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Under predictive maintenance scheme, an estimate of the health status of a piece of equipment is carefully 

computed, and used as the basis of preventive maintenance action before an actual failure. Pre-failure 

intervention actions are carefully chosen among options such as corrective action, replacement and even 

planned failure based on health factors [8]. With the advent of Big data and computing technology, the 

predictive maintenance is in the midst of rapid transformation to take advantage of the recent technological 

advancement, namely machine learning. 

Machine learning methods use statistical techniques to enable algorithms to iteratively improve without 

explicit programming of models and functions [7]. This flexibility enables exploration into areas with less 

robust hypotheses where the expected outcome is unknown. Machine learning is a quickly growing area 

of research. 

There are three kinds of machine learning methods depending on the availability of data and the nature 

of output the method is supposed to make. A majority of practical machine learning can be classified as 

supervised learning. In supervised learning, the algorithm uses data in which the desired output value is 

known. For example, in a population of generator histories including information on various characteristics 

of the generator, the variable of interest may be if and when the generator failed. This information would 

be available as known values in the data, and falls under supervised learning methods. The second type of 

machine learning is unsupervised learning, in which the desired output value is not known. Unsupervised 

learning can be quite powerful in that they operate beyond our preconceptions. For example, a fleet of 

generators may be grouped into categories where the specific characteristics of each group are unknown. 

The last major type of machine learning is reinforcement learning. In reinforcement learning, an agent 

performs a particular goal by interacting with the environment that provides feedback. Using this type of 

algorithms, the agent (or machine) is trained to make specific decisions [7]. 

In this paper, some enduring algorithms that have been used in many different contexts will be discussed, 

and applied to a case involving multiple power generating units. 

Machine Learning Methods

There are three kinds of machine learning methods depending on the availability of data and the nature of 

output the method is supposed to make: supervised learning, unsupervised learning and reinforcement 

learning [8, 10]. In this section we will review the three types in more detail. 
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2.1 Supervised learning methods

Within supervised learning, the two main categories are regression methods and classification methods. 

Regression methods model the relationship between equipment characteristics (i.e. features) and the 

output variable. Classification methods separate units into different classes, where the classes are known. 

A classic example of a classification method would be spam filters in email systems [1].

Linear regression

Linear regression was developed in the field of statistics and is studied as a model for understanding the 

relationship between input and output variables, but has been borrowed by machine learning. The output 

values can be calculated from a linear combination of the input variables. When there are multiple input 

variables, literature from statistics often refers to the method as multiple linear regression [1]

Logistic regression

Logistic Regression is one of the most commonly used machine learning algorithms for classification. 

Similar with linear regression, it is also borrowed from the field of statistics and despite its name, it is 

not an algorithm for regression problems, where you want to predict a continuous outcome. Logistic 

regression measures the relationship between the dependent variable (label and what to predict) and 

the independent variables (features), by estimating probabilities using its underlying logistic function. 

These probabilities must then be transformed into binary values in order to actually make a prediction for 

classification [2]

Neural networks

An artificial neural network (ANN) is a computational model that is inspired by the way biological neural 

networks in the human brain process information. The basic unit of computation in a neural network is 

a neuron. A neural network consists of at least three layers that are made of multiple neurons. The first 

layer is called the input layer where the input information is split and fed into each neuron. These neurons 

generate information for next layer based on weight functions, which is assigned on the basis of its relative 

importance to other inputs. The final layer is called the output layer. Using this method, algorithms are able 

to find patterns in datasets and even learn from its mistakes, which allows artificial intelligence to iterate 

itself and improve its predictions [3, 4]

2.2 Unsupervised learning methods

Unsupervised learning algorithms operate in situations where feature data are given without desired 

outputs, and therefore the machine learning algorithms should figure out how to draw conclusions only 

from the given features. As a result, results of unsupervised learning must be interpreted with caution. 
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K-Means clustering

In K-Means clustering, observations are given in the form of vector, and the clustering of vectors is based 

on relative distance among the vectors. Vectors belonging to the same cluster will has smaller distance to 

the centroid of the cluster than that of other clusters. K-Means clustering algorithm is simple to understand, 

apply and provides less biased results. However, the number of final groups needs to be set ahead by 

users. Besides, the algorithm is computationally expensive [9].

Affinity propagation 

Unlike K-Means clustering, affinity propagation doesn’t require number of groups determined before 

running the algorithm. It is based on the concept of ‘message passing’ among observations. Similar to 

K-Means clustering, observations in the final groups will be representative. It is most suitable when we 

don’t know how many groups the observations should be assigned in [3]

Hierarchical clustering

Hierarchical clustering seeks to build a model of hierarchical clusters compared to K-Means clustering 

and affinity propagation. Observations are clustered in more than one group. There are two common 

strategies we usually use. One is usually referred as ‘Agglomerative’ or ‘Bottom Up’ approach, in which 

each observation is first treated as one cluster and then some of them may merge into one. The other is 

called ‘Divisive’ or ‘Top Down’ approach, in which all observations are in the same group and separations 

are performed recursively [9]

3. Case studies

In this section we apply some of the machine learning algorithms to a case, where we analyze maintenance 

records from 480 hydro generating units at a hydro power plant in Niagara Falls, Canada. The units failed 

for various causes from 114 components. While the data set involves over 0.6 million entries, it lacks the 

richness in features, making some machine learning approaches infeasible. We will present difficulties we 

experienced, leading to recommendations in the paper.

Figure 1 472-megawatt steam turbine generator (photo credit: businesswire.com)
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3.1 Data Requirements 

When using a machine-learning approach to predictive maintenance, the data requirements are somewhat 

different from analytical methods. With machine-learning approaches, the requirements can be more 

flexible, in that specific values for every entry may not be required due to a pooling effect, but that very 

large data sets are necessary in order to take advantage of machine-learning algorithms [5, 6, 10].

The design of a pattern recognition system consists of several stages: 

Data collection

Formation of the pattern classes

Feature selection

Specification of the classification algorithm

Estimation of the classification error

Of these stages, the first three steps are directly related to the data preparation. This section discusses 

some strategies and best-practices to inform the data collection, formation of pattern classes and feature 

selection.

The amount of data required is predicated on the complexity of the problem as well as the algorithm being 

used. If the relationship between the input and output variables is simple and evident, less data is required. 

However, the underlying function that relates the input variables to the output variable may be complex. 

The more complex the relationship, the more data is required. Similarly, the learning algorithm being used 

to inductively learn the relationship may be complex and have a higher data requirement. Conversely, the 

quantity and quality of the data on hand may afford some analyses and algorithms better than others.

The metrics for quantity and quality of the data are based the nature of the characteristics of the data. 

The analytical parallel would be condition monitoring data. In machine learning, these characteristics 

of information are called features. High-quantity data will have many features, that can serve as input 

variables, and many entries, that serve as values of the input variables. However, the features may not 

amount to much information if they are all highly correlated. For example, consider a column of state 

codes; a second column that describes those very state codes in words does not add any information 

to the model that the numeric state codes cannot. This leads us to high-quality data. Quality can be 

measured by the independency of the input features.

One of the unique issues with maintenance applications of machine learning is that the data size tends 

to be smaller than typical machine learning applications due to relatively rare failure events. When faced 

with a small sample size, some strategies for selecting design parameters include

careful selection of features and subsets used in decision making

number of neighbors in a k-NN decision, and

width of the Parzen window in density estimation.

If the resulting classifier has a large error rate, this can usually be attributed to the inherent difficulty of the 

classification problem.
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3.2 Clustering generating units

The algorithm we applied is K-Means clustering. It has more options to control and expect the output 

results, compared to other clustering algorithms, such as affinity propagation. There are couples of 

parameters, which are number of final clusters, number of times the algorithm will run on sets of random 

starting points and number of iterations on each set of starting points, are generally most important. 

These parameters are vital to generate stable results from the algorithm.

The power system we are working on in this paper is hydroelectric power system, which utilize the water 

resource to generate electricity. The theory behind is to construct a dam on the river with a large drop on 

elevation. The reservoir stores a large amount of water. When the water intake is opened, gravity causes 

the water to fall. The moving water turn the turbine propeller and generate electricity.

The number of clusters we set is three. The most important reason we chose this algorithm is this algorithm 

is easy to apply but can provide unbiased results. We have three clusters produced by the algorithm at 

the end. We would like to label them as ‘cluster 0’, ‘cluster 1’ and ‘cluster 2’, with 50, 66 and 312 of different 

units inside respectively. The following table shows part of the summarized information of each cluster:

Table 1 Summary of three clusters identified

Cluster 1 Cluster 2 Cluster 0

Average number of Forced outages 25.985 13.603 17.460

Average number of Maintenance outages 30.758 15.026 23.400

Average number of Planned outages 15.833 10.250 26.100

Average number of Common modes 0.015 1.263 0.280

Average maximum capability 46.533 58.185 306.586

Average working hours 37738.700 38917.044 35084.975

By inspecting the summarized data, we can draw preliminary conclusions about the characteristics of 

units in each cluster. We can utilize these conclusions to determine if our results make sense. We will also 

like to demonstrate some procedures about how this primary inspection is done. We hope to provide some 

basic ideas, which can be adopted and used in other applications.

Cluster 0 has its average maximum capability of the units much larger than the other two clusters. One 

reasonable assumption we can make here is that, cluster 0 seems to contain most of the important units 

because of the highest maximum generating capability. The higher the maximum capability is, the less 

we want the units to forced outage.

In order to prevent failures, highest planned outages number is scheduled on these units, even these 

units have the lowest average working hours. This explains why the average number of planned outages 

in cluster 0 is the largest. Because of the excessive attention payed in cluster 0, even with the largest 

generating power, units in cluster 0 have smaller number of forced and maintenanced outage, compared 

to cluster 1. In conclusion, units in cluster 0 are mostly important to the company and the maintenance 

performed is effective.
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Cluster 1 contains the units that we think that are most problematic. One of the reasons is that, even 

with relatively large number of planned outages, units in cluster 1 still have the highest average number 

of forced or maintenance outages, which implies these units are most easily to fail compared to others. 

These units also have the smallest average maximum capability, which should have failed the least. Units 

also have the smallest average number of common modes, which tells us outages on these units are 

highly unlikely to be caused due to other generating units. 

Cluster 2 contains the units that are most reliable. Given the medium number of maximum capability and 

maximum working hours, units in cluster 2 have the least number of forced, maintenance and planned 

outage. These units also contain the largest number of common modes, which shows that a lot of the 

outages on these units are caused by others. 

By applying the similar analysis, interesting conclusions can be drawn on different applications, leading to 

further investigation of the outage components. In our case, we can simply treat each outage component 

as a random variable and investigate their correlation coefficient factor among. The following picture 

shows the correlation coefficient among the components. 

One of the most important steps before applying the machine learning algorithms is to convert the raw 

data into useable data. The main purpose is to remove the errors and conduct feature engineering to 

prepare the final data for algorithms. To remove the errors, what we have done includes but not limited to: 

Remove redundancy: redundant information is one of the most common errors in all kind of data. For 

example, there may be some records that are exactly the same and they should be removed.

Remove units with inadequate amount of records: in our case, units with records less than two years or 

with recorded number less than 100 will be removed.

Remove or recover missing values: ideally, the best solution here is to apply different techniques to recover 

the missing or inconsistent values. However, if the amount of missing values within one observation is too 

large, the assumptions we make may strongly affect the recovered values. In this case, we will prefer 

remove the observations instead.

Remove or recover inconsistent values: similar to missing values, we should consider recover the 

inconsistent data using other given information. If the recovery may strongly affect the results, we will 

remove the observations instead.

After errors have been eliminated, a step called ‘feature engineering’ is conducted. The steps we would like 

to emphasize are elaborated here:

Dimensional reduction: in this step, we will remove some information that is highly correlated to others. For 

example, features with high correlation coefficient maybe be selected to remove.

Extract useful and generate new information: for example, in our raw data set, it has the records of each 

generating unit with its current operating conditions in different time duration. For each generating unit, we 

can calculate the total number of forced outage occurs in his whole life.
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As a result, the information contained in the final data set includes the number of times forced outage, 

maintenance outage, planned outage and outage component occur for each generating unit. It contains 

the number of times each generating unit has failed due to other units, maximum capability and the total 

effective working hours of each generating unit.

4. Challenges and Opportunities

Throughout the whole process of application, there are some limitations and errors which we believe can 

strongly affect the results. In order to provide a more thorough understanding of the technique we applied, 

we would like to address couples of points that we believe are vital to the success of this application. 

Besides, most of the following limitations appear quite frequently in other applications. We hope these can 

be used as inspirations for other different applications

Limitations we considered during the process:

We assumed units are identical in all aspects: in our raw data, we did not have sufficient detailed 

information about the generating units, such as the type, date to operate or which companies the units 

from. There are a lot of factors that may affect the final results. For example, there could be chances that 

some type of generating units are much easier to fail compare to other types.

We assume the missing values should be discarded: as what we have addressed above, it would be the 

best to recover the missing values. However, due to the limited information and understandings of our 

data, we believed it would be the best to get rid of them instead. Because the more biased the final data 

is, the higher the chance our results will be not representative in general.

Insufficient records of some units: after preprocessing out raw data, we realized that a lot of units have 

number of records less than 100. Among all 480 different units, the average number of records is 1246.51. 

The maximum number of records is as large as 17417. The level of detail our data provides can impact the 

results strongly.

A lot of outliers when we look deep into the final results: for example, when we checked the forced outages 

number for the units in cluster 2, there are five units, which are HGU 0012, 0517, 0591, 0711 and 0841, that 

have much large forced outages number compared to the rest of units within. Some of the outliers can be 

considered as acceptable units after comparing the other numbers, such as HGU 591, 0711 and 0841. The 

rest two units, HGU 0012 and 0517, may worth a further investigation.

Given the limitations we have found during the process, we believe the following recommendations will 

help for future applications and more accurate results.

Recommendations:

Working with domain experts: with the help of domain experts, we can be able to get a deeper insight to 

the data. Experts can help us to validate our assumptions on the units, which can produce a more concise, 

accurate and effective input data.
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Non-maintenance-related data can be useful: among the features we can obtain from our raw data, all of 

them are related to maintenance, such as outage number of working hours. Other information, such as 

indoor or outdoor the units are, may largely improve the results.

Outliers can be further investigated: outliers can as well potentially help us to find out the hidden 

relationship among the units and their outage components. They may also bring different aspects for us 

to look at our system. For example, unit HGU0012 we mentioned above have large number of total common 

modes as well. One of the potential direction we can conduct a further examination is to figure out what 

units or components that cause most of its forced outages. These units or components may worth more 

attention to be paid in the future.

Unsupervised results can be utilized to train supervised algorithms for future predictions: if we are 

satisfied with the results and analysis from the clustering algorithms, the labels can be further used for 

different supervised algorithms, such as linear regression or neural network. Given an unseen unit, when 

these supervised algorithms are well trained, they can be used for multiple purposes, such as predicting 

whether the new units are reliable in the future.

Most of the limitations and recommendations can be generalized in different cases.

5. Conclusions 

We have survey some of the most common machine learning algorithms, and share our experiences with 

the application of the algorithms with a case study. In particular, we have found that seemingly big data 

in the maintenance optimization applications turned out to be in fact small due to inconsistency and 

redundancy. Also, the data is heavily skewed as failure, thankfully, is usually very rare, making supervised 

learning challenging. This is why we present in this paper results of clustering, which is an unsupervised 

learning algorithm. Despite the challenges, machine learning has a big potential in maintenance 

optimization and reliability engineering, and we hope that the case study presented in this paper would 

set a direction for future attempts of using machine learning for more effective and efficient maintenance, 

repair and operations. 
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In this paper there are details about the four pavement performance evaluation characteristics, their 

meaning, measuring techniques, specification limits and required maintenance and rehabilitation 

techniques for each. 

To illustrate methods of measuring the four characteristics and reporting the results a case study is 

presented about a recently performed pavement evaluation project for Dubai International Airport.

Pavement Performance Evaluation

Transportation is a catalyst for development of any society. Road transportation is considered as veins 

and arteries of a nation, thus roads are constructed with variety of materials & specifications to mitigate 

the connectivity problems. Therefore, highest care is always taken in designing & developing the road 

networks. This is usually done by designing the network of roads or designing components of roads or 

in considering materials for construction [1]. Hence, it is very essential to analyze pavements for their 

responses on application of vehicular loads. Due to repeated application of loads, the performance of 

the pavement deteriorates and hence damage assessment procedures are required to be carried out 

to rectify the defects produced in the pavements to provide the required performance by conducting 

tests and surveys like structural surveys, distress surveys, texture depth & skid resistance surveys and 

pavement surface roughness surveys.

The ability of a pavement to withstand traffic and airplanes loads in a safe, comfortable and efficient 

manner is adversely affected by the different types of the pavement distresses. Therefore, monitoring the 

performance of pavement will help to determine the current condition of the pavements and, consequently, 

a management plan for maintenance, rehabilitation, or reconstruction [2, 3].

Four characteristics of pavement condition are usually objectively measured to evaluate pavement 

performance and need for rehabilitation. These measurable characteristics are:

Structural evaluation - pavement deflection, cores and test pits;

Functional evaluation -pavement roughness (rideability);

Surface condition evaluation - pavement distresses; and

Safety evaluation - skid resistance.



© Copy rights reserved for The Arab Council of Operation and Maintenance

OMAINTEC Journal 
(Journal of Scientific Review)

25

Structural evaluation

Pavement structural evaluation is concerned with the structural capacity of the pavement as measured 

by deflection, layer thickness, and material properties. It is used to obtain information on the load-bearing 

capacity for both roads and airports to evaluate the need for maintenance and rehabilitation, asset 

pavement evaluation, and construction quality control.

Non-destructive testing has become an integral part of pavement structural evaluation and rehabilitation 

strategies in recent years. The falling weight deflectometer (FWD) is considered the most popular 

equipment used for non-destructive testing of airports and highways. FWD applies a load to the pavement 

and deflections are measured directly under the load and at set distances from the load. These recorded 

deflections are processed by back analysis software to estimate the modulus of each pavement layer and 

required overlay depth for the future design traffic. In small projects, the Benkelman beam can be used to 

assess structural adequacy of the pavement layers.

At project levels, destructive evaluation of the pavement can be used to evaluate its structural adequacy. 

Destructive evalauation includes extraction of cores, excavation of test pits, bore holes and trenches, etc.  

Functional evaluation

Functional evaluation of pavements is primarily concerned with the ride quality or surface texture of a 

pavement section. Everyone who drives or rides in a vehicle over the surface of a highway pavement or 

inside an airplane over an airport pavement can subjectively judge the smoothness of the ride. Pavement 

roughness is defined as an expression of irregularities in the longitudinal profile of its surface that 

adversely affects the ride quality of a vehicle or an airplane, thus causing discomfort to the user. These 

irregularities lead to uncomfortable feeling for pavement users [4].

Smoother pavements are required because they provide comfort and safety to pavement users, reduce 

vehicle/airplane operating cost by reducing fuel and oil consumption, tire wear, maintenance cost and 

vehicle depreciation, and reduce pavement maintenance cost. Smooth pavements result in less dynamic 

loading from heavy trucks/airplanes loading, which reduces pavement distresses thus resulting in less 

maintenance and lower life cycle cost. Therefore, it is expected that smoother pavements will last longer 

[5].

There are two main methods for measuring road smoothness. These are subjective ride quality surveys 

(serviceability surveys); and objective roughness surveys.

Profiling devices, which are objective roughness survey systems, are used to provide accurate, scaled, 

and complete reproductions of the pavement profile. Among the most advanced profiling devices are 

laser profilers, which use non-contact laser sensors to measure differences in the pavement surface. To 

eliminate vehicle body motion and compute road longitudinal profile, accelerometers are placed on the 

measuring vehicle body to measure its vertical motion.

The International Roughness Index (IRI) is a scale for roughness based on the simulated response of a 

generic motor vehicle to the roughness in a single wheel path of the pavement surface. IRI is an index 

for roughness measurement obtained by road meters installed on vehicles or trailers. IRI true value is 
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determined by obtaining a suitably accurate measurement of the profile of the pavement, processing it 

through an algorithm that simulates the way a reference vehicle would respond to the roughness inputs, 

and accumulating the suspension travel. It is normally reported in inches/mile or meters/kilometer.

In South Carolina, IRI values are derived from wheel path profiles obtained using non-contacting inertial 

profilers. Typically, IRI data readings are taken at 0.16 km (0.10 mile) intervals and then are averaged [6]. IRI 

values less than 2.68 m/km (170 inch/mile) are considered acceptable and any IRI value less than 1.50 m/

km (95 inch/mile) indicates good roughness condition of the pavement [7]. For newly constructed or re-

surfaced pavements in UAE, the acceptable ride quality of each completed lane of asphalt wearing surface 

for roads with speed limits greater than or equal to 100kph shall be less than 0.90 m/km. When any 100m 

section of completed road lane exceeds the specified IRI value of 0.90, it shall be considered deficient and 

unacceptable, it shall be rectified by removal, and replacement to meet the specified IRI limits [8].

Another parameter which is usually used to judge pavement roughness is Rolling Straight Edge (RSE) 

value, which is performed using rolling straightedge evaluation for the profiles collected using inertial 

profilers. It determines the vertical deviation between the center of the straightedge and the profile for 

every increment in the profile data.

Specifically for airports’ pavements, Boeing Bump Index (BBI) analysis is used to qualify pavements in the 

airports. The basis of the Boeing Bump analysis method is to construct a virtual straightedge between 

two points on the longitudinal elevation profile of a runway/taxiway and measure the deviation from the 

straightedge to the pavement surface. The procedure reports “bump height” as a maximum deviation 

(positive or negative) from the straightedge to the pavement. Bump length is the shortest distance from 

either end of the straightedge to the location where the bump event is measured. The procedure plots 

bump height and bump length against the acceptance criteria [9].

Boeing Bump Index (BBI) is determined by computing the bump height and bump length for all straightedge 

lengths for all sample points in the profile. For each straightedge length, the limit of acceptable bump 

height is computed for the computed bump length. For each straightedge length, the ratio (measured 

bump height) / (limit of acceptable bump height) is calculated. The BBI for the selected sample point is 

the largest computed ratio (Index) for all computed straight edges for the selected sample point. If the 

computed Boeing Bump Index value is less than 1.0 roughness falls in the acceptable zone, if it is greater 

than 1.0, it falls in the excessive or unacceptable zone [9].

Surface condition evaluation

Pavement condition refers to the condition of the pavement surface in terms of its general appearance.  A 

perfect pavement is leveled and has a continuous and unbroken surface, while a distressed pavement may 

be fractured, distorted, or disintegrated. In order to obtain a useful condition assessment of the pavements, 

unbiased and repeatable survey procedures must be used. To provide for maximum usefulness, the survey 

procedures must be easily understood and relatively simple to perform in the field.

The most common survey technique used in the US and World Wide is the Pavement Condition Index (PCI) 

procedure developed by the US Army Corps of Engineers. The condition of the pavements is determined 

by a field survey of the surface operational condition of all pavements using this procedure. The PCI - 
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a measure of the pavement’s surface operational condition and ride quality on a scale of zero to 100, 

with 100 being excellent - has several unique qualities, which make it a useful visual surveying tool. It 

agrees closely with the collective judgment of experienced pavement engineers and has a high degree of 

repeatability [10, 11]. 

Patted, Vinodkumar, Shivaputra and Poornima [1] in their research developed a maintenance criterion for 

all the road stretches they have evaluated based on the pavement condition index values.

Kutkhuda [12] conducted a comprehensive study for the Municipality of Greater Amman in Jordan, which 

was financed by the World Bank. In the study, a pavement management system (PMS) was developed and 

implemented for Greater Amman. The PMS included a diagnostic stage, which consisted of assessment 

and evaluation of the existing pavement condition. 

The PCI method was standardized and was included in ASTM Standards. The three ASTM Standard 

Procedures are:

ASTM D5340-12 “Standard Test Method for Airport Pavement Condition Index Surveys”.

ASTM D6433-18 “Standard Test Methods for Roads and Parking Lots Pavement Condition Index Surveys”.

ASTM E2840 − 11 (2015) “Standard Test Methods for Pavement Condition Index Surveys for Interlocking 

Concrete Roads and Parking Lots”.

The PCI has several unique qualities which make it a useful visual surveying tool; it agrees closely with the 

collective judgment of experienced pavement engineers and has a high degree of repeatability.  It provides 

a standardized and objective method for rating the structural integrity and operational surface condition 

of pavement section. Furthermore, it is used for determining M&R needs and priorities by comparing the 

condition of different pavement sections, and for determining pavement performance from accumulated 

data.

PCI is a numerical index based on a scale from 0 to 100 with a value of 100 being a pavement in excellent 

condition, whereas a value of 0 represent an impassible pavement. The PCI is determined based on 

quantity, severity level and type of distress. The PCI has been divided into seven condition rating categories 

ranging from “excellent” to “failed”. These categories are useful for developing maintenance policies and 

guidelines.

Prior to conducting the PCI survey, a preliminary field survey is usually carried out to divide the total 

length of the pavements into sections of similar certain consistent characteristics and conditions. These 

characteristics include pavement structure, traffic, construction history, pavement rank, drainage facilities, 

shoulders, and condition.
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These sections are then decomposed into smaller inspection units called “sample units”. A sample unit 

is defined as any easily identified, convenient area of a pavement section which is designed only for the 

purpose of pavement inspection. A sample unit is a conveniently defined portion of a pavement section 

designated only for the purpose of pavement inspection. For asphalt surfaced roads, a sample unit is 

defined as an area 230 ± 90 sq. m. While for asphalt surfaced airfields, each sample unit area is defined as 

460 ± 180 sq. m. While for concrete roads and airfields with joints spaced less than or equal to 7.6m, the 

recommended sample unit size is 20 ± 8 slabs. For slabs with joints spaced greater than 7.6m, imaginary 

joints less than or equal to 7.6m apart and in perfect condition, should be assumed.

Deduct values associated with each distress type, severity and quantity combination are then determined 

and used to compute the final PCI value for each inspection unit. Depending on the final PCI value a 

pavement condition rating which is a verbal description of pavement condition is specified for each 

inspection unit and is also specified for the pavement section as a whole [10].

Safety evaluation

Worldwide, more than 1 million person is killed yearly due to traffic accidents. Although high percentage 

of these accidents is due to drivers errors, but highways have a significant effect on this high percentage 

of traffic accidents. The most important factor in the highways affecting traffic accident rates is the skid 

resistance. Accident rates increase in the rainy season especially after the initial rain showers. One of the 

main reasons for this increase is attributed to the low skid resistance of the highway surfaces. In addition, 

a number of the drivers do not give much attention to the depth of the grooves in their tires treads, and 

their driving habits do not change much during the rain period [13].

Surface friction or skid resistance is considered a safety characteristic of the pavement surface layers. 

Skid resistance is a measure of the resistance of pavement surface to sliding or skidding of the vehicle. 

It is a relationship between the vertical force and the horizontal force developed as a tire slides along the 

pavement surface. Therefore, the texture of the pavement surface and its ability to resist the polishing 

effect of traffic is of prime importance in providing skidding resistance. 

•	Skid resistance is an important pavement evaluation parameter because:

•	Inadequate skid resistance will lead to higher incidences of skid related accidents.

•	Most agencies have an obligation to provide users with a roadway that is ‘‘reasonably’’ safe.

•	Skid resistance measurements can be used to evaluate various types of materials and construction 

practices.

Skid resistance depends on a pavement surface’s microtexture and macrotexture [14]. Microtexture refers 

to the small-scale texture of the pavement aggregate component (which controls contact between the 

tire rubber and the pavement surface); therefore, it is produced from the coarse aggregate. Macrotexture 

refers to the large-scale texture of the pavement as a whole due to the aggregate particle arrangement 

(which controls the escape of water under the tire and hence the loss of skid resistance at high speeds) 

[15].  Therefore, macrotexture is controlled by the shape, size, gap width, layout, and gradation of the 

coarse aggregates [16].



© Copy rights reserved for The Arab Council of Operation and Maintenance

OMAINTEC Journal 
(Journal of Scientific Review)

29

Developing Performance Models

Pavement performance prediction models are essential for a complete pavement management system. 

Condition prediction models are used at both the network and project levels management. At the network 

level, prediction models uses include condition forecasting, budget planning, inspection scheduling, 

and work planning. One of the most important network uses of prediction models is to conduct “what if” 

analysis to study the effects of various budget levels on future pavement conditions [17].

Performance modeling requires historical record of the objective function (performance) variation with 

age (time). If such record is not available, then the alternative method is to use family method. The method 

consists of the following steps [10]:

1. Define the pavement family such as major, collector or service roads.

2. Filter the data for errors or mistakes.

3. Conduct data outlier analysis. Data within X ± 2σ should be included for family model development.

4. Build the family model using regression technique.

Mostaqur Rahman with his coauthors [18] developed pavement performance evaluation models using 

data from primary and interstate highway systems in the state of South Carolina, USA. In their research, 

twenty pavement sections were selected from across the state, and historical pavement performance 

data of those sections were collected. In their developed models, four different performance indicators 

were considered as response variables: Present Serviceability Index (PSI), Pavement Distress Index (PDI), 

Pavement Quality Index (PQI), and International Roughness Index (IRI). Annual Average Daily Traffic (AADT), 

Free Flow Speed (FFS), precipitation, temperature, and soil type were considered as predictor variables. 

Results showed that AADT, FFS, and precipitation have statistically significant effects on PSI and IRI for 

both Jointed Plain Concrete Pavement (JPCP) and Asphalt Concrete (AC) pavements. 

Case Study- Pavement Performance Evaluation of Dubai International Airport

To demonstrate the use of Pavement Performance Evaluation in general and for airports in specific, the 

performed pavement evaluation of Dubai International Airport in the period 2016 – 2017 by Arab Center for 

Engineering Studies (ACES) is explained in this paper. For the confidentiality of the obtained tests results, 

only performed evaluation tests in Dubai International Airport will be explained in this paper with examples 

of normally obtained results that are from any of the evaluated airports by ACES. 

Structural evaluation

The used Falling Weight Deflectometer in the structural evaluation study was the Super Heavy Falling 

Weight Deflectometer (SH-FWD). It is capable of applying loads to the pavement that stimulate moving 

heavy wheel loads in both magnitude and duration up to 300 kN, Photo 1. The used SH-FWD can be used for 
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deflection measurements on airports, roads and granular surfaces. It is equipped with T-beam extension 

bar for measurements behind and next to loading points on concrete slabs; to evaluate deflection load 

transfer efficiency (LTE) factor from the loaded slab to the unloaded slab for rigid pavement slabs and 

flexible pavement overlaid rigid pavement slabs.

Photo 1: Used SH-FWD in pavement structural evaluation.

The structural evaluation study included both North and South Runways with their Associated Taxiways, 

Taxilinks, Rapid Exits and Holding Bays, in addition to General Service Equipment (GSE) roads. A total of 

2020 FWD test points were selected to conduct the deflection tests. Locations of some of the tested points 

on Google Maps view for Dubai International Airport are shown in Figure 1. Test points on the runways 

were at 6.25m, 2.9m and 1.9 offset distances to the right and left from the center line at 50m and 100m 

spacings. While on the taxiways, taxi-links, rapid exits and holding bays they were at 2.9m and 6.25m 

offset distances to the right and left from the center line at 100m and 200m spacings. On the GSE Roads, 

FWD tests were performed in the center of both traffic lanes at 200m spacing. On the concrete slabs, FWD 

tests were performed on the center, corner and edge of the selected concrete slabs. Edge and corner 

slabs FWD tests were used to calculate the load transfer efficiency (LTE) between the slabs.
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Figure 1: Locations of some of the tested points on Google Maps view of Dubai International Airport.

The measuring cycles at each FWD test point consisted of four drops. One set drop and three measuring 

drops. The set drop was used to adjust the FWD plate position on the pavement surface. The three other 

drops were the measuring drops. The latter drops were compared with each other and with the maximum 

allowable deflection of the FWD geophones, i.e., 2200 micron. If the deflection data looked suspicious, 

or the deflection difference for any sensor was greater than 5% or 5 microns -whichever was smaller- or 

the actual test loads were not within 5% of the target load, the test sequence was repeated at the same 

location or at an adjacent location at the same levels of loads. If the measured results were acceptable, 

then the results were stored and the operator would move to the next measuring point. Testing was not 

conducted near cracks. The used FWD load in evaluating the runway and taxiways was 215 KN, and was 

55 KN for the GSE roads.

RoSy DESIGN for Aircraft Loads software was used to calculate the pavement layers’ moduli and Pavement 

Classification Numbers (PCN) at the different test points. Figure 2 shows a typical output of RoSy DESIGN 

software. Figure 2 includes calculated E moduli values for each pavement layer, layer 1 is the asphalt layer, 

layer 2 is the granular base layer, Layer 3 is the granular subbase layer and layer 4 is the subgrade layer, 

thicknesses of each pavement layer, pavement type and calculated PCN values and Airplane Classification 

Number (ACN) values for the Critical Design Aircraft.  

Figure 2: Obtained typical FWD analysis report. 
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LTE were calculated for both corner and middle of edge of the slab locations and were classified according 

to FAA AC150/5370-11B “Use of Nondestructive Testing in the Evaluation of Airport Pavements” into 

“Acceptable”, “Fair” and “Poor” conditions [19], Figure 3.

 Figure 3: Distribution of the obtained LTE values.

Functional evaluation

Australian Road Research Board (ARRB) laser profiler, Photo 2, was used to obtain roughness of the 

runways, taxiways and rapid exits. The system is a portable data collection roughness measurement 

equipment consisting of a precision laser profiler, combined with a high-resolution camera. The laser 

profiler is a World Bank Class 1 profiler, consisting of two precision laser sensors and accelerometers that 

are used to compensate for vehicle body movement.

Photo 2: Used Laser Profiler in pavement roughness evaluation.

The IRI measurement lines were limited to the central strip of the tested facility (i.e. 2 lines per facility in the 

most favorite direction of traffic, at 6m offsets from each side of the centerline). Roughness data analysis 

was performed by calculating average IRI values for each 25m, 100m and 200m, lengths for each sensor. 

Figure 4 shows Variation of average IRI values for each test path, i.e. 6 m left of the Center line and 6 m 

right of the Center line.
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Figure 4: Variation of average IRI values for each test path.

In addition to IRI calculation, the laser profiler Hawkeye analysis program produced ERD output files for 

each test run. The produced ERD files were analyzed using ProVAL computer program to calculate the 

Rolling Straight Edge (RSE) values for each section.

The RSE simulation in ProVAL simulates RSE measurement from profiles collected using inertial profilers. 

It can determine the vertical deviation between the centre of a straightedge and the profile for every 

increment (2.5cm) in the profile data. For all the collected roughness data, RSE indices were computed 

and scallops were identified.

The default input values that were used in ProVAL software were:

•	 Straightedge Length:							       3.05m (10.0ft).

•	 Deviation Threshold: This is the threshold values to determine out of limit areas	3.00mm (0.118”).

Figure 5 shows the obtained RSE values superimposed on the acceptance criteria for surface evenness 

according to International Standards and Recommended Practices (ICAO) Annex 14 - Aerodromes_V1_

Aerodrome Design and Operations (7th Edition) [20]. 
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Figure 5: Encountered RSE bumps heights and bumps lengths on surveyed taxiways superimposed on 

ICAO roughness criteria.

The produced ERD files from the laser profiler analysis program were analyzed using ProFAA computer 

program to calculate the “Boeing Bump Index” (BBI) for the surveyed taxiways. “ProFAA” is Federal Aviation 

Administration’s computer program for computing pavement elevation profile roughness indices. BBI is 

determined by computing the bump height and bump length for all straightedge lengths for all sample 

points in the profile. For each straightedge length, the limit of acceptable bump height is computed for the 

computed bump length.

For each straightedge length, the ratio (measured bump height) / (limit of acceptable bump height) is 

calculated. The BBI for the selected sample point is the largest computed ratio (Index) for all computed 

straight edges for the selected sample point. The specified Boeing Bump Index limits in FAA AC No: 

150/5380-9 Guidelines, specifies the bump as “Acceptable” if it falls in the “Acceptable Zone”, i.e., if the 

computed BBI value is less than 1.0, while if computed BBI is greater than 1.0, it falls in the “Excessive” or 

“Unacceptable” zones [9]. Figure 6 shows the variation of BBI values along one of the surveyed taxiways.
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Figure 6: Variation of BBI values for both sensors along surveyed taxiway (6m North of Center Line).

Surface condition evaluation

The PCI method was used in evaluating the included pavements of Dubai International Airport, Photo 3. 

ASTM D5340-12 “Standard Test Method for Airport Pavement Condition Index Surveys” was followed in 

evaluating the runways, taxiways, taxilinks and rapid exits. While ASTM D6433-18 “Standard Test Methods 

for Roads and Parking Lots Pavement Condition Index Surveys” was used in evaluating the GSE roads 

surrounding the internal airport facilities. In addition, ASTM E2840 − 11 (2015) “Standard Test Methods for 

Pavement Condition Index Surveys for Interlocking Concrete Roads and Parking Lots” was followed in 

evaluating the interlocking concrete GSE roads.

Photo 3: PCI Evaluation of the GSE roads.
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The first step in the PCI evaluation was dividing the included pavement parts into three networks, Network 

One for the runways, associated parallel taxiways and their taxilinks, Network Two for the associated 

taxiways around concourses with their taxilinks and Network Three for the GSE roads. Selected Networks 

were divided into Branches of readily identifiable parts of the pavement with distinct use. The Branches 

were divided into Sections of same construction history, traffic, pavement rank (or functional classification), 

drainage facilities, shoulders, condition and size. Finally the Sections were divided into Sample Units. 

The Sample Units that were selected for inspection were selected according to the specified sampling 

procedure in each of the corresponding ASTM Method to obtain a statistically adequate estimate (95% 

confidence) of the PCI of the section.

All the selected Sample Units for inspection were inspected and the PCI values of the inspected Sample 

Units with their corresponding Sections were calculated using Paver Version 6.5.7 software, Figure 7.  

Figure 7: Calculated Sample Units and corresponding Sections’ PCI values.

Total distresses quantity tables for each Section were generated and pavement maintenance assignment 

procedure was assigned for each Section according to obtained PCI value for that Section or Subsection, 

Figure 8.
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Figure 8: Pavement maintenance assignment procedure for the surveyed Sections.

Safety evaluation

The operator of any airport with significant jet aircraft traffic should schedule periodic friction evaluations 

of each runway end. Every runway end should be evaluated at least once each year. Depending on the 

volume and type (weight) of traffic on the runway, evaluations will be needed more frequently, with the 

most heavily used runways needing evaluation as often as weekly. According to FAA Advisory Circular 

No: 150/5320-12D [21], all airports with turbojet traffic should own  or have access to Continuous Friction 

Testing Equipment (CFME), not only is it an effective tool for scheduling runway maintenance, it can also be 

used in winter weather to enhance operational safety. Figure 9 shows a sample of a generated variation of 

friction coefficient graph for a runway to categorize its friction coefficients into “Acceptable”, “Maintenance 

Planning” and “Minimum Acceptable Friction Level” zones.

Figure 9: Sample of a generated variation of friction coefficient graph for runway surface.
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