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Abstract 

The majority of runways are constructed using flexible pavement surfaced with Hot Mix Asphalt (HMA). The performance 

of these materials is significantly influenced by temperature due to their viscoelastic nature. Understanding the maximum 

temperature profile in the HMA layer is essential for evaluating pavement load-bearing capacity and durability. Therefore, 

this study aimed to present a robust model for predicting maximum pavement temperature distributions based on direct 

measurements from 13 strategically selected airports in the tropical region of Indonesia. Data was collected using the Airside 

Pavement Sensing System (AirPaSS), a monitoring device that integrated solar-powered energy management, automated 

data transmission, and multi-depth thermocouple sensors, providing real-time and accurate temperature measurements. By 

using hierarchical clustering, airports were categorized into three clusters based on air temperature, pavement temperature, 

and elevation, enabling precise and cluster-specific material design. The result showed that the predictive model 

incorporating linear and logarithmic regression achieved high accuracy, with Root Mean Squared Error (RMSE) values 

ranging from 0.91°C to 2.01°C and Adjusted R² values between 0.76-0.91. This model offered a practical solution for 

predicting HMA layer temperature at any depth. The results provided valuable information for performance-based grading 

systems with significant implications for improving infrastructure resilience in tropical and similar climatic regions. 
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1. Introduction 

The service life of flexible pavement surfaced with Hot Mix Asphalt (HMA) is susceptible to gradual degradation 

because of the interplay between traffic loads and constant direct exposure to environmental loads [1]. The strength of 

HMA as a viscoelastic material is greatly influenced by moisture and temperature variations. Moisture and temperature 

significantly affect pavement structure performance, with long-term effects observed on the response to loads. 

According to Sulejmani et al. [2], experiments have shown that temperature and humidity substantially contribute to 

strains in HMA mixtures. Temperature is the dominant factor determining the performance of the HMA mixture [3-6], 

with the stress-distributing ability decreasing significantly as temperature rises. Therefore, predicting temperature 

distribution in HMA layers is essential to understand flexible pavement strength characteristics. 

Despite the distinct climate conditions of tropical regions, comprehensive studies on pavement temperature 

characteristics are very limited. Flexible pavements in tropical regions are more susceptible to rutting, as shown by the 

visual assessments by Wibowo et al. [7]. This shows the need for a comprehensive study to predict temperature 

distribution characteristics of HMA in tropical regions. The pavement temperature prediction model is applied in the 

design and evaluation, aging assessment, as well as asphalt grading selection using the Performance Grading (PG) 

system during mix design [8]. 
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During the design and evaluation of flexible pavement, most guidelines depend on a single design temperature. For 
example, in tropical countries such as Indonesia, design guidelines typically specify a weighted mean annual pavement 
temperature (WMAPT) of 38°C for mountainous areas and 41°C for coastal regions [9]. However, using a single value 

for design temperature can introduce errors due to inaccurate indication of local temperature variations. A more reliable 
method will include using a robust temperature prediction model capable of providing accurate and site-specific 
pavement temperature for design purposes. Regarding PG binder grading selection, prediction models aided in providing 
the required information on the representative high (PG 58 to 82) and low (PG -10 to -40) ranges of temperature. For 
grading selection, prediction of low temperature is also useful for cold regions, where a pavement temperature prediction 
model is used to develop strategies to prevent icing [10]. 

Based on the background, this study aimed to propose an asphalt pavement maximum temperature prediction model 
using comprehensive direct field measurement of airports in the tropical region of Indonesia. This country is currently 

operating approximately 301 airports, and all runways are constructed using flexible pavement surfaced with HMA 
mixtures [11]. In tropical regions, there is no urgent need for a minimum temperature prediction model since pavement 
temperature is not below 0°C. Initially, this study started with the importance of a pavement temperature prediction 
model for construction purposes, followed by a comprehensive review and discussion of previous related investigations, 
identifying key gaps in the field. The method used was fully discussed, including the process for selecting data reading 
locations. Subsequently, an in-depth explanation of the Airside Pavement Sensing System (AirPaSS) was provided, 

emphasizing reliability and accuracy. The model development process was also carried out, discussing the selection of 
parameters and clustering of pavement temperature data across the Indonesian tropical archipelago. Finally, this study 
provided insights into model performance by comparing predicted and recorded data. 

2. Review of Pavement Temperature Prediction Model 

Several studies have been conducted to predict pavement temperature, with models developed based on three main 
methods, namely numerical or Finite Element Models (FEM), theoretical or analytical, as well as statistical and 
probabilities [12, 13]. Numerical methods are less user-friendly due to the need for proficiency in formulating FEM and 
exercising sound judgment to ensure solution convergence [13, 14]. Analytical methods focus on temperature prediction 
for multilayer asphalt pavement, encountering complexity in deriving a closed-form solution [13, 15, 16]. Ayasrah et al. 

[17] proposed an analytical model to predict the surface temperature of flexible pavements, accounting for 
environmental factors, such as air temperature and solar flux, especially in arid regions. This model helps assess 
temperature variations, which are essential for understanding and modeling thermal cracking in pavements. The latest 
development starts implementing artificial intelligence in the development of HMA temperature prediction models [18, 
19]. Among all methods, statistical analysis was the most used and developed despite requiring a large number of 
datasets [13]. Several models have been statistically developed using local climate data from various regions globally, 

including the United States [20], China [21], Oman [22], Yemen [23], Saudi Arabia [24], Iran [25], Libya [26], 
India [27], Indonesia [28], and Ghana [29]. 

The previous model developed for tropical climates in Indonesia [28] was practical and straightforward, but the 
applicability was confined to certain depths. This development was based on 10-day data obtained during the dry season 
at intervals of 30 minutes, excluding model coverage during the wet season. Additionally, the model had not been 
validated for use in other locations. Another model was developed for the tropical region in Ghana [29] based on 
temperature observation at two locations, which was recorded at the surface and mid-depth of HMA. Although accurate 
results were obtained, further studies were recommended to improve the proposed models, including data collected at 

additional locations and over a longer duration. 

The most recent pavement temperature prediction model for the tropical region of Indonesia has been introduced by 

Herry et al. [30]. This model was developed using direct temperature measurements from pavement at Komodo 
International Airport and validated for application in another region. Based on Herry et al. [30], the model showed the 
next step in advancing pavement temperature prediction in Indonesia. Therefore, this study introduced a new model, 
developed using a more extensive dataset of direct pavement temperature measurements from 13 airports, strategically 
selected to represent the diverse geographical and climatic conditions across the Indonesian tropical region. By 
expanding the scope of data collection, analysis was conducted to enhance the model’s robustness and applicability, 

providing a more comprehensive tool for pavement temperature prediction in tropical regions. 

3. Problem Statement and Objectives 

The performance of flexible pavement is significantly influenced by temperature variations, which affect the stiffness 
of asphalt mixtures and alter the stress distribution in pavement structure. At high temperatures, asphalt stiffness 
decreases, increasing the risk of permanent deformation, such as rutting, and causing excessive stress transfer to 
underlying layers, leading to structural distortions. Conversely, asphalt mixtures at low temperatures are brittle, showing 
susceptibility to thermal cracking. These temperature-induced characteristics underscore the need for accurate 

temperature prediction models focused on specific climatic conditions, ensuring optimal pavement performance. 

A comprehensive understanding of temperature characteristics and their distribution across asphalt layer cross-
section, as observed in the field, is essential for designing effective pavements. Identifying the maximum and minimum 
pavement temperatures is also important, as accurate temperature profiles inform the selection of suitable materials and 
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provide insights into potential damage mechanisms. This knowledge forms the foundation for developing efficient repair 
strategies and ensuring the long-term durability as well as performance of pavement systems. 

Existing pavement temperature prediction models are often developed based on localized data, limiting their 

applicability. In Indonesia, available models are overly simplistic and have not been validated for diverse climatic 
regions or conditions beyond the data used in their development. In the aviation sector, many airports still depend on 
penetration-system specifications, which are less effective in addressing temperature variability compared to PG 
systems. Therefore, a comprehensive understanding of temperature effects is essential for the broader adoption of 
performance-based specifications, improving the resilience of airport pavements under Indonesia's unique climatic 
conditions. 

This study aimed to establish a comprehensive framework for predicting pavement temperature distribution across 
Indonesian airports by clustering into several distinct groups based on climatic and geographical conditions. Leveraging 
a novel real-time monitoring device equipped with advanced thermocouple sensors, solar-powered energy management, 
and automated data transmission, this study enhanced dataset reliability and provided deeper insights into thermal 
behavior across various pavement layers. Subsequently, an analysis was carried out to develop and validate a predictive 
model for maximum pavement temperature at various depths of asphalt mix pavements at airports to achieve high 

accuracy and reliability. By integrating the temperature prediction model with airport cluster classifications, the results 
provided supporting data to the optimization of pavement design, ensuring enhanced performance and durability under 
diverse environmental conditions. 

4. Research Methodology 

This study focused on the systematic collection of pavement temperature data from airports located across 
Indonesia's main islands, capturing diverse climatic and geographical conditions. Temperature readings were recorded 
over 300–500 days at 15-minute intervals to obtain a robust dataset for analysis. This comprehensive dataset was used 

to identify pavement temperature clusters, forming the basis for developing classifications of specific environmental 
conditions, with the method shown in Figure 1. 

 

Figure 1. Flowchart of the research methodology 

5. Selection of Candidate Airport for Pavement Temperature Monitoring 

This study was carried out at carefully selected airports across Indonesia's major islands, comprising diverse 
geographical and climatic conditions, including Sumatra, Java, Kalimantan, Bali, Nusa Tenggara, Maluku Islands, 

Sulawesi, and Papua, as shown in Figure 2. Elevation was a key consideration in site selection due to its influence on 
ambient temperature and effect on pavement temperature distribution. Each airport featured distinct pavement 
characteristics, with asphalt layer thickness varying based on the types of aircraft served. Airports handling narrow-body 
aircraft such as Boeing 737 and Airbus A320 typically had asphalt layers of 15 cm thick, while those serving wide-body 
aircraft, including Boeing 777 and Airbus A330, required thicker layers of 16-20 cm. These thickness differences 
affected temperature distribution in pavement layers, serving as an essential focus of the study. Temperature sensors 

were installed at multiple depths, from the surface to the binder layers, to provide a comprehensive mapping of pavement 
temperature distribution. The location of selected airports and their elevations are presented in Figure 3. The selected 
airports are across major islands in Indonesia, including Sumatra, Java, Kalimantan, Bali, Nusa Tenggara, Maluku 
Islands, Sulawesi, and Papua. This selection ensured geographical diversity, covering regions with varying elevations 
and climatic conditions, such as coastal lowlands and high-altitude mountainous areas. 
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Figure 2. Airport elevation distribution in Indonesia 

 

Figure 3. Map of selected airports for pavement temperature observations 
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6. Airside Pavement Sensing System (AirPaSS) 

6.1. AirPaSS Design 

Pavement temperature profile was measured using AirPaSS, a device specifically designed for monitoring in airport 
airside areas. Compared to previous studies [28, 29], which depended on limited datasets, this study used real-time data 
streams to enhance the accuracy and reliability of temperature monitoring. This method allowed for continuous updates 

to the predictive model, capturing temporal variations in environmental and operational conditions that could be 
overlooked by previous models. Moreover, the integration of AirPaSS enables more precise calibration and validation 
of predictive models, accounting for extreme temperature variations and high thermal loads characteristic of tropical 
climates. By combining real-time data integration with predictive modeling, it connects the gap between theoretical 
studies and operational needs, providing a scalable solution for enhancing pavement performance and lifespan in tropical 
regions. The physical design features comprising a panel box equipped with a solar panel on top are shown in Figure 4. 

Figure 5 shows the example of the AirPaSS installation at one of the airports. The design ensures optimal functionality 
for monitoring pavement temperatures at airports. The device integrates various components to accurately collect, 
process, and report temperature data. Since AirPaSS is used in active airside areas, it adheres to several critical criteria: 

 Frangible Design - The device is designed to break into fragments upon impact by vehicles or aircraft, minimizing 
risks to flight operations. 

 Self-Powered - The device operates independently, utilizing its own power source, as it is installed in airside areas 
without access to external electrical cables. 

 Real-Time Data Transmission - Due to the continuous nature of airport operations, the device eliminates the 
need for manual data retrieval by autonomously transmitting data to a server system in real-time. 

 

Figure 4. AirPaSS isometric design 

 

Figure 5. (a) AirPaSS installation spot at Komodo International Airport (LBJ), (b) device setting, (c) sensor placement, (d) 

installed device 
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The AirPaSS device comprises various integrated components designed to meet operational criteria in active airside 

areas. It features thermocouple sensors embedded at different pavement depths to measure temperatures in a range of 0-

400°C, connected to a mainboard for data processing and Wi-Fi-based communication. A GSM modem with LTE 

capability ensures real-time data transmission, while a solar panel powers the system, supported by a rechargeable 

Valve-Regulated Lead Acid (VRLA) battery. Additional features include a rain detection module, which classifies 

weather conditions, and an air temperature sensor (DHT21) for ambient monitoring. The device is designed for 

durability, self-sufficiency, and reliable performance in remote, high-demand airport environments. 

6.2. AirPaSS Workflow 

The AirPaSS system is designed to provide accurate real-time pavement temperature data through an automated 

workflow, as shown in Figure 6. Thermocouple sensors embedded at various pavement depths detect temperature, which 

is converted from analog to digital signals by the IC MAX6675 and processed through a microcontroller. Temperature 

readings are stored in temporary memory every second, which are processed and transmitted through a microcontroller 

to a server using an integrated communication system. The server stores the data in a structured database every 15 

minutes to allow accessibility for analysis and visualization through a web-based dashboard. Users can monitor 

temperature trends, changes, or critical conditions effortlessly. This workflow operates on a scheduled loop, ensuring 

data is consistently updated. Additionally, the system uses smart energy management, powered by solar panels and 

rechargeable batteries, ensuring uninterrupted operation. 

 

Figure 6. AirPaSS workflow 

6.3. Data Storage and Presentation 

AirPaSS uses a MySQL database to store data, structured into tables with columns such as ID, date, temperature, 

weather, and battery status. On the server side, PHP facilitates interactions with the MySQL database, enabling data 

storage and retrieval. The microcontroller transmits temperature data to the server through a predefined communication 

protocol, which PHP processes and stores in the database, including details such as date, temperature, weather 

conditions, and battery level ("2023-11-23 08:30:00, 28.5°C, Sunny, 80%"). The web dashboard, developed using PHP, 

provides a dynamic and responsive interface. Furthermore, it retrieves data from the MySQL database to show structured 

information and graphical temperature trends over time. Features include selecting specific date ranges for viewing 

temperature and weather data, a search function for finding specific records, and user authentication to restrict access to 

authorized users. PHP also processes battery level data to visually represent its status on the dashboard. Responsive 

design ensures compatibility across devices, including desktops and mobile devices, offering an intuitive user interface. 

Through the integration of PHP and MySQL, the AirPaSS dashboard delivers a secure, user-friendly platform for data 

analysis, enabling better decision-making based on accurate temperature, weather, and battery condition data. 

6.4. Calibration for AirPaSS Quality Control 

Thermocouple calibration in the AirPaSS microcontroller is conducted by comparing the readings with those of a 

mercury thermometer, considered a standard due to high accuracy. Both devices are placed in the same environment to 

ensure identical exposure to temperature. Subsequently, temperature readings from the thermocouple and the mercury 

thermometer are recorded simultaneously. These differences (deviations) are analyzed to understand the thermocouple’s 

response and deviation patterns. 

Based on the analysis, a mathematical equation representing the correction required for accurate thermocouple 

readings is derived (Figure 7). The calibration equation is integrated into the microcontroller program to adjust 

thermocouple readings automatically. The process passes through validation, comparing the corrected thermocouple 

readings against the mercury thermometer’s measurements to ensure accuracy. This causes improvement in the 

reliability of temperature data collected by AirPaSS, providing a solid foundation for monitoring pavement temperatures 

at airports. 
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Figure 7. Calibration graph of thermocouple-thermometer reading 

6.5. Temperature Data Processing 

Temperature data collected by the sensors is processed by an onboard microcontroller and transmitted to a server 

using a portable Wi-Fi connection integrated in the data logging device. The system ensures continuous data processing, 

with temperature readings automatically sent to the server. Users can conveniently access and analyze the stored data 

through a dynamic, web-based dashboard, enabling real-time monitoring and visualization of temperature trends (see 

Figures 8 and 9). 

 

Figure 8. Data processing flow 

 

Figure 9. Example of web-based temperature data display 
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The dashboard provides a comprehensive interface, visualizing temperature trends while showing the data logger's 
battery status to ensure uninterrupted device operation during data collection. All data is securely stored in a database, 
accessible only to authorized users, with regular backups implemented to safeguard against data loss. Users can export 

data in CSV format for advanced analysis and integration with other tools. To uphold data integrity, raw data are 
subjected to rigorous analysis for potential technical errors, such as sensor malfunctions or recording inaccuracies. 
Outliers, which are data points significantly deviating from expected trends, are flagged for further investigation. When 
the data is determined to be an error caused by technical issues, outliers are either excluded or corrected to preserve the 
accuracy of the analysis. By combining real-time data processing, secure storage, and proactive error management, the 
AirPaSS system delivers reliable and high-quality temperature monitoring essential for pavement analysis and decision-

making. 

6.6. AirPaSS Long Term Reliability 

Long-term reliability of AirPaSS is significantly enhanced through the integration of ESP32 microcontrollers and 

VRLA batteries. The combination of the two technologies offers a reliable, energy-efficient solution for Internet of 
Things (IoT) systems, enhancing performance and ensuring operational continuity in diverse environments. ESP32 is 
known for flexibility, energy efficiency, and wireless connectivity, serving as a suitable option for applications in 
environmental monitoring and automation [31, 32]. The power management features, such as sleep modes, further 
reduce energy consumption. In sensor-based systems, including AirPaSS, ESP32 efficiently manages data collection 
and transmission, ensuring long-term operation. Christopher et al. [33] showed the versatility of integrating ESP32 with 

sensors such as DHT11 for real-time control in smart systems. 

VRLA batteries serve as dependable backup power for IoT devices, although there is potential degradation due to 
lead sulfate crystal build-up [34]. This issue can be reduced by Pulse Width Modulation (PWM) charging technology, 
thereby extending battery life, with predictive methods detecting potential failures early [35]. Combining solar panels 
with VRLA batteries in systems such as AirPaSS ensures autonomous operation, optimizing energy flow through 
ESP32. This integration improves system reliability and efficiency in remote or harsh environments. Additionally, 

proper temperature and voltage control [36] further extends battery life, ensuring consistent performance in challenging 
conditions. In terms of sensors, AirPaSS sensors use Type K thermocouples, known for their long-term reliability and 
accuracy. Type K thermocouples are widely used for temperature measurements of approximately 1260°C (2300°F), 
showing suitability for extreme conditions. Compared to other types of thermocouples, Type K offers a longer lifespan 
due to its better resistance against rapid oxidation at higher temperatures. 

7. Selection of Parameters Influencing Maximum Temperatures 

Pavement temperature distribution is influenced by a complex interplay of environmental factors, including air 

temperature, solar radiation, atmospheric heat transfer, long-wave radiation, cloud cover, relative humidity, wind speed, 
and rainfall intensity [13]. Among these factors, cloud cover, humidity, wind, and rainfall have indirect effects on 
pavement temperature by modulating air temperature and solar radiation, which are the primary determinants of thermal 
behavior in pavement systems (Figure 10). 

 

Figure 10. Environmental factors to pavement temperatures [12] 
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Atmospheric heat transfer and long-wave radiation are challenging to monitor directly due to their significant 
dependence on air temperature, which serves as a reliable proxy for environmental factors [12]. Additionally, studies 
have shown the significant influence of elevation on solar radiation and air temperature [37]. At higher elevations, solar 

radiation increases proportionally due to the thinner atmospheric layer that reduces scattering and absorption. Despite 
the higher solar radiation, air temperature decreases with elevation because of the adiabatic cooling effect, where the air 
cools as it expands in lower-pressure environments. This inverse relationship suggests that elevation can effectively 
substitute solar radiation as a factor in modeling pavement temperature. Therefore, by incorporating air temperature and 
elevation as independent environmental variables inside the developed predictive model, there is a possibility to capture 
the key drivers of pavement temperature distribution while simplifying data requirements. These substitutions enhance 

the practical application of models and improve the accuracy of temperature distribution predictions in pavement 
systems. 

8. Effect of Air Temperature on Pavement Temperature Distribution 

Air temperature is the most dominant environmental variable influencing the temperature distribution in asphalt 
pavement layers. Lukanen et al. [5] and Huang [38] showed that air temperature significantly affects the stiffness of 
asphalt mixtures, influencing the structural performance of pavements. This study examines how daily air temperature 
variations influence temperatures at various pavement depths across 13 airports. RDO Asphalt 09/24 [39] provides an 

important theoretical foundation for understanding how air temperature affects the temperature distribution within 
pavements. Based on the logarithmic regression model developed, the temperature decrease at pavement depth follows 
a distinct pattern, represented by the following equation: 

𝑇𝑝𝑎𝑣,𝑑 = 𝑏 ln(0.01𝑑 + 1) + 𝑇𝑠𝑢𝑟𝑓  (1) 

where 𝑏 is empirical coefficient factor related to surface temperature, 𝑑 is pavement depth, in mm, and 𝑇𝑠𝑢𝑟𝑓  is surface 
temperature of the pavement, in °C (Table 1). 

Table 1. Value of coefficient 𝒃 

Surface Temperature, oC <-10 <-5 < 0 < 5 < 10 < 15 < 20 < 25 < 30 < 35 < 40 < 45 >45 

Value of b 6.5 4.5 2.5 0.7 0.1 0.3 0.4 -1.6 -4.0 -6.2 -8.5 -10.5 -12.0 

The formula describes a logarithmic decline in temperature with increasing pavement depth, which stabilizes at 

greater depth. This phenomenon is attributed to slower thermal conduction in the lower pavement layers, which are more 

insulated from surface air temperature fluctuations. Observations from the 13 airports support this model, showing 

significant maximum temperature reductions in the surface and shallow layers of pavement (0-5 cm). This temperature 

decrease gradually slows and stabilizes at greater depths. The correlation of asphalt pavement temperature and their 

depth is shown in Figure 11. This indicates that the relationship between maximum pavement temperatures and depth 

follows a natural logarithmic trend. 

 

Figure 11. Correlation of maximum asphalt pavement temperature and depth at Indonesian airports 
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9. Effect of Airport Elevation on Pavement Temperature Distribution 

Airport elevation is a key variable influencing temperature distribution in flexible pavements, particularly in surface 

layers. Based on the analysis shown in Figure 12, the relationship between elevation and the surface temperature of 

asphalt pavements follows a significant logarithmic correlation pattern. This correlation shows a decreasing temperature 

trend with increasing airport elevation, both for maximum and average temperature. 

 

Figure 12. Correlation between asphalt pavement surface temperature and airport elevation 

The logarithmic regression curve for maximum temperatures shows that elevation has a more significant impact on 

the reduction of maximum pavement temperature, with a coefficient of determination (R2) value of 0.5117. Meanwhile, 

the regression curve for average temperatures obtains R2 value of 0.4538. 

Based on the correlation, airports located in low-elevation areas tend to show higher and more fluctuating pavement 

surface temperatures. However, airports at higher elevations show a more stable temperature distribution pattern, with 

lower values. 

10. Clustering of Pavement Temperature for Indonesia 

The development of airports clustering based on temperature distribution is an essential step in this study to 

understand the climatic and environmental characteristics influencing the performance of flexible pavements. This 

clustering is designed to classify airports in Indonesia according to similarities in temperature distribution patterns, 

enabling pavement material planning to be better tailored to the specific environmental conditions of each location. 

Previous studies also attempted to create clustering of pavement temperatures for design purposes as presented by Zeiada 

et al. [23] and Kleizienė et al. [40]. 

To classify airports based on similarities in temperature distribution characteristics, the complete linkage method 

was used in hierarchical cluster analysis. This method was selected to allow grouping of airports based on the distance 

or similarity between data sets, measured using a defined set of determining parameters [40]. Subsequently, the 

maximum distance between datasets for each airport was calculated, enabling more accurate clustering to identify 

airports with similar temperature distribution patterns. In this study, the key parameters used for developing clusters 

include (see Table 2): 

 Average maximum air temperature (T1), 

 Average maximum surface pavement temperature (T2), and 

 Average maximum pavement temperature at a depth of 5 cm (T3). 
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These three parameters were selected due to their direct influence on the temperature distribution in asphalt 

pavements, providing a comprehensive depiction of the interaction between the environment and pavement. In 

determining the similarity of clustering parameters, the Euclidean distance between airports X and Y, with a total of n 

determining parameters, is defined as the sum of the squared differences between the parameters. The formula is 

illustrated as follows: 

𝐸𝑢𝑐𝑙𝑖𝑑𝑒𝑎𝑛 𝐷𝑖𝑠𝑡.(𝑋,𝑌)= √∑ (𝑇𝑖𝑋 − 𝑇𝑖𝑌)
2𝑛

𝑖=1
2

  (2) 

The matrix of Euclidean distances among airports is shown in Table 3. 

Table 2. Temperature data for airports in hierarchical cluster analysis using complete linkage 

ID Airport Name 
IATA 

Code 

Elevation 

(m) 

Average Maximum Air 

Temperature (oC) / (T1) 

Average Maximum Surface 

Pavement Temperature (oC) / (T2) 

Average Maximum 5-cm-depth 

Pavement Temperature (oC) / (T3) 

1 Komodo LBJ 72.54 35.84 62.37 53.08 

2 I Gusti Ngurah Rai DPS 4.27 33.97 58.14 56.97 

3 Radin Inten II TKG 83.21 33.46 55.59 50.01 

4 Sam Ratulangi MDC 99.97 33.55 54.07 49.48 

5 Supadio PNK 3.66 33.47 55.52 50.02 

6 Domino Eduard Osok SOQ 5.18 30.35 50.90 48.50 

7 Silangit DTB 1435.69 28.46 36.56 33.46 

8 Pattimura AMQ 18.90 32.36 49.73 49.49 

9 Fatmawati Soekarno BKS 22.56 31.36 51.7 48.79 

10 Adi Soemarmo SOC 127.41 32.38 40.98 39.47 

11 Wiriadinata TSY 334.37 28.62 43.99 40.61 

12 Abdurrahman Soleh MLG 527.00 31.54 42.01 39.59 

13 Husein Sastranegara BDO 745.24 30.92 38.85 38.19 

Table 3. Initial Euclidean distance matrix of the airports based on key parameters 

ID 1 2 3 4 5 6 7 8 9 10 11 12 13 

1 0.00 6.04 7.81 9.33 7.87 13.52 33.25 13.59 12.34 25.59 23.35 24.80 28.27 

2 6.04 0.00 7.43 8.53 7.44 11.72 32.38 11.37 10.73 24.56 22.28 23.84 27.09 

3 7.81 7.43 0.00 1.61 0.07 5.83 25.71 5.98 4.59 18.05 15.70 17.22 20.65 

4 9.33 8.53 1.61 0.00 1.55 4.61 24.27 4.50 3.30 16.52 14.30 15.73 19.13 

5 7.87 7.44 0.07 1.55 0.00 5.78 25.67 5.92 4.53 18.00 15.65 17.18 20.60 

6 13.52 11.72 5.83 4.61 5.78 0.00 20.87 2.53 1.32 13.57 10.63 12.64 15.87 

7 33.25 32.38 25.71 24.27 25.67 20.87 0.00 21.11 21.74 8.43 10.31 8.76 5.80 

8 13.59 11.37 5.98 4.50 5.92 2.53 21.11 0.00 2.32 13.30 11.22 12.58 15.75 

9 12.34 10.73 4.59 3.30 4.53 1.32 21.74 2.32 0.00 14.24 11.57 13.36 16.66 

10 25.59 24.56 18.05 16.52 18.00 13.57 8.43 13.30 14.24 0.00 4.95 1.33 2.88 

11 23.35 22.28 15.70 14.30 15.65 10.63 10.31 11.22 11.57 4.95 0.00 3.67 6.13 

12 24.80 23.84 17.22 15.73 17.18 12.64 8.76 12.58 13.36 1.33 3.67 0.00 3.51 

13 28.27 27.09 20.65 19.13 20.60 15.87 5.80 15.75 16.66 2.88 6.13 3.51 0.00 

An example of the calculation is provided below to show the methodology. Consider the comparison between 

Komodo International Airport (LBJ, ID: 1) and I Gusti Ngurah Rai International Airport in Denpasar (DPS, ID: 2). This 

pairing serves as an example to show the step-by-step process of evaluating the relationship between the two data points 

in the dataset. 

𝐸𝑢𝑐𝑙𝑖𝑑𝑒𝑎𝑛 𝐷𝑖𝑠𝑡.(1,2)= √(35.84  −  33.97)2 + (62.37 − 58.14)2  + (53.08 − 56.97)2
2

  (3) 

𝐸𝑢𝑐𝑙𝑖𝑑𝑒𝑎𝑛 𝐷𝑖𝑠𝑡.(1,2)= 6.04  (4) 

The calculation process starts by identifying the minimum value in the dataset, followed by combining the 

corresponding row and column IDs. Subsequently, these IDs are merged into a single cluster, retaining the maximum 

value among the elements. The new Euclidean distance matrix is created, which is shown in Table 4. The procedure 

iteratively locates the next minimum value and continues until all elements are grouped into clusters. A detailed 

summary of the complete linkage solution is shown in Table 5. 
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Table 4. Euclidean distance matrix of the airports based on key parameters – phase 2 

ID 1 2 {3,5} 4 6 7 8 9 10 11 12 13 

1 0.00 6.04 7.87 9.33 13.52 33.25 13.59 12.34 25.59 23.35 24.80 28.27 

2 6.04 0.00 7.44 8.53 11.72 32.38 11.37 10.73 24.56 22.28 23.84 27.09 

{3,5} 7.87 7.44 0.00 1.61 5.83 25.71 5.98 4.59 18.05 15.70 17.22 20.65 

4 9.33 8.53 1.61 0.00 4.61 24.27 4.50 3.30 16.52 14.30 15.73 19.13 

6 13.52 11.72 5.83 4.61 0.00 20.87 2.53 1.32 13.57 10.63 12.64 15.87 

7 33.25 32.38 25.71 24.27 20.87 0.00 21.11 21.74 8.43 10.31 8.76 5.80 

8 13.59 11.37 5.98 4.50 2.53 21.11 0.00 2.32 13.30 11.22 12.58 15.75 

9 12.34 10.73 4.59 3.30 1.32 21.74 2.32 0.00 14.24 11.57 13.36 16.66 

10 25.59 24.56 18.05 16.52 13.57 8.43 13.30 14.24 0.00 4.95 1.33 2.88 

11 23.35 22.28 15.70 14.30 10.63 10.31 11.22 11.57 4.95 0.00 3.67 6.13 

12 24.80 23.84 17.22 15.73 12.64 8.76 12.58 13.36 1.33 3.67 0.00 3.51 

13 28.27 27.09 20.65 19.13 15.87 5.80 15.75 16.66 2.88 6.13 3.51 0.00 

Table 5. Summary of hierarchical cluster analysis using complete linkage 

Fase ID Group 1 ID Group 2 Euclidean Distance 

1 3 5 0.0714 

2 6 9 1.3207 

3 10 12 1.3345 

4 {3,5} 4 1.6123 

5 {6,9} 8 2.5277 

6 {10,12} 13 3.5114 

7 {{3,5},4} {{6,9},8} 5.9850 

8 1 2 6.0433 

9 {{10,12},13} 11 6.1291 

10 7 {{{10,12},13},11} 10.3128 

11 {1,2} {{{3,5},4},{{6,9},8}} 13.5929 

12 {{1,2},{{{3,5},4},{{6,9},8}}} {{{{10,12},13},11},7} 33.2500 

The final output is a dendrogram, a hierarchical diagram showing the relationships between airports with similar 

temperature distribution patterns. The dendrogram, shown in Figure 13, provides a clear visual representation of airport 

groupings based on the parameters used to define airport cluster. 

 

Figure 13. Dendrogram of airport classification using the complete linkage method 
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Based on the dendrogram, airport classification can be divided into three clusters, with each group sharing similar 
environmental characteristics and asphalt pavement temperature distribution patterns. Therefore, airports in this study 
are grouped into several clusters of climate and temperature distribution. Each cluster possesses unique characteristics 
in terms of air temperature range and distribution in pavement layers, which serve as the basis for selecting more 
appropriate pavement materials. 

The general characteristics of the clusters are further analyzed as shown in Table 6, with their classification presented 
in Table 7. As shown in Figure 14, all airports in Clusters 2 and 3 are located below 100 meters in elevation, showing 
significant features from the higher-elevation airports in Cluster 1. Based on Figure 15, the average maximum air 
temperature and surface temperature differentiate Cluster 2 from Cluster 3, with the threshold set at 33.8°C and 57°C, 
respectively. These temperature thresholds show the distinct environmental conditions of airport pavements in each 
cluster. 

Table 6. General characteristics of airport’s clusters 

Airport Name IATA Code Elevation (m) 
Average Maximum Air 

Temperature in 1 Year Period (oC) 

Average Maximum Surface 

Temperature in 1-Year Period (oC) 

Cluster 1 

Adi Soemarmo SOC 127.41 32.38 40.98 

Abdurrahman Soleh MLG 527.00 31.54 42.01 

Husein Sastranegara BDO 745.24 30.92 38.85 

Wiriadinata TSY 334.37 28.62 43.99 

Silangit DTB 1435.69 28.46 36.56 

Cluster 2 

Radin Inten II TKG 83.21 33.46 55.59 

Supadio PNK 3.66 33.47 55.52 

Sam Ratulangi MDC 99.97 33.55 54.07 

Domino Eduard Osok SOQ 5.18 30.35 50.90 

Fatmawati Soekarno BKS 22.56 31.36 51.70 

Pattimura AMQ 18.90 32.36 49.73 

Cluster 3 

I Gusti Ngurah Rai DPS 4.27 33.97 58.14 

Komodo LBJ 72.54 35.84 62.37 

Table 7. Classification of airports cluster 

Aspects Cluster 1 Cluster 2 Cluster 3 

Airport Elevation E > 100 m E < 100 m 

Average Maximum Air Temperature in 1 Year Period All T ≤ 33.8°C T > 33.8°C 

Average Maximum Surface Temperature in 1-Year Period All T ≤ 57°C T > 57°C 

 

Figure 14. Elevation threshold for airport clustering 
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Figure 15. Temperature threshold for airport clustering 

Based on the predefined airport clustering, the general characteristics of each cluster can be described as follows: 

1. Cluster 1 

Airports in Cluster 1 are located in highland or mountainous regions, with elevations exceeding 100 meters above 

sea level. The climatic conditions in these regions tend to be cooler, with stable and lower air temperatures compared 

to airports situated in lowland. Furthermore, the temperature distribution across the pavement surface layer is 

relatively moderate, reducing the risk of deformation caused by high temperatures. 

2. Cluster 2 

Airports are situated in lowland regions with moderate climatic conditions, characterized by relatively lower air and 

pavement surface temperatures compared to other clusters at similar elevations. This condition provides reduced 

thermal loads on pavement layers, allowing the use of standard asphalt mixture specifications while still achieving 

optimal performance. 

3. Cluster 3 

Airports in Cluster 3 are located in lowland regions but with hot tropical climates. Both air and pavement surface 

temperatures are significantly high, posing substantial challenges to the viscoelastic stability of asphalt mixtures. 

Consequently, airports in this cluster require pavement materials with high-temperature resistance specifications to 

mitigate the risk of permanent deformation, enhance durability under extreme temperatures, and ensure a longer 

pavement service life. 

The characteristics of these clusters enable more precise pavement planning and design, focused on the climatic and 

elevation challenges faced by each airport. 

11. Development of Pavement Temperature Distribution Model 

A predictive model for maximum pavement temperature distribution was developed through a curve-fitting 

methodology using the dataset observations. The Nonlinear Generalized Reduced Gradient (Nonlinear GRG) algorithm 

was used to solve the optimization problem inherent in nonlinear models, ensuring the best solution in defined 

constraints. This method is well-suited for handling complex relationships between variables while maintaining 

adherence to physical and practical limitations [41]. The model formulation separates variables into dependent and 

independent categories, with constraints defined to express dependencies and simplify the problem structure. 

Independent variables are iteratively adjusted, while dependent variables are calculated according to the constraints. The 

optimization process evaluates the gradient of the target equation to determine the optimal direction for variable 

adjustments. Iterations continue until convergence is achieved, as shown by negligible changes in the optimized 

equation's value. Based on the insights derived from the dataset observations, the predictive model for pavement 

maximum temperature distribution is expressed as: 
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𝑇𝑝𝑎𝑣,𝑑
𝑚𝑎𝑥 = 𝛽𝐷 ln(𝐶1𝑑 + 1) + 𝛽𝐸 ln(𝐶2𝐸 + 1) + 𝐶3𝑇𝑎𝑖𝑟 + 𝐶4  (5) 

where 𝑇𝑎𝑖𝑟  is maximum air temperature, in oC, 𝑑 is pavement depth, in cm, and 𝐸 is airport elevation, in m, where the 

maximum-air-temperature-related coefficients, 𝛽𝐷 and 𝛽𝐸, are defined as: 

𝛽𝐷 = 𝑎1𝑇𝑎𝑖𝑟 + 𝑎2  (6) 

𝛽𝐸 = 𝑎3𝑇𝑎𝑖𝑟 + 𝑎4  (7) 

The proposed formula represents a robust mathematical framework derived by analyzing observed trends in the 

dataset. It captures the interactions between key parameters such as pavement depth, airport elevation, and maximum 

air temperature in a coherent and structured manner. The inclusion of the maximum air temperature in the model shows 

the direct linear relationship between maximum air temperature and surface temperature at pavement level. This linearity 

is justified by the fact that surface temperature is strongly influenced by ambient air temperatures due to the thermal 

exchange processes of radiation, convection, and conduction. 

At the surface level, the impact of air temperature is most pronounced because there are minimal material and 

environmental barriers between the air and pavement's exposed surface. This makes the maximum air temperature an 

effective proxy for predicting surface thermal conditions. Although the relationship between air temperature and surface 

temperature is linear, the effects of pavement depth and airport elevation are modeled logarithmically. Elevation impacts 

thermal gradients, but its effect diminishes at higher altitudes due to stabilizing atmospheric conditions. 

By incorporating the relationships, the model balances linear and nonlinear components to provide a comprehensive 

representation of pavement thermal behavior. This enables accurate predictions critical for optimizing pavement design 

and maintenance strategies under varying environmental and climatic conditions. The proposed formula is purposefully 

designed to ensure practicality and usability compared to machine learning algorithms or other complex computational 

models, which often demand extensive datasets, significant computational power, and specialized expertise. By 

maintaining a simplified and robust structure, it serves as a highly accessible alternative, balancing computational 

efficiency with the precision required for practical applications in diverse scenarios. 

The calibrated parameters 𝑎1to 𝑎4, and 𝐶1 to 𝐶4, denoted collectively as 𝑋, are estimated through a curve-fitting 

approach. The parameters should minimize the error between the observed maximum pavement temperatures and 

predicted value. Therefore, the optimization problem based on m numbers of observed datasets could be stated as 

follows: 

Objective Function: 

minimize 𝐹(𝑋)  =   ∑ (𝑇𝑝𝑎𝑣,𝑑
𝑜𝑏𝑠,𝑗

  − 𝑇𝑝𝑎𝑣,𝑑
𝑚𝑎𝑥,𝑗

(𝑋))
2

𝑚
𝑗=1  (8) 

Subject to the constraints: 

𝑎1 ≤ 0;  𝑎3 ≤ 0  (9) 

𝐶1 ≥ 0;  𝐶2 ≥ 0 ;  𝐶3 ≥ 0  (10) 

where 𝑇𝑝𝑎𝑣,𝑑
𝑜𝑏𝑠,𝑗

 is jth observed maximum temperature data at pavement depth d, in oC, and 𝑇𝑝𝑎𝑣,𝑑
𝑚𝑎𝑥,𝑗

(𝑋) is jth predicted 

maximum temperature data at pavement depth d based on calibrated parameters 𝑋 , in oC. 

The method captures the relationship between maximum pavement temperature, air temperature, elevation, and 

depth while adhering to meaningful constraints. Iterative parameter refinement ensures robustness and predictive 

accuracy, offering a reliable framework for analyzing asphalt pavement temperature distributions. These constraints 

ensure that the maximum temperature distribution is in line with observed data, where maximum temperatures decrease 

with increasing pavement depth and airport elevation under various maximum air temperature scenarios. Additionally, 

C1 and C2 must be positive because the natural logarithmic function is undefined for negative values, which would 

disrupt the calibration process. 

The model was developed based on data obtained from airports in each cluster, with the training and testing data for 

the pavement temperature predictive model comprising 70% and 30% of the available dataset, respectively. The use of 

a mixed linear and logarithmic regression model was based on trends observed in the dataset. The modeling method was 

selected because of the ability to provide sufficiently accurate results while maintaining ease of use, showing potential 

accessibility to practitioners outside of study fields. Based on the data, pavement temperatures in Indonesia had not 
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dropped below 0°C. Therefore, the developed model focused only on predicting maximum pavement temperatures. 

Through a series of multivariable regression processes, the parameters for each cluster of the pavement temperature 

prediction model were developed and summarized in Table 8. 

Table 8. Parameters of the pavement maximum temperature distribution predictive model 

Cluster Type 
Optimized Parameters 

a1 a2 a3 a4 C1 C2 C3 C4 

Cluster 1 -0.03746 -0.36900 0.00000 -34.57301 0.51671 0.00015 0.15000 38.83800 

Cluster 2 -1.07235 30.24850 -1.47683 0.00533 0.29127 0.00014 1.35726 9.78920 

Cluster 3 -0.20633 5.45495 -0.01000 -2.55964 4.38711 0.01672 1.60466 5.73548 

Figures 16 to 18 provide a detailed comparison between predicted pavement temperatures, derived from the proposed 

model, and the measured temperatures at various depths. The results validate the precision and reliability of Equation 

(3) and the parameters in Table 7 for predicting pavement temperatures across different depths. Specifically, the Cluster 

1 model achieved a Root Mean Squared Error (RMSE) of 1.29°C and an Adjusted R² value of 0.80. The Cluster 2 model 

showed superior accuracy with an RMSE of 0.91°C and an adjusted R² value of 0.91. Cluster 3 model obtained an 

RMSE of 2.01°C and an adjusted R² value of 0.76. These metrics showed the model's robust performance and the ability 

to capture the complex thermal behavior of pavement systems with high accuracy. To evaluate the applicability of 

Equation 3 and the parameters presented in Table 8, model validation was performed against a test dataset. These figures 

showed the model's ability to accurately predict temperature profiles for datasets that were not included in the 

multivariable regression process. 

  

(a) (b) 

Figure 16. Maximum pavement temperature predictions at various depths compared to measured temperatures at Cluster 1 

Airport; (a) Training Dataset, (b) Test Dataset 

  

(a) (b) 

Figure 17. Maximum pavement temperature predictions at various depths compared to measured temperatures at Cluster 2 

Airport; (a) Training Dataset, (b) Test Dataset 
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(a) (b) 

Figure 18. Maximum pavement temperature predictions at various depths compared to measured temperatures at Cluster 

3; (a) Training Dataset, (b) Test Dataset 

An overview of the maximum temperature distribution patterns in asphalt pavement mixtures is provided in Figure 

19. A comparative analysis was conducted by Ariawan et al. [28], which focused on a similar region in Cluster 3 Airport. 

The comparison showed significant improvements in predictive accuracy of the current model, as presented in Table 10. 

 

Figure 19. Predicted temperature distribution for national road of Denpasar – Gilimanuk (Km 102) 

Table 9. Climatic benchmarks for the maximum pavement temperature in national road of Denpasar – Gilimanuk 

Aspect Value 

RH min (%) 53.97 

Tair max (oC) 31.85 

Elevation (m) 20.73 

𝑇𝑝𝑎𝑣,0
𝑜𝑏𝑠  (oC) 57.31 

𝑇𝑝𝑎𝑣,2
𝑜𝑏𝑠  (oC) 51.75 

𝑇𝑝𝑎𝑣,7
𝑜𝑏𝑠  (oC) 48.44 
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Predictions using this model show improved results compared to the Ariawan et al. [28] study, which was based on 

maximum pavement temperature data collected from roads (Table 10). Moreover, the quality of pavement on roads 

might differ from airport pavements, as shown by the different temperature-to-depth gradient. This suggested the 

enhanced reliability and applicability of the new pavement maximum temperature model for Cluster 3 regions, 

characterized by hot tropical climates and low elevations. The comparison underscores the significant improvement 

caused by the predictive model over the previous report. This advancement not only enhances the understanding of 

temperature distributions in tropical pavements but also provides a reliable tool for performance-based design and 

maintenance of asphalt pavements in challenging climatic conditions. 

Table 10. Predicted pavement maximum temperature distribution 

Previous Model [28] Current Model 

d (cm) 𝑇𝑝𝑎𝑣,𝑑
𝑚𝑎𝑥  (oC) d (cm) 𝑇𝑝𝑎𝑣,𝑑

𝑚𝑎𝑥  (oC) 

0 53.21 0 55.99 

2 49.04 5 52.49 

7 43.63 10 51.74 

  15 51.30 

  20 50.98 

12. Conclusions 

In conclusion, this study presented a comprehensive framework for predicting pavement temperature distribution at 

Indonesian airports, emphasizing the critical influence of temperature on the performance and durability of flexible 

pavements. By using data from 13 airports spanning diverse climatic and geographical conditions, a robust predictive 

model was developed, a clustering framework to optimize pavement material selection and design. 

A key innovation in this study was the use of AirPaSS, a device for real-time pavement temperature monitoring. 

AirPaSS used advanced thermocouple sensors embedded at various depths, powered by a solar-energy management 

system and integrated with automated data transmission. This ensured continuous and accurate data collection, including 

active airside regions. The AirPaSS-enhanced dataset significantly improved the predictive model's reliability, offering 

deeper insights into pavement thermal behavior across different airport environments. This system represented a major 

advancement in pavement monitoring technology with potential applications extending beyond the aviation sector. 

Based on hierarchical clustering, airports were grouped into three distinct clusters based on air temperature, surface 

pavement temperature, and elevation. These clusters provide actionable insights into environmental factors affecting 

pavement performance, enabling material designs that addressed the specific thermal conditions of each group. 

Furthermore, the clustering framework supported more resilient and cost-effective pavement solutions for the Indonesian 

aviation industry. 

A predictive model, incorporating air temperature, elevation, and pavement depth, was formulated using a mixed 

linear and logarithmic regression method. The results showed high predictive accuracy, with RMSE values between 

0.91°C and 2.01°C and Adjusted R² ranging from 0.76 to 0.91. This validated the model's reliability and applicability 

under diverse environmental conditions. The inclusion of practical constraints ensures its adaptability across airports 

with varying climatic challenges. 

The integration of the predictive model with the clustering framework provided a systematic and scalable solution 

for optimizing airport pavement design. By addressing environmental and climatic variations, this study promoted the 

adoption of performance-based grading systems, moving beyond traditional penetration-grade specifications. The results 

provide a strong foundation for enhancing airport infrastructure resilience in tropical regions, contributing to improved 

safety, longevity, and cost-efficiency. Moreover, future investigations should explore the application of the framework 

in other regions with similar climatic challenges to validate and refine the methods proposed in this study. 
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