extent, pavement distress. The 

mathematical expression for PCR provides an index reflecting the composite effects of various distress 

types, their severity and extent upon the overall condition of the pavement [15]. 

Prediction of future pavement condition is not only essential for maintenance budget forecasting at the 

network level but also for determining the most cost-effective rehabilitation strategy at the project 

level [13].  

The knowledge of future pavement performance is essential to sound pavement design and life-cycle 

economic evaluation at the project level of pavement management. At the network level, such 

information is important to ensure adequate financial funding and budgeting [16]. 

Pavement failure is a highly variable event that not only depends on layer material properties, 

environmental and sub-grade conditions, and traffic loading, but also on the specific definition of 

failure adopted by the highway agency. Failure can be defined in terms of amount of cracking, rut 

depth, surface roughness, or combinations of these or other indicators of performance [17]. 

In recent years, one of the most important and promising research fields has been ‘‘Heuristics from 

Nature’’, an area utilizing some analogies with natural or social systems and using them to derive non-

deterministic heuristic methods and to obtain very good results. Artificial neural Networks (ANN) is 

among the heuristic methods [18]. 

Designers utilize principles of science and mathematics to develop specific technologies. These 

technologies are then used to create engineered tools such as products, structures, machines, processes 

or entire systems. It has already been seen that different tasks in engineering problem solving require 

different analysis [19]. Recently, artificial intelligence and statistical analysis have been extensively 

using in the fields of civil engineering applications such as construction management, building 

materials, hydraulic, geotechnical and transportation engineering etc. [20-37]. 

The main purpose of this paper is to develop an ANN methodology for estimating pavement 

serviceability index without any restrictive assumption by considering slope variance, rut depth, 
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patches, cracking and longitudinal cracking as input variables and the AASHO panel data as an output 

variable. 

 2. PAVEMENT SERVICEABILITY RATIO 

One of the most famous pavement testing facilities in the world was the AASHO Road Test, which 

was constructed and operated near Ottawa, Illinois, between 1957 and 1961. This facility was one of 

the earliest and most experimentally sound efforts to evaluate the effects of various pavement 

structural designs and loading parameters on overall pavement performance. The basic derived 

formulae that represent the effects of different axle loads and configurations are still used today, even 

though vehicle characteristics and pavement designs have changed considerably [38]. 

The American Association of State Highway Officials “AASHO” Road Test developed a definition of 

pavement serviceability and the present serviceability rating (PSR) that is based on individual 

observation. PSR is defined as "the judgment of an observer as to the current ability of a pavement to 

serve the traffic it is meant to serve. To generate the original AASHO Road Test PSR scores, 

observers rode around the test tracks and rated their ride using the quantitative scale shown in Fig. 1. 

This subjective scale ranges from five (excellent) to zero (essentially impassable). Since PSR is based 

on passenger interpretations of ride quality, it generally reflects road roughness because roughness 

largely determines ride quality. 

 

Figure 1. Individual present serviceability rating form 

The present serviceability index (PSI) is based on the original AASHO Road Test PSR. Basically, the 

PSR was a ride quality rating that required a panel of observers to actually ride in an automobile over 

the pavement in question. Since this type of rating is not practical for large-scale pavement networks, a 

transition to a non-panel based system is needed. To transition from a PSR serviceability measure 

(panel developed) to a PSI serviceability measure (no panel required), a panel of raters during 1958 to 

1960 rated various roads in the states of Illinois, Minnesota, and Indiana for PSR. 

This information was then correlated with various pavement measurements (such as slope variance 

(profile), cracking, etc.) to develop PSI equations. Further, the raters were asked to provide an opinion 

as to whether a specific pavement assessed for PSR was "acceptable" or "unacceptable" as a primary 

highway. 

Although PSI is based on the same 5-point rating system as PSR, it goes beyond a simple assessment 

of ride quality. About one-half of the panel of raters found a PSR of 3.0 acceptable and a PSR of 2.5 

unacceptable. Such information was useful in selecting “terminal” or failure serviceability (PSI) 

design input for empirical structural design equations. It is interesting to note that the original AASHO 

Road Test raters opinions were based on car ride dynamics; it is unclear whether such levels are 

acceptable for trucks. Pavement performance can then be defined as "the serviceability trend of a 

pavement segment with an increasing number of axle applications" [39]. Figure 2 further demonstrates 

this concept. 
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Figure 2. Concept of pavement performance using present serviceability index (PSI) [40]. 

The Present Serviceability Index “PSI” was established from regression equations, which related 

user’s opinions to objective measurements (AASHO slope profilometer) with the extent of cracking, 

patching, and rutting. 

AASHO test results (1962) showed that serviceability was found to be influenced by longitudinal and 

transverse profile as well as the extent of cracking and patching. To obtain a good estimate of the 

opinion of the traveling public in these subjective matters a Pavement Serviceability Rating Panel was 

appointed by AASHO. Pavement Performance Ratings have been measured for every pavement 

section by the committee [41]. 

The concept of serviceability was developed by Carey and Irick at the AASHO Road Test and surface 

profile and roughness provide nearly 95% of the information about pavement serviceability. With this 

information, a present serviceability rating from 0 to 5 (very poor to very good) was used by a panel of 

raters riding in a vehicle over the pavement. These ratings were correlated with objective 

measurements of pavement condition to develop a regression equation for present serviceability index 

(PSI). For rigid pavements, the regression equation used slope variance (a summary statistic for wheel 

path roughness) and the sum of cracking and patching. Slope variance was found to be the dominant 

variable [42].  

The basic equation of PSI is the linear form shown below; 

) . . .  DB  D(B  .) . . RA  R(A  A PSI 221122110 
                                         (1)                                                                

R1 and R2 are functions of profile roughness and D1 and D2 are functions of surface deformations. 

Regress would be applied to every measured summary as it is not related to the PSR. 

This could be successful in different forms to describe measures against PSR and understanding which 

one is the result with right line.  

Rigid pavements do not have rut depth so the equation becomes that which is shown below [43]. 

                          (    )    √                                              (2)    

 

A0, A1 and B1 coefficients in equation 2 have been determined as multiple linear recreations.  

For all sections Error (E) between PSI and PSR can be expressed as shown below. 
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  ∑(       )    ∑(                     )  
                                    (3)     

A0, A1 A2 and B1 coefficients must be chosen in order for the minimum error to be obtained.  

E can be minimized to equal 0 and make a partial derivative according to every coefficient.  

This results in four equations that can be easily solved and four unknown coefficients [43]. 

Eq. 4. was used to determine the level of serviceability of the surviving 49 rigid pavement test sections 

every two weeks during a period of traffic operation [41]. 

               (    )       √                                                                           (4)    

 

In which,  

P= present serviceability index; 

SV= mean of the slope variance in the two wheel paths; and 

C and P= measures of cracking and patching in the pavement surface. (In this equation and throughout 

this report, logarithms are to base 10.) 

Pavement Performance (Serviceability) decreases over the course of time because of environmental 

and traffic effects according to the AASHO pavement tests. The serviceability index is a value 

between 0 and 5.  

While the serviceability index is 5 when the pavement is newly built, at the end of a definite period of 

use it has reached the last serviceability index (PSI) by decrease and when the performance is 

decreased (or disappears) it is accepted that the life-cycle of the pavement is completed.   

Pavement performance is increased by reinforcement of the pavement by increasing the serviceability 

index [44].  

                    (    )      √                        (5) 

The PSI formulation is a mathematical combination that obtained its values as a result of definite 

physical measurements used for estimating the PSR value of pavement in the limits previously 

defined. PSR and measurement summaries, after being obtained for all chosen pavements, the last step 

is to combine those measurement summaries with a satisfactory approach to the PSR user estimates in 

PSI formulation. Linear recreation technical analysis can be used to reach the formula. 

 

3. ARTIFICIAL NEURAL NETWORK  

Artificial neural network is fairly simple and small in size when compared to the human brain, and has 

some powerful knowledge- and information-processing characteristics due to its similarity to the 

human brain. The first studies on ANNs were supposed to have started in 1943. In recent years, with 

the developments in computer technology, ANNs have been applied to many civil engineering 

problems with some degree of success. In civil engineering, neural networks have been applied to 

detect structural damage, structural system identification, modeling of material behavior, structural 

optimization, structural control, groundwater monitoring, prediction of settlement of shallow 

foundation, and concrete mix proportions [45]. 

Neural networks are composed of simple elements operating in parallel. These elements are inspired 

by biological nervous systems. As in nature, the network function is determined largely by the 

connections between elements. A neural network can be trained to perform a particular function by 

adjusting the values of the connections (weights) between the elements. Commonly, neural networks 

are adjusted, or trained, so that a particular input leads to a specific target output. Such a situation is 

shown in Fig. 3. Here, the network is adjusted, based on a comparison of the output and the target, 

until the network output matches the target. Typically, many such input/target output pairs are used to 

train a network. Batch training of a network proceeds by making weight and bias changes based on an 

entire set (batch) of input vectors. Incremental training changes the weights and biases of a network as 
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needed after the presentation of each individual input vector. Incremental training is sometimes 

referred to as ‘‘on line’’ or ‘‘adaptive’’ training [46, 47]. 

 

Figure 3. Basic principles of artificial neural networks [47,48]. 

Neural networks have been trained to perform complex functions in various fields of application 

including pattern recognition, identification, classification, speech, vision and control systems. Today, 

neural networks can be trained to solve problems that are difficult for conventional computers or 

human beings [48]. 

 

4. STRUCTURE OF DEVELOPED ANN MODEL, PARAMETERS, AND FINDINGS 

A flowchart summarizing the ANN model was given in Fig. 4. The Artificial neural networks model 

developed in this research has five neurons (variables) in the input layer and one neuron in the output 

layer, as illustrated in Fig. 5. One hidden layer with three neurons was used in the architecture because 

of its minimum percentage error values for training and testing sets. Some of the architectures with 

different numbers of neurons were studied here in hidden layers and their correlations with 

experimental results were investigated, while modeling slope variance, faulting, cracking, spalling and 

patching were used as inputs and PSR (panel data) was used as an output. In this study, data sets were 

taken from AASHO test results [41].  For training sets, 39 samples (80% of all samples) were selected 

and the residual data (10–20% of all samples) were selected as a test set. The values of the training and 

test data were normalized between 0 and 1 using Eq. 6.  
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Figure 4. Flow chart of the prediction model 

   minmaxmin / FFFFF i 
                                                         (6) 

In this equation, F represents the normalized value, Fi represents i. Value of measured values and 

Fmax and Fmin represent maximum and minimum values of measured values.  

Levenberg-Marquardt back-propagation training was repeatedly applied until the evaluation standard 

was reached [48].  

The back-propagation learning algorithm was used in feed-forward with one hidden layer. The 

logarithmic sigmoid transfer function was used as the activation function for hidden layers and output 

layers. The learning rate and momentum are the parameters that affect the speed of convergence of the 

back-propagation algorithm. 5000 learning cycles were used while training all networks. 

A learning rate of 0.001 and momentum of 0.1, were fixed for the selected network after training and 

model selection was completed for the training set. The trained networks were used to run a set of test 

data. All of the developed networks (521-531-541-551-561-571- 581-591) were compared with 

experimental results and the R
2
 values of testing results are shown in Table 1. 

Various combinations of network architecture to develop an optimum ANN model were examined. 

ANN (i, j, k) indicates a network architecture with i, j and k neurons in input, hidden and output 

layers, respectively. The ANN (5, 3, 1) appeared to be most optimal topology; the configuration is 

shown in Fig. 5. A comparison of panel data between PSI that was obtained from Eq. (5) and the ANN 

model are given in Figs. 6 (a), (b), (c), (d) and 7 (a), (b), (c), (d)  for training and testing sets, 

respectively. The R
2
 values of PSI and the ANN model are obtained as 0.92 and 0.95 for the training 

set, and 0.91 and 0.92 for the testing set, respectively. The ANN model has better results than PSI for 

the AASHO panel data for both training and testing sets. 

 

                   

Figure 5. The structure of the 531 model (5 input, 3 hidden and 1 output) 

 

Table 1. Results obtained from testing the ANN and correlations between experimental results 

Model Model 521 Model 531 Model 541 Model 551 Model 561 Model 571 Model 581 Model 591 

R2 0.617  0.925  0.821  0.914  0.776  0.848  0.701  0.566 
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(c) 

 

(d) 

Figure 6 (a), (b), (c), (d). Comparison of the ANN and PSI with target data (PSR) for the training set 
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(c) 

 

(d) 

Figure 7 (a), (b), (c), (d). Comparison of the ANN and PSI with target data (PSR) for the testing set 
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5. CONCLUSIONS 

A pavement performance prediction is one of the most important components of the pavement 

management system. An accurate estimate directly affects the success of all the pavement 

management systems.  

In this paper, an ANN model has been developed for the pavement serviceability ratio (PSR) 

determined on the surface of rigid pavements. The ANN model estimates better results than PSI for 

the AASHO panel data of the PSR.  

This new model can help to estimate rigid pavement performance predictions for pavement 

management systems. However, it should be noted that artificial intelligence techniques developed 

directly from measured data and the validity of the data for accuracy and repeatability directly affect 

the success of the model. 
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