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Abstract

Airport Pavement Condition Index (PCI) is a measure of pavement stability represented by an index ranging from 0 (failed)
to 100 (best). The PCI evaluation procedure includes a series of steps, which are time-consuming and expensive. Therefore,
this study aimed to propose an alternative PCI evaluation procedure that focused on major pavement damage using a grid-
based system. The methods used in the analysis included discussions with expert panels and linear & nonlinear regression
analysis. The results of the deduct value curve showed good statistical performance with an average RMSE of 1.80 and an
average R? value of 0.85. The sample unit size with a grid system of 3x5 m2 produced good accuracy with an average
standard deviation of 7.89 at the study locations of PKY, TJQ, and TKG airports. Additionally, the PCI value decline
model as a function of pavement age produced an estimated PCI decline of 3.23 per year. Grid-based PCI analysis was
further proven to improve the accuracy of PCI values and consequently increased the efficiency of runway condition
investigation time and costs by 27.30% compared to standard methods. Future studies were recommended to integrate this
PCI evaluation procedure with a classification algorithm for airport pavement damage.
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1. Introduction

In 2024, Indonesia records 251 airports spread across the country, with a total domestic air transportation volume of
65.95 million passengers transported through 518,399 aircraft movements. Furthermore, international flights in 2023
account for 9.19 million passengers, with total aircraft departures reaching 178,196 movements (Kemenhub, 2024).
Managing many airports poses a challenge for the country, considering the critical role of air transportation in regional
development and economic growth.

A study in China including a system of 235 airports shows a positive impact on the economic sector and regional
development in cities served significantly by airports. Additionally, the positive impact is felt by the surrounding cities
connected to the airport [1]. Economic and urban development driven by airport construction also influences regional
disparities. In China, airports built in eastern, central, and northern regions reduce disparities in surrounding cities
relative to the national average. In contrast, airports in the western region primarily reduce disparities within the host
city without significantly impacting nearby cities [2]. Another study conducted using a nighttime light intensity method
for 13,038 cities worldwide provided new evidence that airport construction had a good economic impact. This is shown
by a nighttime light increase of up to 10.8% in cities with low initial light intensity and 9.5% in cities gaining new
airports for the first time [3].
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Airport systems can generally be divided into two, namely, the airside and the landside. On the airside, key facilities
include runways, taxiways, and aprons, which are generally constructed using either flexible or rigid pavements. The
function of the runway is crucial because it is the landing and take-off area for aircraft. The condition of the runway
pavement also affects the level of safety during landing and take-off. In runway conditions with damaged pavement in
the form of rutting, standing water often occur when it rains. Aircraft landing on a runway with a water layer thickness
of 8 mm requires 1.6 times longer braking time than a dry runway. The distance needed for an aircraft in these conditions
reaches 5.3 times longer than a dry runway [4]. Standing water on airport runways can also cause hydroplaning
phenomena, reducing wheel grip when landing in the rainy season [5]. Several other studies have shown the importance
of maintaining pavement conditions to improve flight safety. Runway pavement is managed by routine and periodic
maintenance through the airport pavement management system (APMS).

APMS is a very useful method that includes procedures for collecting, analyzing, storing, and reporting data to
support airports in determining the optimum solution with lower costs to maintain pavement assets [6]. This process
includes the collection, evaluation, and prediction of pavement condition data; estimating costs for maintenance
strategies; and identifying optimal maintenance scenarios. At certain stages of APMS implementation, a thorough
investigation of the current pavement conditions can be carried out to evaluate errors caused during the analysis process
[7]. The investigation results are the basis for airport managers to decide pavement maintenance scenarios.

Decision-making on airport runway investment is carried out by considering various criteria, including economic,
technical, environmental, and social. Technical criteria consist of pavement conditions and the integrity of pavement
structures [8]. Airport pavement conditions are generally based on surface condition assessments. However, other
parameters can be considered, such as the level of pavement damage (D%), bearing capacity (N%), roughness (As%),
unevenness (R%), and surface tensile strength (Wod%), which further require field and laboratory testing [9]. Data
collection for pavement condition assessments is also collected by conducting visual observations of airport pavements.
Observations of pavements at airports are limited by window time, specifically at airports with a high number of aircraft
movements.

To address this limitation, several methods are carried out, including conducting observations using vehicles. A
study at Amilcar Cabral International Airport in Sal Island, Cape Verde, showed that vehicle-based observations
produced results consistent with direct visual inspections [10]. Besides vehicles, drone observations of airport pavement
conditions are also examined. This study was conducted at Aardvark Airfield, the United States Air Force Academy
(USAFA) in Colorado Springs. The runway surface condition snapshots are further analyzed using an artificial
intelligence method to predict damage. Predictions of the damage type are input into calculating the pavement condition
index. The method has successfully shown that collecting data with drones and processing using artificial intelligence
has positive results as an alternative to manual pavement condition calculations [11]. These various methods aim to
achieve accurate and reliable assessments of pavement conditions.

Pavement conditions are represented by the PCI, a quantitative measure ranging from 0 (worst condition) to 100
(best condition). The PCI value is determined through a procedure including visual field observations of up to 16 types
of pavement damage, categorized into three levels, namely low, medium, and high. Based on the damage information
collected in the field, a deducted value (DV) is determined as a function of the damage density in a sample area of 450
mz2. Furthermore, the PCI value per sample unit is calculated using the equation PCI = 100 - DV. The overall PCI value
is determined from the average PCI value in the sample unit [12]. The PCI determination process as outlined in ASTM
D5340 is highly dependent on the DV curve, which was originally developed in the United States. Since the runway
characteristics and maintenance scenarios differ between countries, these curves can produce condition assessments that
do not accurately reflect field conditions. Furthermore, the process is costly and time-intensive as it includes analyzing
up to 16 types of damage.

Airport pavement damage begins as soon as pavement is subjected to aircraft traffic. In its early stages, damage
manifests as longitudinal and transverse cracks, weathering, and raveling. Over time, further damage includes block
cracking, potholes, and rutting. Eventually, advanced damage such as alligator cracks and settlements occurs [13]. The
type of crack damage can also occur from the top to the bottom of the pavement surface. Factors that cause this damage
include traffic loads, temperature, asphalt mixture characteristics, and construction factors. Top-to-bottom cracks
typically start as longitudinal cracks, which are followed by additional cracks 0.3—1.0 m apart. Eventually, transverse
cracks connect these longitudinal cracks, forming patterns similar to bottom-to-top cracks [14]. The type of runway
pavement damage is influenced by the thickness, material quality, aircraft load, weather conditions, and maintenance
scenarios applied, all of which inform evaluation of pavement conditions.

Evaluation of airport pavement condition often relies on a deterioration value (DV) method, which uses a relationship
curve between damage density and DV. Maintenance strategies are influenced by airport size and current field
conditions. Standard DV curves frequently produce assessments inconsistent with field observations. Studies in Korea
address this issue by developing DV curves tailored to local maintenance characteristics. Common types of flexible
pavement damage include alligator cracking, block cracking, joint reflection cracking, longitudinal and transverse
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cracking, patching, and rutting. Based on dominant damage types, Korean authors create DV curves through panel
discussions among pavement experts who assess field images of various damages. Statistical analysis of these
assessments yields a DV-density curve, which is then validated against field data. This method leads to pavement
condition values 4.6 points lower than the standard method, proving that expert perception significantly influences DV
curve development and PCI calculation [15]. The study directly proves that expert perceptions influence the shape of
the DV curve in determining the PCI value of airport pavement. Furthermore, the DV curve model determines the PCI
value and greatly influences the airport pavement maintenance management scenario. However, the evaluation method
proposed in the study considers all types of damage but does not consider the ideal sample unit size needed to achieve
a low standard deviation in PCI values. Although identifying all damage types in PCI evaluations provides
comprehensive data, it does not effectively address the cost and time constraints faced in the field today. The use of
standard sample unit sizes often leads to PCI data distributions with high standard deviations, which can impact
maintenance decision-making. Therefore, this study aims to propose a refined PCI evaluation method that focuses
observations on the primary types of runway damage.

The management of airport pavement can generally be grouped into two major parts, namely (1) Network-Level and
(2) Project-Level Management. At the network level, short- to medium-term budgeting needs analysis is carried out to
determine which areas need to be followed up on at the project level. At the project level, decisions are made on the best
maintenance scenario regarding cost where more detailed information is needed [16]. The application of network-level
management to manage many airports is certainly a challenge. In addition to requiring large pavement condition
investigation costs, the application also has the potential to produce inaccurate information due to less detailed data. At
the network level, the process of predicting future conditions also contributes to greater decision-making errors. This
can happen because the estimator only considers the main factors, such as aircraft traffic load. The pavement condition
prediction model should follow airport pavement planning design development.

Airport pavement planning design has evolved from empirical to mechanistic-empirical methods. In the mechanistic-
empirical method, environmental loads are also considered in addition to aircraft traffic load factors. This affects the
paradigm of pavement condition values, which should not be limited to observations of damage due to loads and
environmental factors. Environmental factors produce a fatigue model with a minimum tensile stress value. However,
when combined with aircraft loads, it produces maximum tensile stress. The pavement condition value model is a
function of pavement age and cumulative fatigue [17]. The pavement age variable is the primary predictor of PCI
decline, as it comprises key technical factors such as asphalt aging, accumulated aircraft traffic loads, and environmental
exposure to heat and rain. Various studies have developed PCI decline models based on different airport characteristics,
but these models are not universally applicable across all countries. As a tropical country with two distinct seasons and
high domestic air traffic, Indonesia exhibits a different PCI decline pattern compared to airports in four-season climates.
Using an unsuitable model for PCI prediction can lead to inefficiencies in maintenance costs. To address the
inefficiencies, this study aims to propose a PCI decline trend model tailored for airports in tropical climates.

Based on the review of several publications, pavement condition parameter is a crucial evaluation element in
determining airport maintenance scenarios. However, airport PCI evaluation requires great effort, including time and
cost, necessitating the development of a more efficient evaluation procedure. It is also necessary to adjust the DV curve
model to suit conditions in Indonesia in reducing the potential errors in determining airport pavement conditions. To
reduce the potential for large bias in the PCI value analysis, studying the area of the sample unit that produces better
data distribution is crucial. Therefore, this study proposes an alternative PCI evaluation method that focuses on analyzing
the primary types of damage using a grid-based layout of a specific size. The analysis also examines PCI decline levels
using pavement age as a key predictor to support the development of maintenance scenarios.

This study has various stages, and Section 1 describes the background and objectives of the publication. Section 2
describes other studies relevant to the PCI survey method, pavement damage interpretation, and PCI deterioration
prediction model. Furthermore, Section 3 describes the methods used, including the location, runway damage data
collection techniques, panel rating method, development of deduct value model, and application of airport PCI
evaluation method. Based on this methodology, the analysis and results are discussed in Section 4. The subsequent stage,
including Section 5, presents the conclusions and further analysis that need to be carried out to complement the results.

2. Literature Review

2.1. Airport Pavement Planning

In airport flexible pavement planning, the failure criteria of vertical strain (&,) above the subgrade and horizontal
strain (&) below the asphalt mixture was used. Fatigue failure was calculated as the Cumulative Damage Factor (CDF)
value [18]. The CDF value also predicted the remaining life of pavement [19]. Fatigue failure in airport pavements was
characterized by the appearance of cracks from the bottom of the asphalt mixture and propagating to the surface [20].
Crack damage starting at the pavement surface and spreading downward generally occurred in the wheel path [14].
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2.2. Airport Pavement Maintenance

Although designed for a 20-year lifespan, pavement conditions typically became unsuitable for use without
rehabilitation by the 10th to 15th year [21]. Figure 1 showed the concept of airport pavement preservation, showing that
timely maintenance preserved the functional age of pavement in good condition throughout the planned life. An analysis
of pavement with a PCI value of 80 showed that postponing maintenance by a year potentially increased life cycle costs
by up to 16% [22]. Despite widespread use, maintenance scenarios based on visual surveys of pavement conditions did
not guarantee accurate condition predictions [23]. Airport pavement maintenance methods evolved from basic
techniques to the incorporation of advanced information technology. Furthermore, a study utilizing 356 dataset from 26
airports in China employed data mining techniques to support maintenance decision-making by considering factors such
as budget constraints, allowable delays, anticipated benefits, and safety parameters, resulting in a model with high
predictive accuracy [24].

‘ Original Pavement

Pavement Preservation
(i.e. Surface Treatment)

_ Rehabilitation
Trigger

Optimal Timing
(Rehabilitation Trigger)

Rehabillitation/
Reconstruction
Trigger

Pavement Condition

Age of Pavement

Figure 1. Pavement Preservation Concept [16]

2.3. Pavement Damage Detection

Airport PCI evaluation was preceded by collecting damage data on the runway, where the detection was generally
carried out by visual observation in the field. This procedure had the disadvantage of being subjective, depending on the
knowledge and experience of the field technical team in terms of runway pavement. Damage detection on runway
pavement had also been widely studied by using the development of information technology. Crack photos were
obtained through several methods, namely (1) visible light-based imaging from satellites, surfaces, or microscopes; (2)
laser-based imaging for 3-dimensional analysis; (3) computer tomography (CT) for micro-crack analysis in laboratories;
(4) radar imaging for crack depth measurements; (5) ultrasonic imaging for wave transformations; and (6) infrared
imaging for crack depth assessment [25]. Crack pixels were detected using the adaptive threshold method, achieving
accuracy, recall, and F values of 91.20%, 97.99%, and 94.12%, respectively [26].

Besides the high-resolution photos, drone photography in crack detection has also been studied using the U-Net
architecture. The performance measures included F1, precision, recall, and Intersection over Union (loU). The study
object was the runway of Fitchburg Municipal Airport (FMA) in Massachusetts. The application of the U-Net
architecture to image detection sourced from Crack500 obtained an loU performance of 0.60. Based on this study, the
authors stated that the U-Net architecture was promising in detecting cracks on the runway and could be followed up by
using the results to calculate the PCI value [27].

In another publication, runway crack detection of 3,281 data samples showed that the YOLOv5 algorithm was
superior to other traditional algorithms [28]. The rutting modeling used a machine learning (ML) method with four
different algorithms, namely Support Vector Regression (SVR), Random Forest (RF), Artificial Neural Network (ANN),
Gradient Boosting (GB), and multi-variable linear regression. The GB algorithm produced the best model performance
with an R2 value = 0.92 in predicting rutting depth [29]. The method of pavement damage classification using a
Convolutional Neural Network (CNN) model applied to 2,105 high-definition photos of various dominant damage types
produced fairly reliable results. Furthermore, the true positive rate parameter expressed the reliability of the CNN model.
The true positive rate values obtained were 75.8% for pothole damage, 84.1% for patch damage, 76.3% for markings,
79.4% for longitudinal cracks, and 83.1% for block crack damage [30].

In certain cases, pavement conditions could not be properly predicted using only damage photo processing. This was
because two-dimensional photos described damage conditions with depth attributes, both cracks and rutting. To address
this problem, the minimal patch selection algorithm could be used [31]. Another method that could be used was LiDAR
in addition to using photos in damage detection. Tests showed that pavement damage detection using LiDAR could
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speed up data acquisition process. On certain high-spec equipment, the LiDAR was able to detect small-width cracks
on runways and potholes on highways [32].

Condition and IRI prediction models were analyzed from 8,275 photos containing PCI, IRI, and crack percentage
information with a total data of 24,825. The study showed that the PCI value was highly correlated with the IRI value
with an R2 value of 0.895 [33]. The use of the Automated Road Survey System in the survey of small airport pavement
conditions in India was also carried out using the ASTM D5340 calculation procedure assisted by PAVER and
Geographic Information System (GIS)-based software [34]. A PCI study using drones as a data collection method
showed good prospects in damage detection. The PCI value of the photo processing results using the image processing
method was 56.5 compared to 54.0 when conducted manually [35].

2.4. Prediction of Airport Pavement Conditions

The prediction of PCI values was studied by considering factors influencing the deterioration in PCI values. Table 1
presented several PCI reduction models that were analyzed in previous studies. Most of these models were developed
with pavement age as the primary variable triggering PCI reduction, largely due to the ease of obtaining pavement age
data from APMS reports at airports. Other factors, such as pavement type, climate, pavement thickness, and aircraft
traffic, also influenced PCI reduction. However, accessing this information required greater effort.

Table 1. Variables in PCI value prediction

No. Study (year) PCI prediction variables
1 Suh et al. (2002) [36] Age

Age, pavement type, pavement function, construction and maintenance

2 Yuan & Mooney (2003) [37] history, climate, base layer drainage conditions, and pavement thickness

3 Tarefder & Rahman (2016) [38] Initial PCI
4 Camarena Campos & Flores Age
Gonzales (2018) [39]
5 Saleh et al. (2020) [40] Age
6 Kwak et al. (2021) [41] Age, slab thickness, air temperature
7 Di Mascio et al. (2021) [42] Age, air temperature
8 Ashtiani (2021) [43] Age
9 Ali et al. (2022) [44] IRI

3. Methodology
3.1. Study Location

The study was conducted at 18 airports in Indonesia, spread across Sumatra, Java, and Kalimantan islands. Runway
damage analysis was performed at these locations, representing 40 major airports in the country. In 2019, the total
aircraft movements at the study airports amounted to 381,745, accounting for 34.0% of the national total of 1,123,042
movements. By 2023, these airports recorded 248,821 movements, representing 26.2% of the national total of 1,013,712
movements. The study locations and runway general information are presented in Figure 2 and Table 2, respectively.
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Figure 2. Study Locations at 18 Airports in Indonesia
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Table 2. General Information on Studied Airport Runways

No.  Airport Runway Size (m x m) PCN No. Airport Runway Size (m x m) PCN
1 BTJ 45 x 3.000 88 F/IC/WIT 10 TKG 45x 2,770 63 F/ICIXIT
2 KNO 60 x 3.750 71FBWIT 11 PGK 45 x 2.250 65 F/B/WIT
3 DTB 45 x 2.650 40F/CIXIT 12 TQ 45 x 2.500 46 FICIXIT
4 TNJ 45 x 2.500 61 FIC/IXIT 13 HLP 45 x 3.000 89 F/C/XIT
5 PDG 45 x 3.000 89 F C/XIT 14 BDO 45 x 2.250 50 F/ICIXIT
6 PKU 45 x 2.600 66 F/B/X/T 15 KJIT 60 x 3.000 89 F/ICIXIT
7 BKS 45 x 2.250 51 FIC/IXIT 16 PNK 45 x 2.600 51 FID/XIT
8 DJB 45 x 2.602 65 F/IB/XIT 17 PKY 45 x 2.500 48 FICIWIT
9 PLM 45 x 3.000 80 F/IC/XIT 18 BWX 45 x 2.450 56 F/IC/IXIT

3.2. Study Flowchart

This study was conducted in four stages, including literature review, survey design, data collection & field survey,
as well as analysis and discussion. The literature review included mapping relevant studies related to airport pavement
planning, management, condition evaluation methods, application of artificial condition networks, and PCI deterioration
prediction models. The subsequent step was to conduct survey planning, including selecting a pavement expert panel
and preparing a pavement condition value perception form. The next stage included collecting secondary data and
conducting a field survey. The secondary data collected consisted of (1) the Annual Report on Airport Pavement
Management System, (2) the Annual Report on Aircraft Traffic, and (3) the Airport Pavement Condition Report. Field
surveys were conducted to evaluate the condition of runway pavement, with secondary data collected at 18 airports and
field surveys at 3 airports. Based on the initial analysis of the dominant types, a condition perception survey was
conducted with the expert panel. The expert panel evaluated damage types limited to those statistically identified as
dominant. In the final stage, a deduct value curve model was developed based on the expert panel's perceptions. The
resulting model was tested using PCI calculations, and the analysis results justified developing the PCI evaluation
procedure (see Figure 3).

| Collecting secondary data and field survey | Analysis data and discussion
Ty
( Start _/J
~ Collecting secondary data of: -
1 1 Annufl Report 3‘Airpurl ¥ Development of PCI prediction model
] ] Pavement Management Dominant
Literature Review System (APB_{S} pavement
2. Annual Traffic Report damage
l 3. Report of Pavement —
“ondition 1 PCI .
Design of Survey Condition Index (PCI) Development of deduct value curve model
l Note: 18 airports runway l
Collecting data dan - Application of the model for PCI calculation
survey Runway Pavement Condition Determination of Unit Sample Area
1 Survey (3 airports runway) l
Analysis data and N N
discussion Implementation of pavement maintenance
program
1 Pavement Expert Rating Survey ’—
End - Y
A A End

Figure 3. Study Flowchart

3.3. Survey Method of Runway Pavement Condition

The field pavement condition survey was conducted at three airports, including PKY, TJQ, and TKG. These airports
had runway lengths of 2,500 m, 2,500 m, and 2,770 m, respectively. The selection of these three airports as field survey
locations was based on the criterion of pavement age (>3 years). PKY, TJQ, and TKG airports had runway pavements
aged 4.5 and 7 years, respectively. At that age, airport pavements in Indonesia had generally shown various types of
damage. The selection of these three airports was expected to be fairly representative of other airports with pavement
ages ranging from 1 to 10 years. In contrast to the general evaluation carried out by dividing the sample into a certain
area (e.g., 450 m?), this study did not define a specific sample unit area. The survey was carried out by inspecting the
runway using a vehicle and recording damage types, severity levels, extents, and locations. Damage locations were
marked by determining coordinates based on damage geometry. Figure 4 described the survey method in the study. The
runway was also assumed to lie on a plane with the X-axis representing the length and the Y -axis showing the width.
The survey began at X = 0 and proceeded to the opposite runway end. The type of damage found on pavement
(raveling/weathering, alligator cracking), severity levels (low, medium, high), area (in m2), and location coordinates
were recorded.
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Figure 4. Survey Method of Runway Pavement Damage
3.4. PCI Calculation

PCI was calculated by subtracting the maximum pavement condition (C) from the deduct value which depended on
damage type (T;), severity (S;), and damage density (D;). Equation 1 was used to calculate the PCI while variables i, j,
and p represented the amount, level, and number of damage types considered. F(t, d) served as an adjustment factor
connected to the total deduct value (TDV) (t) and the number of deducts (d).

PCl = C -3 31 a(Ty, S;, Dyp) F(t.d) @

The deduct value was calculated using the curve model generated from analysing the perception of damage
conditions to the expert panel.

3.5. Development of the Deduct Value Curve Model

The deduct value curve, which reduces pavement condition value, was derived using the expert panel perception
method. The flowchart of deriving the deduct value curve model was shown in Figure 5. The input data required in this
analysis were historical information on airport pavement conditions and field data, including the damage type as well as
level and documentation photos of pavement damage. The data showed that the damage type was evaluated according
to the type and level of damage (low, medium, and high) and density within each sample unit. A single sample unit
covered a 450 m2 runway surface area. The next step was to conduct a statistical analysis to obtain a range of density
values by dividing data into five classes. Density classification was also needed to obtain opportunities for both linear
and non-linear models. In each density class, several examples of field photos were determined and further assessed for
condition value (0-100). Furthermore, the deduct value was obtained by subtracting 100 from the condition rating value
of the experts. At the end of the analysis, a curve model regression was carried out by determining the X-axis as the
density and the Y-axis as the deduct value. This was performed for various types of dominant damage based on the
damage level.

Secondary data of
pavement
condition report &
data from field
survey

Assessment of:

(1) Type of pavement damage
by severity (low, medium,
and high)

(2) Damage density

Preparation of damage
—* photograph by type and —
severity

Analysis of density to 5
classes

Pavement Expert rating to

|_,| Developing curve model by
pavement damage using regression technique

Figure 5. Flowchart of the Deduct Value Curve Model Development

Before conducting the regression, data filtering was performed using the Interquartile Range (IQR) method to obtain
a robust model and minimize bias from the expert panel's perception. According to this method, the lower limit was
determined as Q1 - 1.5 * IQR and the upper limit as Q3 + 1.5 * IQR, where IQR = Q3 - Q1. Q1 and Q3 represented the
first and third quartiles of the data, respectively.
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The deduct value curve model was analyzed through regression analysis with density on the X-axis and deduct value
on the Y-axis. Linear, logarithmic, and power patterns were considered for modeling the relationship between deduct
values and damage density.

DV =a+b.D (2)
DV = a+ b.Ln(D) (3)
DV = a.DV? (4)

3.6. Determination of Sample Unit Area

The sample unit area was tested using the PCI analysis in transverse and longitudinal runway directions with various
variations in area size. Figure 6 showed the assumptions of variations in the area and orientation of the sample unit. The
left image showed the sample unit area in the transverse direction of the runway with dimensions (X¢ % ). In the
longitudinal direction of the runway, the sample unit was modeled with an area of (Xig x yig). In the transverse direction,
the sample unit dimensions of 5 m x 45 m (225 m?), 10 m x 45 m (450 m?), and 15 m x 45 m (675 m?) were tested. The
same area variation was treated in the longitudinal direction but with different length and width configurations. The
sample unit sizes tested in this direction included 25 m x 9 m (225 m?), 50 m x 9 m (450 m?), 75 m x 9 m (675 m?), 15
m x 15 m (225 m?), 30 m x 15 m (450 m?), and 45 m x 15 m (675 m?). Each sample unit size and orientation variation
was applied to the PCI calculation at PKY, TJQ, as well as TKG airports, and the results were further analyzed. The
optimal sample unit area was determined as the one with an average PCI value yielding the lowest standard deviation,
below 10 (standard deviation <10).

Y e
N Variation of s?.mplc Variation of sample
units placed in the units placed in the
runway tra.nsversc runway longitudinal
direction direction
i
Y [
T !
E (] L
"
Runway i
. y 11 Yig
width (m) ’ i ¥
(]
(]
v i > X
—f x, : A

=X

Runway length (m)

A 4

Figure 6. Variation of the Sample Unit Area and Orientation on the Runway

3.7. Development of PCI Prediction Model

The PCI deterioration model was developed using data from APMS database for the 18 study airports. The database
contained the history of runway pavement construction and PCI values. Based on these data, the age of pavement at
each airport location was analyzed which was defined as the time from the last overlay to the PCI evaluation date.
Regression analysis was performed on the age and PCI value data for each review year to establish the PCI deterioration
model. Observations from 2019-2023 were also included in the analysis where Figure 7 showed an illustration of
determining pavement age and the corresponding PCI value in developing the PCI prediction model.

PCI
4 PClyear-0
PClyear-t
PClyear-1
~100 |&
\{)\\ PClyear-(t-1)
W—j overlay
Age=1
YA ge=(t-1)
, Year
Year-0 Year-t

Figure 7. Determination of Pavement Age in the PCI Prediction Models Development
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4. Results and Discussion
4.1. Dominant Types of Damage on the Runway

Based on the analysis of runway damage data at 18 airports in 2020, 5,994 damage locations were found. The
dominant types of damage were raveling and weathering (25.84%), patching (18.09%), alligator cracking (13.17%), and
rutting (9.66%). In 2021, the composition of the types of damage found in the field also showed that these four types
still dominated. Figure 8 showed the dominant types of damage on the runway in 2020 and 2021 at the 18 airports.

Raveling & i
weather?ng, Others, 313’ \?vz\;teég?ngj
Others, 1976, 1536, 25.84% 18.26%

990, 25.35%
33.24% <

Rutting, 501,
Patching and 12.83%
Utility Cut
Patching,

1075, 18.09%

y

Alligator _~

Rutting, 574, _/

¥ Patching and

i Cracking -
Alligator g Utility Cut
9.66% Cracking, 486, 12.45% Patching,
783, 13.17% 1215, 31.11%
In 2020 In 2021

Figure 8. Types of Dominant Pavement Damage on the Runway

Raveling & weathering-type damage described the condition of the asphalt mixture exposed to the environment.
High temperatures and rainfall contributed to weathering, leading to the release of aggregate grains. Alligator cracking,
which was a type of fatigue damage, occurred in areas subjected to repeated aircraft loads. In these areas, the tensile
strain beneath the asphalt surface exceeded permissible limits. Rutting, which was a form of permanent deformation,
was developed in the aircraft wheel track areas due to repeated loading. In this condition, the asphalt mixture surpassed
the elastic limit, preventing the pavement from returning to the original shape. Patching, which was classified as a type
of damage, included replacing damaged pavement areas. This was considered a form of damage because the
specifications of the patched areas often differed from and were generally inferior to the surrounding pavement.

Based on evaluation results, development of the deduct value curve focused on the dominant damage types, including
raveling and weathering, patching, alligator cracking, and rutting. These four damage types were prioritized in assessing
airport pavement conditions.

4.2. Damage Density Characteristics

Damage density was a parameter used to assess pavement conditions. Higher damage density corresponded to a
lower pavement condition value. The damage density in each sample unit was calculated by dividing the damaged area
by the total area of the sample unit. An analysis of ravelling and weathering damage data at PKY, TJQ, and TKG airports
produced a density classification summarized in Table 3. The highest observed density reached 70.29%, showing that
damage in a sample unit area of 450 m2 covered 316.3 m2.

Table 3. Damage Level, Density Class, and Field Condition Photos of Raveling & Weathering Damage

) Damage level
Density Class (%)

Low Medium High

1 1.55-9.89

2 9.89-15.89
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Another dominant type of damage was patching, a form of handling damage that occurred on airport pavements.
Density classes could be grouped into five classes with a maximum damage density level reaching 13.96% of the sample
unit area of 450 m2. Table 4 further showed examples of photo documentation of the damage divided according to
density class and level of damage.

3 15.89-2522

4  2522-38.17

5 38.17-70.29

Table 4. Level of Damage, Density Class, and Photos of Field Conditions on Patching Damage

. Damage level
Density Class (%)
Low Medium High
| o ‘ v | = -
| o - -
3 1.32-4.66
4 4.66 —7.11

The alligator cracking damage type exhibited varying conditions, with density values ranging from 0.09% to 25.38%.
This type of damage represented a form of pavement fatigue failure caused by the repeated loading of aircraft wheels.

It originated at the bottom of the asphalt mixture and propagated to the surface. Table 5 presented examples of field
photos showing alligator cracking conditions at different density levels and degrees of severity.

Table 6 shows the runway pavement condition affected by rutting damage. This form of damage occurred when
pavement lost elasticity, typically along the aircraft wheel path. The density values were categorized into five classes,
namely 0.65%-3.73%, 3.73%-5.38%, 5.38%-7.33%, 7.33%-9.17%, and 9.17%-19.18%.
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Table 5. Damage Level, Density Class, and Field Condition Photos of Alligator Cracking Damage

Damage level

Density Class (%)

1 0.09-1.32
2 1.32-2.58
3 2.58 -4.45
4 4.45-7.92

5 7.92-2538

Table 6. Level of Damage, Density Class, and Photos of Field Conditions for Rutting Damage

Damage Level

Medium High

Density Class (%0)

1 0.65-3.73
2 3.73-5.38
3 5.38-7.33
4 7.33-9.17

5 917-19.18
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The described damage characteristics were incorporated into a panel discussion with pavement experts. During the
discussion, the experts provided assessments of pavement condition values (0-100) for pavements exhibiting raveling
& weathering, patching, alligator cracking, and rutting damage. These assessments were subsequently analyzed to
develop a deduct value curve model.

4.3. Development of the Deduct Value Curve Model

Following the previously outlined methodology, the deduct value curve model was developed using the expert panel
perception method. Panel members were selected based on the professional expertise in pavement planning and
maintenance. The expert panel comprised 40 individuals with the following composition namely airport operators
(60.0%), representatives from the Ministry of Public Works and Public Housing (15.0%), consultants (10.0%),
academics (7.5%), officials from the Ministry of Transportation (5.0%), and airport contractors (2.5%). Figure 9 further
showed the composition of the expert panel included in evaluating airport pavement conditions.

Airport

Academics, 3, Contractor, 1,

7.5%

Ministry of
Public Work, 6,
15.0%

Ministry of
Transportation,

2,5.0% Airport Operator,

24, 60.0%

Airport
Consultant, 4,
10.0%

Figure 9. Expert Panel Profile

The expert panel's perception of pavement condition value was based on conditions discussed during the session.
Based on the expert panel category, there were six types of expert panels with different professional backgrounds. This
variation introduced the potential for bias in the perception of pavement conditions. To minimize bias, data filtering was
conducted to eliminate outliers, following the method previously explained. In this study, condition value was assumed
to be the PCI. The deduct value was calculated using the equation: Deduct Value (DV) = 100 - PCI. By using various
combinations of density values (D), pairs of DV and D values were obtained, which were then developed into a
mathematical model to describe the relationship between the two. Table 7 provided a summary of the deduct value curve
model for various types of damage, levels of damage, and the corresponding linear (1), logarithmic (2), and power (3)
models.

The deduct value curve model for ravelling and weathering damage at various severity levels was developed using
the power model, as it further showed the lowest RMSE performance. Additionally, the RMSE values for low, medium,
and high damage levels were 0.87, 1.39, and 0.94, respectively. For patching-type damage, the logaritmic model was
selected for low and medium severity levels, while the power model was chosen for high severity. The R? values of
selected models were 0.88, 0.88, and 0.75 for low, medium, and high severity levels, respectively.

For alligator cracking, the logaritmic model was selected for low, medium, and high damage levels, as it produced
the highest R? values of 0.89, 0.92 and 0.88. For rutting-type damage, the logaritmic model was selected across all
severity levels, as it consistently provided the highest R? values compared to other models. For instance, at low damage
levels, the power model achieved an R? of 0.86, outperforming the power model (R? = 0.83) and the linear model (R? =
0.74).

In addition to the RZ and RMSE, model accuracy was also evaluated based on the confidence interval with a narrower
confidence interval showing greater precision in the estimates. Furthermore, practicality was considered when plotting
the curve to ensure there were no intersections between damage levels, as such intersections could lead to inconsistencies
in the resulting deduct values.

Based on the analysis of damage density characteristics, the study found that each damage type had a different
density range where no sample unit exhibited a density of 100%. The highest density values for the various types of
damage were 70.29%, 13.96%, 25.38%, and 19.18% for ravelling & weathering, patching, alligator cracking, and rutting
damage, respectively. The curve model proposed in this study considered both the R2? performance and flexibility.
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Furthermore, flexibility refers to the model's ability to accommodate damage densities up to 100%. This was done to
prevent the curves from intersecting between those for low, medium, and high levels of damage. Figure 10 showed the
results of the deduct value curve development for the four most common damage types at the study locations.

Table 7. Results of the Deduct Value Curve Model Development

No I-Drgre]eagz Bg\rﬁég; Option Curve Model R?> RMSE Confid?gsc;)l)nterval
1 DViw.L = 0.2571% D + 7.3428 084 207 [13.84 — 15.04]
Low 2 DVrw.L = 5.9778* Ln (D) - 3.6306 089 138 [13.82 - 15.06]
3 DVpw.L = 3.0601% D048 088 087 [13.67 - 15.00]
1 DViw = 0.3871*D + 20.49 087 395 [38.43 - 40.94]
1 \'};"g’a‘i'r:ggn% Medium 2 DVrw-w = 16.6030* Ln (D) - 22.302 092 236 [38.40 — 40.98]
3 DViw.y = 6.3462% D478 090 139 [38.18 — 40.91]
1 DVpw = 0.3732 * D + 48.963 058  6.03 [59.69 — 61.47]
High 2 DViw+ = 10.06 * Ln (D) + 28.584 073 251 [59.58 — 61.58]
3* DVrw. = 32.217* DO19%2 071 105 [59.13 - 61.34]
1 DVpr. = 1.053* D + 3.3541 090 148 [7.65 - 8.75]
Low 2% DVer. = 3.1085* Ln (D) + 5.6304 088 167 [7.65—8.75]
3 DVpr.y = 4.5747% D046% 092 094 [7.57 ~8.70]
1 DVerw = L6475*D + 9.9364 090 220 [17.19 - 18.76]
2 Patching Medium 2 DVer = 7.091* Ln (D) + 9.5797 088 214 [17.45 - 19.10]
3 DVpry = 10.344% DO4012 091 097 [17.24 - 18.83]
1 DVprp = 2.9686 * D + 15.362 086 312 [21.73-23.71]
High 2 DVpry = 4.74 * Ln (D) + 22.543 071 287 [21.83 - 23.62]
3 DViprp = 21.304* DO1974 075 094 [21.57 - 23.20]
1 DVac. = 1.5468* D + 25.271 076 511 [34.04 - 36.60]
Low o DVac. = 8.806* Ln (D) + 23.592 089 372 [33.94 - 36.70]
3 DVac. = 22.812% D028t 087 167 [33.55 - 36.57]
1 DVac = 1.3496*D + 36.004 068 619 [43.41 - 4591]
3 é:ggffr?é Medium o DVac.w = 8.7259% Ln (D) + 33.867 092 1127 [32.90 - 35.80]
3 DVacy = 33.274* D021t 088  10.29 [43.00 - 46.09]
1 DVac = 2.0161 * D + 41.359 086 548 [52.30 - 56.10]
High o DVacs = 11.254 * Ln (D) + 40.945 088 585 [52.27 - 56.13]
3 DV ac. = 40.947* DO2073 091 146 [52.09 - 55.92]
1 DVgr.L = 1.2623* D + 16.099 074 192 [23.11 - 24.00]
Low 2% DVgr. = 6.9434* Ln (D) + 12.018 086 091 [23.08 - 24.03]
3 DVgr.L = 13.441% D03283 083 037 [23.00 - 24.01]
1 DVir = 2.1787*D + 23.436 071 1217 [21.57 - 22.33]
4 Rutting Medium o DVgr = 10.257% Ln (D) + 19.103 088 125 [21.29 - 22.28]
3 DVpry = 20.399% DO3409 083 037 [21.16 - 22.14]
1 DVgry = 1.8639 * D + 37.91 072 283 [46.45 — 47.67]
High 2 DVgry = 10.433 * Ln (D) + 31.625 084 115 [46.40 - 47.72]
3 DV = 33.445% D02263 08 033 [46.33 — 47.69]

* Selected Model.
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Figure 10. Curve Model of the Relationship between Density and Deduct Value

In addition to the deduct value curve model, this study also developed a corrected deduct value (CDV) curve model.
This curve was necessary to adjust for sample units with more than one type of damage. A relationship curve between
the TDV and CDV was proposed using the same method as shown in Figure 11. The curve’s q value showed the number
of damage types in a sample unit with a DV value > 5. For example, at g = 2, it showed that two damage types were
found in the sample unit with a DV value > 5. The curves for g =3 and q = 4 intersect at a TDV value of approximately
50 while the g = 4 and q = 5 curves intersect at a TDV value of around 120. The relationship curve between TDV and
CDV was unique because it could account for sample unit conditions with TDV values as high as 260. This contrasted
with a similar curve based on ASTM D5340 which accommodated a maximum TDV value of 180.

100 H

Corrected Deduct Value

=2 =3  g=4 g5

q=6

0 20 40 60 80 100

120

140

Total Deduct Value

160 180 200 220 240 260

Figure 11. CDV Curve Model

1937



Civil Engineering Journal Vol. 11, No. 05, May, 2025

q:2,CDV = 0,5704.TDV + 7,5768, R2=0.9771 ()
q:3, CDV = 0,55214. TDV + 4,6126, R? = 0,917 (6)
q:4, CDV = 0,4069. TDV + 10,199, R? = 0,9554 @
q:5, CDV = 0,3173. TDV + 21,233, R? = 0,8919 8)
q:6, CDV = 0,1988. TDV + 38,706, R? = 0,8359 )

A previous study by Cho et al. [15] modified the deduct value curve for six dominant types of pavement damage
found in Korea namely alligator cracking, block cracking, joint reflection cracking, longitudinal and transverse cracking,
patching, and rutting. After developing the deduct value curve model, PCI was calculated by replacing the ASTM D5340
standard curve with the modified curve for these six damage types, while other damage types remained unchanged in
the PCI evaluation.

This study differs from the Korean publications in several aspects. Rather than considering six damage types, this
study focused on PCI evaluation based on four main types of damage namely ravelling/weathering, patching, alligator
cracking, and rutting. Another key difference was in the assumption regarding the sample unit area. In this study,
variations in sample unit size were analyzed to determine the optimal size by evaluating the standard deviation of the
resulting PCI data distribution.

4.4. Application of Deduct Value Curve in PCI Evaluation

The deduct value curve model generated from the expert panel's perception was tested and applied to the PCI value
evaluation at PKY, TJQ, and TKG airports. In this trial, damage data distributed across the runway was further analyzed.
Therefore, it was possible to modify the area to 225 m?, 450 m?, and 675 m?. The sample unit area of 450 m? was the
standard applied when referring to ASTM D5340. The purpose of varying the area was to assess the accuracy of the PCI
value based on the standard deviation. The objective of the analysis was to determine the ideal area that would yield the
smallest possible standard deviation. Table 8 shows the summary of the PCI analysis at the three airports.

Table 8. PCI Value Evaluation on the Runway Transverse Direction Sample Unit

PKY Airport
Sample size 5x45 10x45 15%45
N 500 250 167
PClaverage 52.54 51.72 65.73
Std.Dev 18.76 19.05 29.49
TJQ Airport
Sample size 5x45 10x45 15%45
N 500 250 167
PClaverage 50.64 50.02 47.55
Std.Dev 10.70 12.15 14.90
TKG Airport
Sample size 5x45 10x45 15%45
N 556 278 185
PClaverage 48.54 48.22 62.71
Std.Dev 10.99 11.89 24.93

The PCI values shown in Table 8 are the average PCI against the number of existing samples (N). Based on the
results, it was observed that smaller sample unit sizes resulted in smaller standard deviations. For a sample unit size
of 225 m?, the standard deviations obtained were 18.76, 10.70, and 10.99 for PKY, TJQ, and TKG airports,
respectively. In contrast, at the largest sample unit size (675 m2), the standard deviation values at the three airports
were 29.49, 14.90, and 24.93, respectively. As the sample unit size increased, the average PCI values became more
dispersed from the mean.

The analysis of the runway longitudinal direction also showed a similar trend to that of the runway transverse
direction, where smaller sample sizes produced lower standard deviations. However, in general, for the same area,
the standard deviation of the sample unit placed in the runway longitudinal direction had a larger value. For example,
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at PKY airport, a sample unit of dimensions (25x9) mz2 in the transverse direction had a standard deviation of 26.85,
which was higher than the 18.76 standard deviation in the sample with dimensions (5x45) m2 in the longitudinal
direction. Table 9 summarizes the PCI value evaluation when the sample unit was placed in the runway longitudinal
direction.

Table 9. Evaluation of PCI Values on Runway Longitudinal Direction Sample Units

PKY Airport

Sample size (mxm) 25x9  50x9  75x9  15x15 30x15 45x15

N 500 250 167 500 250 167
PClaverage 70.61 6840 6518 7049 68.09 47.11
Std.Dev 2685 27.74 2919 2764 29.09 19.33

TJQ Airport

Sample size(mxm) 25x9 50x9 75x9 15x15 30x15 45x15

N 500 250 167 500 250 167
PClaverage 7348 7236 7128 69.22 66.72 49.24
Std.Dev 2455 2457 2523 2642 2796 29.27

TKG Airport

Sample size(mxm) 25x9  50x9  75x9  15x15 30x15 45x15

N 556 278 185 556 278 185
PClaverage 69.49 6720 6492 6485 6285 4582
Std.Dev 22.68 23.87 2425 2240 2296 13.02

Based on the calculation results, the smallest sample size (225 m2) was found not to produce the expected standard
deviation value (<10). A high standard deviation led to biased decision-making because with a high standard
deviation, there was a possibility of a shift in pavement condition criteria. Consequently, pavement condition could
have been addressed too late or even earlier than necessary, which would impact the overall maintenance life cycle
costs. After going through a trial process with various sizes, a sample size was identified that allowed for an accurate
PCI evaluation with a standard deviation value < 10. This was achieved with a sample unit dimension of 3m x 5 m
(15 m?). Figure 12 showed the layout concept and dimensions of the sample unit used in the PCI evaluation at airport.
Applying sample unit dimensions of these sizes led to an average PCI value with a low standard deviation. Trials
conducted at PKY, TJQ, and TKG airports yielded PCI values with standard deviations of 9.43, 6.14, and 8.09,
respectively (see Table 10).
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Figure 12. Concept of the proposed PCI evaluation layout
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Table 10. Statistical Performance of PCI Evaluation with Sample Unit Layout (3 x 5) m?

Airport
PKY TJQ TKG
N 7500 7500 8340
PCllaverage 78.14 80.75 76.83
Std. Dev 9.43 6.14 8.09

Various publications showed that combining the deduct value curve from this study with the proposed sample unit
size resulted in PCI evaluations with low standard deviation values (ranging from 6.14 to 9.43). This was significantly
lower compared to other sample unit sizes. For instance, in the transverse direction of the runway, a sample unit size of
450 m? produced standard deviations of 19.05, 12.15, and 11.89 at PKY, TJQ, and TKG airports, respectively (see Table
8).

Based on the distribution data of damage types as shown in Figure 8, the PCI evaluation method focusing on the
four dominant damage types had the potential to reduce field survey time by up to 27.30%. Consequently, this proposed
method effectively reduced both survey time and costs while maintaining the accuracy of PCI values.

4.5. PCI Deterioration Model

Based on the proposed method, airport PCI deterioration curve was estimated as shown in Figure 13. The
deterioration curve was relatively flat, decreasing by 3.23 points per year. The PCI value decrease was similar to the
study conducted by previous publication [42] with a decrease per year of 3 to 4 points. This flat deterioration was
attributed to the runway pavement condition, which was consistently well-maintained. Additionally, the airport PCI
evaluation was conducted across the entire pavement surface. In the aircraft wheel path area which extends from the
runway centerline to the right and left within the lateral wander area, the PCI value was found to be 23.8% to 49.7%
lower [45]. The PCI deterioration model was quite reliable (R?2 = 0.731) when applied to pavements aged between 0-10
years, considering the distribution of airport sample data in Indonesia where runways had generally undergone overlays
within the past 10 years. It was predicted that the curve would be steepen for pavements older than 10 years as the
asphalt mixture would begin to age, weakening the aggregate binding power. Equation 6 showed the mathematical
equation of the PCI deterioration curve.

PCI = 100 — 1.298.Age — 0.0207. Age?, R?=0.731 (10)

80 A

PCI

75 1

60 -

55 T
0 2 4 6 8 10 12 14 16 18 20

Pavement age (years)

Figure 13. PCI Prediction Curve as a Function of Pavement Age

The PCI prediction curve could be considered for runway pavement maintenance scenarios. However, this curve
could be supplemented with further studies, particularly for runways that were not well-maintained or were poorly
maintained. In such conditions, PCI deterioration was predicted to occur at a faster rate.

The reduction in PCI value as a function of pavement age could be developed more comprehensively by
incorporating variables such as load repetition, pavement structure, and air temperature. These three variables, along
with pavement age, were expected to produce a more realistic model that could be applied more broadly to various
airport locations.
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5. Conclusions

In conclusion, this study successfully obtained a deduct value curve model to modify the existing deduct value curve.
The model was considered more appropriate for application in Indonesia as it was derived from the perceptions of
pavement experts included in airport planning in the country. By evaluating the sample unit's area, it was determined
that both the area and orientation of the sample unit affected the final average PCI value at airports studied. The following
conclusions were drawn from this study.

e The most common types of damage found at the study site were ravelling & weathering, patching, alligator
cracking, and rutting. These four types were used as predictors of PCI values, producing good PCI predictions. It
also saves time and reduces the cost of field investigations when compared to the ASTM D5340 procedure, which
considers up to 16 types of pavement damage.

e The deduct value curve model for the damage types ravelling & weathering, patching, alligator cracking, and
rutting was successfully developed with good performance. The distribution of expert panel perception data
resulted in a model with a high R2 value for both linear, logarithmic, and power regression models.

e PCl evaluation of airport runway with a standard sample unit area of 450 m? led to a PCI standard deviation value
of > 10 at the studied airport. At a sample unit area of 225 m?, a better standard deviation value was obtained, but
it remained relatively high (> 10).

e The concept with a sample unit area of 15 m? (3 m x 5 m) proved to provide good statistical performance, with
standard deviation values of 6.14 (TJQ), 8.09 (TKG), and 9.43 (PKY). The low standard deviation showed that
the distribution of PCI data was close to the average value. Therefore, runway maintenance scheme decision-
making could be better planned.

e The PCI model predicted as a function of pavement age led to an estimated decline of 3.23 per year across the 18
airports studied.

e The PCI evaluation method, which focused on four dominant types of damage (raveling/weathering, patching,
alligator cracking, and rutting), had the potential to reduce field investigation time and costs by up to 27.30% based
on the assumed distribution of damage types at the study locations.

Aside from the results achieved, this study needs further improvement, particularly by implementing artificial
intelligence technology in evaluating PCI values. This technology was expected to reduce subjectivity in damage
classification, save time and costs, increase accuracy, and ensure sustainable runway pavement management.
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