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ABSTRACT ARTICLE HISTORY

Accurate replication of pavement textures is crucial for tire-pavement interaction studies Received 27 January 2026
. "~ . . L Accepted 25 May 2026

in laboratory conditions, particularly at the macro-texture level. Existing replication

methods often rely on costly equipment and lack standardized procedures for validating KEYWORDS

surface replicas. This study presents a novel methodology to replicate pavement surfaces Pavement texture

and validation. The methodology integrates Mean Texture Depth (MTD) as a 3D texture replication; macro-texture;
indicator, silicone rubber casting technology, Finite Element (FE)-based 3D geometric silicone rubber casting;
calculations, and smartphone-video-based digital modelling using computer vision. ~ Structure-from motion; com-
Different asphalt mixtures with distinct surface textures were used for the development pmu;lejlrd\i'r'fg'on’ epoxy

of the physical and digital replicas. Physical replicas were produced through silicone

casting and epoxy molding, while digital replicas were generated using the Structure-

from-Motion technique. Validation was conducted using the standard sand patch test for

physical samples and FE-based MTD calculations for digital models. The results showed

strong agreement between the replicas and the original pavement samples. Statistical

analyses confirmed normal distribution, variance homogeneity, and no significant differ-

ences between digital and physical samples. The findings of this study are expected to

benefit road authorities in the design and laboratory testing of pavement surfaces, with

the aim of evaluating pavement performance.

1. Introduction

The condition of pavement surfaces plays a critical role in both the quality of road infrastructure and the
safety of its users. Among the many factors that define pavement performance, surface texture is
particularly important, as it directly influences vehicle-pavement interaction (Huang & Huang, 2014;
Kim et al., 2025). Surface texture describes the deviations of a pavement surface from an ideal flat plane,
consisting of irregularities at different wavelengths that influence the interaction between the tyre and the
pavement (I. S. O. 13473-2, 2002; Pranji¢ & Deluka-Tibljas, 2022). Adequate surface texture not only
enhances transportation safety but also contributes to improved vehicle fuel efficiency, making its
preservation a key responsibility for pavement managers and road authorities. This permits a little
scope for pavement designers to optimise surface characteristics in favour of reducing energy dissipation
mechanisms, such as rolling resistance (RR) (Biffi et al., 2025; Gao et al., 2025; Liu et al., 2024), thereby
contributing to both sustainability and performance improvements.

Rolling resistance is defined as the energy dissipated by the tyre per unit distance when a tyre rolls over
a pavement surface (Sandberg et al., 2011; Sun et al., 2024), indicating that it is strongly influenced by the
quality of the surface texture (Descornet, 1990). Past studies have shown that different levels of surface
texture influence RR in distinct ways (Chen et al., 2022; Descornet, 1990; Levesque et al., 2023; Sandberg,
1990; Zhu et al., 2024). Surface texture levels are commonly classified according to the wavelength of the
texture profile into four categories: micro-texture, macro-texture, mega-texture and unevenness (Chen
et al., 2022). Among these, macro-texture and higher levels have been identified as having the most
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significant impact on RR (Sandberg, 1990). In order to capture these surface texture effects, pavement
engineering studies often employ texture parameters to quantify and describe the relationship between
pavement surface and RR. MTD (International, 2015) is a commonly used volume-based parameter
representing the average depth of surface irregularities (Ji et al., 2024; Ran et al., 2018; Song, 2022).
Mean Profile Depth (MPD) (Characterization of pavement texture by use of surface profiles part 1) is
another similar parameter to MTD, but is typically measured using different techniques (Lou et al., 2022;
Pranji¢ & Deluka-Tibljas, 2022; Zuniga-Garcia and Prozzi, 2019). Both MTD and MPD are key indicators
of macro-texture, and their association with RR has been extensively studied (Sun et al., 2024). As a result,
various empirical models have been developed using these parameters to predict RR (Ran et al., 2024; Sun
et al., 2024).

In order to validate empirical models, researchers have developed a variety of field and laboratory
methods for measuring RR, including trailer methods, drum tests of tyres, coast-down tests and fuel
consumption approaches (Bergiers, 2011; Ejsmont et al., 2024; MIRIAM Project. (2010). The trailer
methods, cost-down methods and fuel consumption methods are used to collect RR measurements on
real pavement surfaces in-field (Andersen et al., 2015; Bergiers et al., 2011; Hooghwerff et al., 2013;
Sandberg et al., 2011; Swieczko-Zurek et al., 2017). In contrast, the test drum systems are utilised to collect
the measurements in a laboratory environment (Andersen et al., 2015; MIRIAM Project. (2010). Standard
practice often relies on smooth steel-surfaced drums to measure RR in accordance with international
guidelines (ISO 28580. (2009). However, these surfaces poorly replicate the texture of real pavements,
resulting in measurements that are not fully representative of in-field conditions (Ejsmont & Owczarzak,
2019; Ejsmont et al., 2025). Consequently, these measurements often introduce uncertainties and errors
because they do not adequately account for the influence of different texture levels and parameters
discussed above.

As described in previous paragraphs, RR measurements are significantly affected by the texture
parameters. Therefore, a proper understanding of pavement texture and its quantification is essential
for improving the accuracy of RR prediction. To address the limitations of smooth drum surfaces,
researchers have proposed incorporating more representative pavement textures onto drum test facilities.
One approach involved the development of a three-roadwheel facility using epoxy-based surface replicas of
actual pavements (Ejsmont & Owczarzak, 2019; Ejsmont et al., 2024; Owczarzak et al., 2024; Ronowski,
2016). Owczarzak et al. (2024) further introduced a method for fabricating 50 x 50 x 20 mm surface
replicas using Polyethylene Terephthalate Glycol (PET-G) (Guessasma et al., 2019; Sepahi et al., 2021)
through 3D printing technology. However, a major drawback of PET-G and other polymer-based
materials is their susceptibility to excessive deformation under repeated tyre loading (Valvez et al,
2022). These excessive deformations can result from changes in mechanical properties due to moisture
absorption and creep (Romeijn et al.,, 2021; Valvez et al.,, 2022), ultimately leading to alterations in surface
texture and compromising the accuracy of RR measurements during extended testing. Alternatively,
Ejsmont et al. (2025) developed surface-segment outfitting for drums using casting technology and
assessed the validity of the replicas through 2D profile measurements and comparative RR tests. These
physical replicas enable systematic investigation in a controlled environment by reducing the uncertainties
and dependence on costly and time-intensive field studies. Despite these advances, existing studies have
not explicitly demonstrated or validated the three-dimensional (3D) geometrical similarity of physical
replicas to real pavement surfaces in terms of texture characteristics. To the best of the author's knowledge,
this gap has not been adequately identified in the literature. In recent days, digital replicas have been
increasingly explored as an alternative for similar applications (Srirangam et al., 2015; Tang et al., 2018).

Recent efforts have focused on integrating digital replicas with the finite element method (FEM) to
construct digital twin models of tire-pavement interaction, offering an alternative to the costly and labour-
intensive nature of conventional RR testing (Namjoo & Golbakhshi, 2015; Srirangam et al., 2015; Tang
et al., 2018). A critical step in these FEM approaches is model validation, and the validation of FE-based
tyre models has been extensively described in earlier studies (Al-Najati et al., 2024; Fathi et al., 2024; Ramji
et al., 2023). However, limited attention has been given in the literature to geometrical validation methods
for 3D digital pavement replicas with detailed texture. Typically, validation of tire-pavement interaction
FEM models is carried out using parameters that capture aspects of motion and force transfer between the
tyre and pavement (Mashadi et al., 2019; Srirangam et al., 2015; Tang et al., 2018). Srirangam et al. (2015)
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validated their tire-pavement interaction model by comparing computed braking friction coefficients with
field measurements on digital asphalt surface replicas. Although the above studies demonstrate the
potential of digital replicas within FEM frameworks, their validation remains challenging. These models
are computationally demanding due to the large number of elements, require specialised applications for
mesh refinement, involve difficulties in isolating and debugging model components, necessitate advanced
laboratory facilities, and demand significant model processing time.

As highlighted above, the validation of replicas plays a critical role in ensuring reliable data acquisition
and, consequently, in improving the accuracy of systematic investigations. However, both physical and
digital pavement replicas often lack rigorous validation, particularly with respect to their three-
dimensional geometrical fidelity at the macro-texture level. This shortcoming arises from several chal-
lenges, including the absence of standardised methods for 3D texture comparison, the high computational
cost and the complexity of validating digital models. Hence, this study focuses to scientifically develop a
statistical approach to validate both physical and digital replicas of pavement surfaces. The approach will
focus on 3D geometry validation at the macro-texture level by integrating 3D texture indicators of MTD,
casting technology, and smartphone-video-based digital modelling. It is anticipated that this framework
will not only enhance the reliability of texture-based data acquisition but also assist road authorities by
reducing the cost and effort of field studies, minimising uncertainties in measurement, and providing the
foundation for a cloud-enabled system for large-scale pavement surface monitoring in the future. In
response to the background of the study and identified limitations, the following subsection outlines the
aim and scope of the research.

1.1. Research goal and scope

The aim of this study is to develop a methodology that integrates MTD, casting technology and computer
vision-based digital modelling using smartphone video to create and validate the geometry of pavement
surface replicas at the macro-texture level. The applicability of the proposed methodology is demonstrated
by creating and validating both physical and digital replicas of the captured morphology from a variety of
pavement mixture types. Reproducing replicas with similar surface characteristics and validating their
geometry at the macro-texture level using a combination of casting technology and smartphone-based
video remains an unsolved problem. In order to address the problem and achieve the aim, the scope of the
research is defined as follows:

i. To create digital and physical replicas with similar surface characteristics of pavement surfaces using
smartphone-video-based computer vision technology and casting techniques. The primary focus is to
develop replicas of pavement surfaces by utilising a smartphone-based, cost-effective, user-friendly and
reliable approach.

ii. To geometrically validate the surface replicas described in (i) at the macro-texture level. The validation
of physical replicas is conducted based on MTD calculations using the commonly used sand patch test.
In this study, a procedure based on FE (hereinafter referred to as the FE-based MTD calculator) is
developed to calculate the MTD values of different digital samples. This procedure is used to validate
the digital replicas. This step focuses on laying the foundation for developing an approach to measure
and validate replicated surfaces at the macro-texture level to support cloud-based data collection
system.

iii. To compare the accuracy of surface replica validations using different pavement sections with
different types of surface morphology based on the approaches described in (i) and (ii). The main
focus of this scope is to ensure the applicability of the proposed methodology under varying surface
morphologies.

iv. In this study, MTD will be used because it is geometrically simple and easily quantifiable. More
complex 3D parameters, such as RMS, skewness, or power spectral density, require high-resolution,
laboratory-based equipment and are more sensitive to data noise. In contrast, MTD enables low-cost,
rapid field assessment without the need for specialised surface profilers or lasers. This aligns with the
study's goal of developing a scalable, non-destructive and accessible methodology.
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1.2. The innovative aspect of the research

The innovative aspects of the research are highlighted below:

i. Cost-effective and user-friendly surface replication approach: Unlike conventional methods that
require expensive and specialised equipment, this research proposes a low-cost and accessible tech-
nique using smartphone-video-based computer vision technology and casting methods. The proposed
approach enables efficient and widespread adoption for pavement texture analysis.

ii. Integration of physical and digital validation: The study presents a validation approach for both
physical and digital replicas, ensuring that replicated surfaces accurately represent real pavement
textures. The physical validation leverages the sand patch test, while the digital validation employs
using FE-based digital MTD calculator, offering a comprehensive assessment approach.

iil. Scientific advancement in pavement surface evaluation: The framework advances current methodol-
ogies by systematically reproducing and validating pavement surface replicas with high geometric
fidelity at the macro-texture level. The integration of 3D texture indicators of MTD in both physical
and digital validation adds accuracy and reliability to surface texture assessments.

iv. Elimination of human bias through automated random masking validation: The study proposes a
novel random masking technique to eliminate human subjectivity in visual validation processes. This
automated method ensures objective, reproducible and unbiased assessment of texture similarity
between reference asphalt samples and their corresponding replicas. By removing dependence on
manual interpretation, the technique enhances the accuracy and credibility of the validation frame-
work, representing a significant methodological advancement in pavement surface evaluation.

v. Applicability across different pavement surface morphologies: By demonstrating the validation process
on a variety of pavement sections with different surface morphologies, the study ensures that the
proposed methodology remains applicable under varying texture conditions, enhancing its robustness
and real-world applicability.

vi. Bridging the gap between field studies and controlled investigations: The use of replicas minimises
uncertainties associated with field studies, providing a controlled environment for systematic pavement
texture investigations. This facilitates more accurate and repeatable research outcomes while reducing
reliance on time-intensive field measurements and validation.

1.3. Structure of the paper

The study begins by establishing a research methodology that outlines its aim and scope. The subsequent
sections describe the development of physical and digital replicas, along with a visual comparison to the
physical core. Following this, the paper presents the calculation of relevant MTD measurements of surface
samples using the standard sand patch test and FE-based MTD calculator (D. T. Netherlands.
4TU.Federation). The findings from these sections are then statistically analysed and interpreted in the
results and discussion section. Finally, the paper concludes with a summary of key insights and suggestions
for future research directions.

2. Overview of existing replication procedures

This section briefly describes existing techniques and procedures for developing pavement surface replicas.
Several methods have been introduced to create the replicas, either physically or digitally (Chen et al,
2021; Chen et al., 2019; Dabous et al., 2025; Ejsmont et al., 2025; Huyan et al., 2020; Mahmoudzadeh et al.,
2020; Owczarzak et al., 2024; Pruitt et al., 2016). Each method has its own strengths and limitations. In this
study, the construction of pavement surface replicas was categorised into two main methods: (1) physical
replication and (2) digital replication. Physical replication methods involve creating tangible copies of
pavement surfaces using materials such as additive manufacturing materials, silicone, epoxy, or other
casting substances replica (Ejsmont et al.,, 2025; Owczarzak et al., 2024). In contrast, digital replication
methods utilise advanced imaging and scanning technologies, such as photogrammetry, structure from
motion (SfM), laser scanning, structured light scanning, RGB-D sensing and interference fringe
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techniques, to digitally capture and recreate pavement surfaces in a virtual environment (Mahmoudzadeh
et al., 2020; Pruitt et al., 2016).

2.1. Casting technology-based replicas

Casting techniques involve pouring a liquid material into a mould that reflects the pavement's surface
profile. The mould of the pavement surface is typically created using silicone rubber-based elastomer
materials (Owczarzak et al., 2024). The choice of casting material significantly impacts the properties of the
replicas and the fidelity of the surface texture reproduction. Polyurethane resins are frequently employed
due to their versatility, ease of use and ability to capture fine surface details (Das & Mahanwar, 2020).
However, selecting the appropriate polyurethane formulation is crucial, as different formulations exhibit
varying degrees of viscosity, curing times and resulting surface hardness. Hence, properties of the
formulation can influence the accuracy of texture replication. Epoxy resins are also used as casting
materials due to their excellent mechanical strength and adhesion properties (Ejsmont et al., 2025;
Oweczarzak et al., 2024). However, their higher viscosity compared to polyurethane resins can hinder
the accurate reproduction of intricate surface textures such as deep grooves or sharp irregularities. Studies
used asphalt mixtures to create replica of the pavement surfaces (Pomoni & Plati, 2022; Qian et al., 2024;
Wang et al., 2020).

There are significant disadvantages to making replicas using asphalt mixtures. The reproduced replicas
can exhibit considerable variability in their properties due to changes in the mixture, difficulties in
ensuring consistent replica quality, and challenges in maintaining the reproducibility of similar surface
characteristics. Apart from the casting materials, the moulding technique itself plays a critical role (Singh
& Singh, 2016). In order to accurately reproduce the original surface, precise moulding techniques such as
vacuum casting are commonly used. The precise moulding techniques can help to minimise air bubbles
and ensure an accurate surface texture. Conversely, less refined casting methods may result in imperfec-
tions that compromise the accuracy of the replica. In addition, the demoulding process itself may
introduce minor alterations to the surface texture, particularly for complex or highly irregular macro-
texture features. Mechanical stresses during separation or inadequate release conditions can lead to local
deformation, tearing, or smoothing of fine surface details, thereby affecting the fidelity of the replicated
surface. The curing process significantly influences the final surface properties of the replica (Baj¢icdk &
Suba, 2014; Persson et al., 2018). Careful control of temperature and humidity during curing is necessary
to ensure consistent material properties and the quality of the surface (Baj¢i¢ak & Suba, 2014). To the best
of the author's knowledge, there are a limited number of studies that have used casting technology with
detailed explanations to develop and validate replicas.

2.2. 3D printing technology-based replicas

3D printing can be categorised as a hybrid method because it is necessary to establish a 3D digital model of
the surface samples to be printed (Gong et al., 2023; Owczarzak et al., 2025). 3D printing allows for the
creation of replicas that might be difficult or impossible to achieve using traditional casting methods.
Different 3D printing technologies, such as stereolithography (SLA), selective laser sintering (SLS), and
fused deposition modelling (FDM), offer varying degrees of accuracy and resolution (Gao et al., 2015;
Mechtcherine et al., 2019). The selection of appropriate printing parameters, including layer height, infill
density and printing speed, impacts the surface texture and overall quality of the replica (Owczarzak et al.,
2024). To the best of the authors' knowledge, there are very few studies on creating 3D-printed replicas of
pavement surfaces. In pavement engineering, 3D printing has been typically used for the purpose of
pavement maintenance perspective (Gong et al., 2023a, 2023b). Jackson et al. (2018) developed a 3D
printer capable of extruding asphalt to create complex geometries and repair cracks in pavement surface
layers. The study's findings revealed that 3D-printed asphalt exhibited nine times the ductility of cast
samples while maintaining comparable fracture strength. A study tested the printability of composite-
modified asphalt using a plunger 3D printer (Song et al., May 2025). The results indicated that the
modified asphalt mixture has improved crack repair capability while maintaining moderate printing
requirements. There are disadvantages of 3D printing related to the creation of surface replicas in the



6 e W. A. A. S. PREMARATHNA ET AL.

pavement engineering domain. Asphalt 3D printing is challenging due to high viscosity and heating
requirements (Song et al., May 2025). The significant drawback of the 3D printing approach is the printing
time required for the samples. The printing time directly depends on the printing parameters, the size of
the sample and the complexity of its geometry. The cost of 3D printing can be another limiting factor. The
availability of suitable materials specifically designed for pavement replica applications remains relatively
limited and is an area open to research.

2.3. Multi-source data fusion-based replicas

Image-based multi-source fusion technology is used to capture surface images and convert them into 3D
point cloud models (Dan et al., 2023). The image-based fusion method is particularly beneficial for
covering large areas. It provides a cost-effective way to obtain a detailed representation of pavement
surface morphology. The main drawback is that the accuracy and overall quality of the 3D model can be
influenced by factors such as lighting conditions, image quality and the presence of repetitive patterns or
features on the pavement surface. The Image-based fusion approach typically involves multiple cameras or
sensors capturing images from different viewpoints. The images are then processed using photogramme-
try, StM, RGB-D sensing or other 3D reconstruction techniques to generate a 3D point cloud representing
the pavement surface (Dan et al., 2023; Jiang et al., 2024; Knyaz & Chibunichev, 2016; Lei et al., 2014;
Pranji¢ & Deluka-Tibljas, 2022).

The SfM technique is gaining popularity in pavement engineering due to its ability to achieve high-
accuracy digital geometries and serve as a cost-effective alternative to expensive 3D scanning technologies.
It is particularly useful for reconstructing complex morphologies such as pavement surface macro-texture
and potholes, where other techniques may face challenges. A SfM-based reconstruction method combined
with deep learning was proposed to obtain texture depth information and evaluate the skid resistance of
asphalt pavement (Dan et al., 2024). The study used images of the surface, volume-based metric of MTD
and SfM-based approach to obtain texture depth information using digital replicas of pavement surfaces.
Ronald et al. (Roberts et al. 2020) utilised the SfM technique with smartphone-based images to reconstruct
pavement surfaces and assess the level of pavement distress. A 2D image-based damage detection system
for pavement potholes was developed using SfM-based 3D surface reconstruction and convolutional
neural network-based segmentation techniques (Wang et al., Sep. 2023). Despite the advancements, a
detailed description of the validation process for their 3D replicas of the pavement surface is missing from
these studies.

2.4. 3D scanning-based replicas

Laser scanning techniques and structured light scanning are widely used in pavement engineering to create
3D replicas of pavement surfaces. In structured light scanning, projects a known pattern of light onto the
pavement surface and captures the deformed pattern with a camera (Knyaz & Chibunichev, 2016). The
three-dimensional coordinates of points on the surface are calculated with high accuracy and resolution by
analysing the distortion of the projected pattern. The method of structured light scanning is particularly
effective for capturing fine details of the pavement surface. However, its applicability is limited by the
system's design, scanning range and the need for controlled lighting. On the other hand, laser scanning
techniques, including high-precision scanners and triangulation methods, provide a powerful approach for
characterising pavement texture (Bitelli et al., 2012; Clapp & Eberhardt, 1986). Laser scanning employs
laser beams to precisely measure the distance to the pavement surface, generating a dense 3D point cloud
(Jiang et al., 2024; Liang et al., 2024). The laser scanners enable comprehensive 3D analysis of pavement
morphology (Bitelli et al., 2012). Its high precision enables the accurate capture of both macro-texture and
micro-texture features, providing detailed information about the pavement surface. Leng et al. (2023)
enhanced the accuracy of 3D pavement texture reconstruction using interference fringes, significantly
reducing reconstruction errors. The method offers high precision and resolution, making it particularly
useful for measuring large areas such as pavement surfaces (Leng et al., 2023). However, laser scanning
systems can be costly and are often sensitive to environmental factors such as weather conditions and the
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presence of dust or debris (Leng et al., 2023). Additionally, processing the large datasets generated by laser
scanning can be computationally demanding, requiring specialised software and hardware.

It is noted that the overall accuracy of pavement surface replicas produced using the above procedures is
influenced by the accumulation of errors across multiple stages of the replication process. These include
uncertainties associated with 3D surface acquisition techniques, such as photogrammetry or scanning, as
well as errors introduced during physical reproduction processes, including moulding, material behaviour
and demoulding. In particular, existing 3D modelling approaches may exhibit limitations in accurately
capturing fine-scale surface details, especially at the macro-texture level, due to factors such as resolution
constraints, noise and reconstruction algorithms. The combined effect of these factors may lead to
deviations between the original surface and its replica, highlighting the importance of rigorous validation
methods.

3. Research methodology

As illustrated in Figure 1, the study was conducted in four phases. In Phase I, the preparation of pavement
samples with five distinct asphalt mixtures was carried out. In Phase II, both digital and physical replicas of
the samples were reproduced. In Phase III, focus was given on calculating the corresponding MTD of the
samples in Phase II using standard sand-patch test (ASTM International., 2015) and FE-based MTD
calculator. Finally, in Phase IV, validation and comparison of the results were carried out based on the
outcomes obtained in Phase III. Detailed descriptions of the tasks performed in each phase are presented
in the following sub-sections.

3.1. Phase I: preparation of pavement samples

In this phase, the pavement samples were collected from a highway road section in the Netherlands. These
samples were cleaned and prepared to produce corresponding replicas to be used in the Phase II to Phase
III. To demonstrate the applicability of the proposed methodology, five different pavement samples were
selected, which are Mixture 1 (DZOAB16-Dense-Graded Porous Asphalt Concrete), Mixture 2 (2L-
ZOABS5 -Durable ZOAB, Porous Asphalt), Mixture 3 (DA-Dense Asphalt), both Mixture 4 and Mixture
5 (ZOABI16-treated with rejuvenation). It is noted that the Mixture 1 was selected as a single-layer porous
asphalt mixture with a 16 mm nominal aggregate size, providing a very coarse surface texture.

In contrast, Mixture 2, was selected as a double-layer porous asphalt mixture, where the 5 mm aggregate
yields a very fine surface texture. Mixture 1 exhibited higher air void content due to the larger aggregate
size compared to Mixture 2. Mixture 3 was a relatively new dense asphalt sample, providing a finer surface
texture compared to Mixture 2. Mixture 4 and Mixture 5 were worn ZOAB16 samples that had been
treated with rejuvenation. As a result, their surfaces were smoother and more closed than the other
mixture types, as the rejuvenation coating partially filled the macrotexture. The samples were cleaned, and
all debris was removed before proceeding to the remaining Phases.

As shown in Figure 2(a) and (b), the outer boundary of the sample core was covered and sealed with a
reinforced paperboard ring. This was done to securely contain the liquid silicone rubber used in Phase II.
For clarity and due to space limitations, the detailed methodological steps presented in the following
subsections focus only on Mixture 1 and Mixture 2. It is noted that the same procedures were followed to
obtain the physical and digital replicas for Mixtures 3, 4 and 5.

3.2. Phase llI: production of pavement surface replicas

In this phase, physical replicas of the pavement samples were first created using casting technology as
shown in Figure 2. Thereafter, digital replicas (see Figure 3) were generated using smartphone-video-based
computer vision technology.

At first, the physical replicas were developed by pouring translucent silicone rubber mixture to the
samples that were prepared in Phase I. A specific releasing agent was applied on the surface samples before
pouring the liquid silicone rubber. It is noted that the purpose of adding the releasing agent was to
facilitate the smooth demoulding process without damaging the silicone mould. After pouring the liquid
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Figure 2. Pavement cores and physical replicas with different surface morphologies: (a) pavement core-mixture type 1,
and (b) pavement core-mixture type 2, (c) physical replica of Mixture 1 and (d) physical replica of Mixture 2.

silicone the samples were kept at room temperature for 3 hours to allow the mould to fully harden. The
hardened silicone mould was then cleaned and prepared to develop physical replicas using a specific epoxy
mixture as presented in Figure 2(c) and (d). The mould with liquid epoxy mixture was placed at room
temperature (~25°C) for 7 - 8 hours to allow the models to fully harden.

After obtaining the physical replicas, the digital replicas were created utilising computer vision
technology and recorded smartphone-based videos as illustrated in Figure 3. The video footage of the
target surface was recorded under uniform lighting conditions to minimise shadows and reflections that
could affect feature detection. The recording process aimed to capture features of the individual surface
from multiple viewpoints to ensure comprehensive geometric and textural coverage. During data collec-
tion, the phone was held at varying angles around the sample, following a semi-circular or orbital path.
The mobile device was handheld but moved smoothly around the sample to avoid abrupt camera motion.
The distance between the camera and the sample was kept approximately constant to maintain a uniform
scale across frames. The camera was positioned at an angle ranging between approximately 30°-60°
relative to the surface normal to ensure adequate visibility of surface features and depth variations from
multiple perspectives, which is essential for reliable Structure from Motion-based 3D reconstruction. The
3D digital models were generated solely from smartphone-recorded video, therefore, ensuring sufficient
frame overlap and comprehensive surface coverage was a key requirement. In SfM-based modelling,
accurate reconstruction depends primarily on image overlap and feature visibility rather than a fixed
camera angle. The recording was performed using a handheld approach without a fixed mount, allowing
flexible coverage of the sample surface. During acquisition, the smartphone was moved smoothly from
close-range views to wider perspectives while varying its position within the specified angular range to
capture all relevant surface characteristics. This angular range ensures that key visual details are adequately
captured while avoiding perspective distortion. The videos were recorded at a resolution of 3840 x 2160
pixels (4K UHD), aspect ratio of 16:9 and a frame rate of 60 frames per second (fps) to preserve fine spatial
detail and reduce motion blur. The recording path covered both horizontal and slightly elevated
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Figure 3. Development of digital replicas: (a) video recording process using a smartphone, (b) digital replica of Mixture 1
and (c) digital replica of Mixture 2.

viewpoints, providing sufficient overlap between consecutive frames for robust feature matching during
reconstruction. Each recording session lasted approximately 40 -60 seconds.

Environmental conditions such as lighting intensity and background clutter were controlled to improve the
clarity of captured frames. The resulting video dataset was subsequently used for frame extraction and 3D
reconstruction using SfM technique (Schonberger & Frahm, 2016; Schonberger et al., 2016, 2017). The post-
processing and mesh-refinement steps were followed to obtain 3D digital replicas. Poisson surface reconstruction
(Kazhdan et al., 2006) was employed to generate surface meshes with triangular elements (Lo, 2002) and refine
the surface topology from noisy point clouds. The radius outlier removal technique (Duan et al., 2021; Le et al,,
2023; Szutor & Zichar, 2023) was applied to eliminate points with insufficient neighbouring data within a
specified radius. The neighbouring points refer to points located within a defined spherical radius around a given
point in the 3D point cloud. If the number of neighbouring points within this radius falls below a specified
minimum threshold, the point is considered to have insufficient neighbouring data and is classified as an outlier.
Such points typically arise due to noise, reconstruction errors, or isolated measurements and do not represent
the true surface geometry. Therefore, removing these sparsely distributed points improves the quality and
reliability of the reconstructed surface by ensuring a more continuous and consistent point cloud. Subsequently,
the mesh coordinates were rescaled to standard units to ensure consistency across all datasets. The purpose of
the data preprocessing stage was to ensure the quality of the gathered data while also enabling correct
transformation for further analysis in Phase IIT and Phase IV. The digital replicas of the pavement core samples
are presented in Figure 3(b) and (c). Both digital and physical replicas were used in Phase III and Phase IV to
calculate the MTD and validate the process against real samples.

3.3. Phase Ill: MTD calculation

The corresponding MTD of the physical samples in Phase II were calculated using standard sand-patch
test (ASTM International., 2015). The MTD of digital samples were calculated using FE-based MTD
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calculator (see Equation (1)). During the sand spreading process, consistency was maintained across
corresponding regions of both the physical core and the physical replica (see Figure 4).
4V

MTD = —,
nD?

(1)
where:

MTD: mean texture depth (mm),

V: volume of sand used (mm?),

D: average diameter of the sand patch (mm).

The digitalisation setup of the sand-patch test for the digital samples is presented in Figure 4. To
simulate the sand patch test on digital samples, tetrahedral (4-node) elements were generated to fill the
volume below the reference plane, as shown in Figure 4. If the total number of elements used to fill the
void is ‘#’, then the volume (V] ) was calculated using Equation (2).

V- z % | det(M) |, @)

V=W ()

where:

® (+Z direction: top view) (-Z direction: bottom view)

'fR,nadiu_;s Sfeon

Digital visualization of the
negative texture filled with
tetrahedral elements

(a) (b) ()

Sand-Blled area

A Upper reference plane relative
(+Z direction: "7\ to the peak node of the peak
top view) l /aggregate
1}
(-2 d|rect!on: T \ Negative texture, volume Blled with
bottom view)

tetrahedral elements
(d)

Figure 4. Digital simulation of sand-patch test: (a) visualisation of sand-filled area on physical core, (b) digital simulation
of the sand patch test, (c) zoomed-in view of the negative texture filled with finite elements and (d) side view of the
digital visualisation.
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Bx - Ax By B Ay Bz - Az
M: CX - Ax C)/ - Ay CZ - AZ 5
DX - Ax D)/ - Ay DZ - AZ

Vy: Total volume covered by individual tetrahedral element (mm?).

A, B, C, D: The vertices of a tetrahedral element and the coordinates of its four nodes can be represented
as A (x1,y1,21), B (x2,02,22), C (x3,93,23) and D (x4,y4,24).

It is noted that the size of the tetrahedral elements may influence the calculated MTD values, as larger
elements can partially fill surface voids while smaller elements provide a more detailed representation of
the surface geometry. In this study, a tetrahedral mesh was generated using an adaptive mesh generation
approach. In this procedure, smaller elements were assigned to regions with higher surface curvature,
sharp texture variations and complex void geometry, while larger elements were used in smoother regions.
This allowed the main macro-texture features to be captured with sufficient geometric resolution while
avoiding unnecessary computational cost. Different mesh refinement levels were examined during the
development stage, and the adopted mesh was selected once further refinement produced only negligible
changes in the calculated MTD values. Furthermore, the FE-based MTD calculations were validated
against the results obtained from the physical sand patch tests, and the good agreement observed indicates
that the chosen mesh discretisation provides a reliable representation of the surface geometry.

3.4. Phase |V: statistical approaches to evaluate the results

In Phase IV, validation and statistical analyses were conducted, which are presented in the following
section. The distributions of MTD data and descriptive statistics were calculated and analysed using
statistical tools such as box plots (Wickham & Stryjewski, 2011), the Shapiro-Wilk test (Shapiro & Wilk,
1965) and Levene's test (Levene, 1960). It is noted that parametric analyses were conducted after
confirming that the data followed a normal distribution. To compare similarities among the four categories
of Physical core, Physical replica, Digital core (a digital replica of Physical core) and Digital replica (a
digital replica of Physical replica), data analyses were conducted for three group pairs for both Mixture 1
and Mixture 2: Physical core and Physical replica, Physical core and Digital core, and Physical replica and
Digital replica. To maintain comparability across samples, surface sections of consistent size (diameter of
154 mm) were considered across all samples to ensure comparability. The similarity between the Physical
Core, Physical Replica, Digital Core and Digital Replica was evaluated based on a statistical comparison of
MTD values obtained from corresponding localised regions. Specifically, repeated measurements were
conducted on each sample, and similarity was assessed using descriptive statistics and distribution-based
comparisons. In addition, statistical tests such as the Kolmogorov-Smirnov (An, 1933), Anderson-Darling
(Anderson and Darling, 1954) and Cramér-von Mises (Cramér, 1928) tests were employed to evaluate the
similarity of data distributions between corresponding sample pairs. Finally, a comprehensive discussion
was carried out based on the validation accuracy of the replicas and the applicability of the proposed
methodology.

4. Results and discussion

The key outcomes, aligned with the phases described in the methodology, are presented in this section.

4.1. Validation using random sampling and masking technique

In order to eliminate human bias in visual validation, this study introduces a random masking technique,
as validation processes involving human intervention are inherently limited in objectivity. Human-based
visual inspection is intrinsically subjective and may exhibit considerable variability among evaluators,
thereby compromising the consistency and reliability of the outcomes. Furthermore, manual visual
validation is both time-intensive and unsuitable for large-scale datasets. Consequently, an automated
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and randomised approach employing random sampling and masking techniques was implemented to
assess the similarity of features between Physical Cores and their corresponding Physical Replicas.

As shown in Figure 5, a random masking technique was used to compare the original Physical Cores
with their corresponding Physical Replicas. An automatic feature recognition application was created to
identify and track similar surface features between the core and the corresponding replica. The locations of
these features were randomly selected, and the corresponding areas were highlighted using circles, as
presented in Figure 5. The initial visual validation was performed manually with human intervention.
Upon satisfactory confirmation, automated feature correlation was subsequently conducted using com-
puter vision techniques (OpenCV). This process involved a visual comparison of the surface morphologies
between the Physical Core and its corresponding Physical Replica. To eliminate bias associated with the

mixture type, all image data were compiled into vector forms X;_; . ,M;-;  x and X1 M=,k
during the data pre-processing stage. Where X; represents the space of random locations in the Physical
Core, X; represents the space of random locations in the Physical Replica, M; denotes the random mixture

type, n is the number of samples and k is the number of mixtures. On the basis of the automated technique
conducted at random locations, as shown in Figure 5, it was observed that the Physical Replicas exhibit a
strong agreement with their corresponding Physical Cores. This automated validation approach is
proposed as a simple and practical method that can be readily adopted by road agencies and researchers
to manually verify the similarity of surface samples. Although more advanced technologies, such as
convolutional neural networks (CNNs) and other computer vision techniques, could be applied to enhance
image-based similarity analysis. However, these methods typically require large datasets of surface samples,
which were not available for the current study. Hence, the application of such advanced image analysis
techniques lies beyond the scope of this paper.

4.2. Analysis of preliminary descriptive statistics

Following the method described in Phase III, 110 MTD tests were carried out on all physical samples.
Correspondingly, for digital samples (X;M; and X;-Mj ), 110 MTD values were also calculated using the FE-

based 3D geometry calculation technique described in the previous Section 3.3. A total of 220 MTD values
were obtained across all physical and digital samples. For each individual sample (Physical Core, Physical
Replica, Digital Core and Digital Replica), 11 repeated MTD measurements were conducted. The reference
MTD values for each mixture were calculated as the average of repeated measurements conducted on the
corresponding Physical Core samples. Due to the limited specimen diameter of 154 mm, the measure-
ments were performed on carefully selected localised regions distributed across the surface. Corresponding
regions were maintained between the original samples and their replicas to ensure consistency and
comparability in the analysis. The MTD values of the samples were plotted by assuming the Physical
Core as the reference condition, as shown in Figure 6. For clarity and to illustrate the methodology
effectively, the comparative results presented in this subsection focus on Mixture 1 and Mixture 2. It is
noted that the same analysis steps were applied consistently to Mixtures 3, 4 and 5. As described previously
(Section 3.1), Mixture 1 exhibited higher air voids due to its larger aggregate size compared to Mixture 2,
which was expected to result in higher MTD values. As shown in Figure 6(a) and (b), Mixture 1 had higher
MTD values than Mixture 2, which is consistent with findings reported in the literature (Song, 2022).

Another important observation from Figure 6 is that both Physical and Digital Replicas exhibited MTD
value patterns similar to those of their corresponding Physical Cores. For example, in Figure 6(a), Sample 9
shows the lowest MTD value, which was consistently reflected across all other MTD values of the replicas.
A similar behaviour was also observed in Figure 6(b) for Mixture 2. The MTD values of the Physical
Replica, Digital Replica and Digital Core (see Section 3.4) closely followed those of the Physical Core,
indicating that the replication techniques successfully preserved the surface texture characteristics.

To determine the absolute difference between the reference sample and the replicas, a quantitative
evaluation was carried out by calculating the absolute percentage error using the data presented in
Figure 6. The error was calculated by comparing the MTD values of the replicas with the corresponding
Physical Core values, which were considered as the reference condition. The absolute error was obtained as
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(b)

Figure 5. Visual validation of physical samples: (a) feature analysis of random locations in physical cores and (b) feature
analysis of random locations in physical replicas.
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Figure 6. Comparison of MTD values: (a) visualisation of MTD in relation to sample number for Mixture 1, (b) visualisation
of MTD in relation to sample number for Mixture 2, (c) box plots of four data categories for Mixture 1 and (d) box plots of
four data categories for Mixture 2.

the difference between the replica and reference MTD values, and the absolute percentage error was
calculated by normalising this difference with respect to the reference value and expressing it as a
percentage. The absolute percentage errors of the replicas with respect to the Physical core generally
remained below 5%, indicating a high level of accuracy in the replication process. Mixture 2 displayed
slightly greater variability, with errors ranging between 1.1% and 7.1%, whereas Mixture 1 showed more
stable and lower discrepancies, mostly within the range of 2.3%-6.7%. Since this study focused on
macrotexture, the differences between the physical samples and their corresponding replicas were minimal
and the errors remained within practical limits. These results therefore confirmed that both the digital and
physical replication techniques reliably preserved the surface texture characteristics of the reference
samples. It is noted that the variability observed in the MTD measurements is consistent with the
known reproducibility limits of the sand patch test method. The differences between the Physical Core
and corresponding replicas fall within the expected range of experimental variability associated with MTD
measurements, indicating that the observed discrepancies are not solely due to the replication process but
also reflect inherent measurement uncertainty. This further supports the consistency and reliability of the
results obtained in this study.

As described in the previous paragraph, the absolute difference only summarises the percentage error
between the reference sample and the corresponding replica and does not provide any statistical insight
into data variability. To obtain this statistical information, the interquartile range (IQR), median and
potential outliers were analysed and visualised using box plots, as shown in Figure 6(c) and (d). These plots
provide a statistical basis for assessing whether the corresponding samples adequately represent the
reference sample.



16 e W. A. A. S. PREMARATHNA ET AL.

As expected, Mixture 1 consistently exhibited higher median MTD values across all four categories,
indicating a coarser surface texture compared to Mixture 2, as discussed previously. In all categories of
Mixture 1, the lower whiskers were relatively short, indicating that the minimum MTD values were close
to the lower quartile and thus there was less variation on the lower end of the data. Conversely, the upper
whiskers were notably longer, suggesting a greater spread or variability in the higher MTD values. This
asymmetric whisker pattern indicated that while the lower range of texture depths was quite consistent
across samples, the upper range exhibited more variability. In contrast to Mixture 1, the box plots for
Mixture 2 showed the IQR values more centrally between the lower and upper whiskers, indicating a more
symmetric distribution of MTD values and suggesting balanced variability on both sides of the median.
This relatively symmetric distribution may be attributed to the finer aggregate size and more uniform
surface characteristics of Mixture 2.

The median MTD values observed in the box plots indicated alignment between different data
categories within each mixture. In Mixture 1, the medians of the Physical replica and Digital replica
categories were closely aligned, indicating good agreement between the physical replication process and
the corresponding digital analysis. In Mixture 2, a relatively stronger pattern of consistency was observed,
where both the Physical core and Digital core, as well as the Physical replica and Digital replica, exhibited
closely aligned medians. This suggests that Mixture 2 exhibited more uniform and reproducible surface
texture characteristics across both physical and digital domains, potentially due to its finer aggregate
structure.

4.3. Analysis of normality and distribution

The IQR provides insight into the central spread of the data but has limited capability to capture the full
characteristics of the distribution, such as variance homogeneity and normality of the different sample
categories. These statistical properties have direct implications for the reliability of surface texture
characterisation within the context of pavement engineering. The normality of the MTD distribution
supports the assumption that surface texture variations arise mainly from inherent material heterogeneity
rather than systematic experimental or methodological bias. It is noted that a normally distributed MTD
dataset indicates that the texture measurements are consistent and representative of the true surface
characteristics of the mixture. This is particularly important when MTD values are later used for modelling
pavement performance indicators such as rolling resistance, which are sensitive to texture variability. In
contrast, variance homogeneity across the physical and digital samples ensures that the variability in MTD
is comparable among the different measurement techniques. In pavement texture analysis, this means that
the digital and physical replication processes introduce similar levels of uncertainty, validating the
equivalency of the measurement methods.

In order to assess the underlying distribution and variance equality of the MTD data, statistical tests
such as Levene's test (Levene, 1960) and the Shapiro-Wilk (Shapiro & Wilk, 1965) test were conducted.
Assessing normality was essential for evaluating the reliability of the means and standard deviations used
in parametric analyses. These tests served as critical prerequisites for selecting appropriate parametric or
non-parametric methods for comparative analysis in this study. Levene's test was conducted to assess the
assumption of variance homogeneity across the different categories within mixture types. The null
hypothesis (Hy ) was set as all groups have equal variances (homoscedasticity), while the alternative
hypothesis (H; ) was set as at least one group has a different variance (heteroscedasticity). As given in
Table 1, the p-values for all mixtures were significantly greater than the significance level of 0.05.
Therefore, the null hypothesis could not be rejected for any of the mixtures. It indicates that the variances
across the groups are statistically equal.

Table 1. Levene's test.

Mixture type Levene's test statistics p-value Status of the hypothesis

Mixture 1 0.4386 0.7266 Fail to reject Hy: variances are equal
Mixture 2 0.0251 0.9945 Fail to reject Hy: variances are equal
Mixture 3 1.8348 0.1564 Fail to reject Hy: variances are equal
Mixture 4 0.8933 0.4530 Fail to reject Hy: variances are equal

Mixture 5 1.4933 0.2310 Fail to reject Hy: variances are equal
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Table 2. Shapiro-Wilk test.

Mixture type Group W statistics p-value
Mixture 1 Physical core 0.894 0.157
Physical replica 0.920 0.321

Digital core 0.920 0.322

Digital replica 0.845 0.136

Mixture 2 Physical core 0.890 0.138
Physical replica 0.922 0.336

Digital core 0.973 0914

Digital replica 0.967 0.858

Mixture 3 Physical core 0.916 0.285
Physical replica 0.938 0.503

Digital core 0.878 0.097

Digital replica 0.925 0.363

Mixture 4 Physical core 0.922 0.338
Physical replica 0.878 0.098

Digital core 0.943 0.553

Digital replica 0.917 0.291

Mixture 5 Physical core 0.896 0.165
Physical replica 0.947 0.609

Digital core 0.912 0.253

Digital replica 0.881 0.108

The Shapiro-Wilk test was employed to assess whether the MTD data in each group were obtained from a
normally distributed population. In this test H, assumed that the data were normally distributed, while the H;
suggested a deviation from normality. As shown in Table 2, all sample groups exhibited p values greater than
0.05, indicating that the null hypothesis could not be rejected for any group. In addition, the W-statistics values
for all groups were close to 1, suggesting that the data closely followed a normal distribution. The results
confirm that the assumption of normality was satisfied for all groups. Therefore, the use of parametric statistical
tests (such as t-tests) is appropriate for subsequent comparative analysis of the MTD data.

As shown in Figure 7(a), the calculated mean values for the Physical core, Physical replica, Digital core and
Digital replica were % =1.094, % = 1.126, %3 = 1.099 and %4 = 1.134, respectively, for Mixture 1. As shown in
the corresponding figure, the curves appeared to be symmetrical about their means, indicating normality in the
data distributions. It was also observed that the curve corresponding to the Digital core exhibited the highest
density and was more concentrated around the mean. Moreover, it had the lowest standard deviation of 0.037
mm among the four groups, suggesting lower variability and higher consistency in the MTD values for the
Digital core. In contrast, the Physical replica had the highest standard deviation (0.059 mm), reflecting slightly
more variation in its measurements. The standard deviations for the Physical core (0.050 mm) and Digital
replica (0.051 mm) fell in between, indicating moderate consistency.

The mean values and MTD distributions of the Physical core and Digital core were relatively close to
each other, suggesting a good agreement between the physical specimen and its digital representation.
Similarly, the Physical replica and Digital replica also showed closely aligned means and similar distribu-
tion shapes, indicating that the replication process and digital modelling were in strong agreement in terms
of texture depth characteristics. The slight variations observed among the groups were still within
acceptable engineering tolerances for surface texture characterisation.

As shown in Figure 7(b), the groups of Mixture 2 exhibited normal distribution patterns, with mean values
of % = 0.871, % = 0.891, %; = 0.865 and x4 = 0.885 for the Physical core, Physical replica, Digital core and Digital
replica, respectively. The probability density curves for all four groups displayed similar peak heights, indicating
uniformly low variability across the dataset and a consistent concentration of values around the means. In
addition, the curves for the four groups were closely clustered, with standard deviations ranging from 0.041
mm to 0.043 mm. The mean values and distribution shapes of the Physical core and Digital core, as well as
those of the Physical replica and Digital replica, were closely aligned. As shown in Figure 7, the groups of all
mixtures demonstrated a strong correlation and a high level of agreement between the physical specimens and
their corresponding digital models in terms of surface texture characteristics.

4.4. Verification of physical and digital replicas

A deeper investigation of MTD value comparisons between Physical and Digital replicas was done using
three sets of sample pairs, which are ‘Physical core-Physical replica’, ‘Physical core-Digital core’ and
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Figure 7. Gaussian distribution curves: (a) Mixture 1, (b) Mixture 2, (c) Mixture 3, (d) Mixture 4 and (e) Mixture 5.
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‘Physical replica-Digital replica’. The relevant MTD values for the five samples were obtained by
performing repeated MTD tests. This approach was adopted to reduce the risk of reaching incorrect
conclusions caused by human error in the measurements. In addition to standard normality analysis (see
Section 4.3), three distributional similarity tests of the Kolmogorov-Smirnov (KS) (An, 1933),
Anderson-Darling (AD) (Anderson & Darling, 1954) and Cramér-von Mises (CvM) (Cramér, 1928)
were used to compare MTD data across the different sets (see Table 3).

The KS test was employed to assess whether two datasets originated from the same underlying
probability distribution. While the KS test was effective at detecting discrepancies near the central portion
of the distribution, its sensitivity was found to diminish when differences occurred in the tails or among
extreme values. To address this limitation, the AD test was used, as it places greater emphasis on the tails
of the distribution. This focus was critical for identifying subtle differences caused by outliers or skewness
that the KS test might have overlooked. In addition, the CvM test was applied to provide a more
comprehensive evaluation of distributional similarities across the entire range of the data. Collectively,
these tests were selected to ensure an unbiased comparison across all regions of the distribution, enabling
reliable detection of differences in shape, scale and tail behaviour.

As given in Table 3, all three statistical tests for Mixture 1 yielded p values well above the typical
significance threshold of 0.05 across all group comparisons. These results indicate a strong agreement
between the respective MTD distributions. However, in a few cases, p-values were observed to be close to

Table 3. Distribution similarity assessment.

Mixture type Group Test Statistics p-value
Mixture 1 Physical core and physical replica KS 0.2727 0.8326
AD 0.5049 0.2055

CvM 0.2045 0.2869

Physical core and digital core KS 0.1818 0.9971

AD 0.3515 0.2500

CvM 0.0909 0.6618

Physical replica and digital replica KS 0.2727 0.8326

AD 0.5600 0.2500

CvM 0.0744 0.7575

Mixture 2 Physical core and physical replica KS 0.3636 0.4792
AD 0.5201 0.2025

CvM 0.2107 0.2704

Physical core and digital core KS 0.1818 0.9971

AD 0.1134 0.2500

CvM 0.0289 0.9971

Physical replica and digital replica KS 0.2727 0.8326

AD 0.1376 0.2500

CvM 0.0723 0.8127

Mixture 3 Physical core and physical replica KS 0.5455 0.0747
AD 5.1299 0.1031

CvM 0.7810 0.2072

Physical core and digital core KS 0.2727 0.8326

AD 0.2353 0.2500

CvM 0.1426 0.4434

Physical replica and digital replica KS 0.3636 0.4792

AD 1.7949 0.0591

CvM 0.3864 0.0846

Mixture 4 Physical core and physical replica KS 0.2727 0.8326
AD 0.8375 0.2500

M 0.1550 04135

Physical core and digital core KS 0.1818 0.9971

AD 1.1359 0.2500

CvM 0.0289 0.9971

Physical replica and digital replica KS 0.2727 0.8326

AD 0.8077 0.2500

CvM 0.1612 0.3879

Mixture 5 Physical core and physical replica KS 0.4545 0.2115
AD 2.4052 0.1335

CvM 0.4112 0.0724

Physical core and digital core KS 0.0909 1.0000

AD 1.2001 0.2500

CvM 0.1269 0.9971

Physical replica and digital replica KS 0.3636 0.4792

AD 1.4023 0.0858

M 0.3017 0.1447
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Table 4. Analysis of two-sample t-test.

Mixture type Group p value
Mixture 1 Physical core and physical replica 0.18
Physical core and digital core 0.77
Physical replica and digital replica 0.80
Mixture 2 Physical core and physical replica 0.25
Physical core and digital core 0.69
Physical replica and digital replica 0.75
Mixture 3 Physical core and physical replica 0.07
Physical core and digital core 0.67
Physical replica and digital replica 0.71
Mixture 4 Physical core and physical replica 0.72
Physical core and digital core 0.85
Physical replica and Digital replica 0.82
Mixture 5 Physical core and Physical replica 0.06
Physical core and Digital core 0.21
Physical replica and Digital replica 0.83

the threshold, suggesting minor deviations between datasets. The comparison between the Physical core
and Digital core resulted in p-values of 0.9971 (KS), 0.2500 (AD) and 0.6618 (CvM), suggesting a high
degree of similarity in both central tendency and overall distribution shape. Similar outcomes were
observed in the comparisons involving the Physical replica, further reinforcing the distributional agree-
ment between the physical and digital models.

A similar trend was observed for Mixture 2. All group comparisons resulted in p-values higher than the
threshold, indicating strong similarity between the distributions. However, some p-values were relatively
close to the significance threshold, suggesting minor deviations that may arise from inherent surface
variability or measurement uncertainty. The Physical core-Digital core comparison yielded p-values of
0.9971 (KS), 0.2500 (AD) and 0.9971 (CvM), confirming that real MTD tests were done accurately. For
Mixture 3, which was a relatively new dense asphalt sample, the KS, AD and CvM tests all produced p-
values above 0.05. Although the AD and CvM tests yielded p-values that were closer to the significance
threshold for the Physical core-Physical replica and Physical replica-Digital replica comparisons, these
deviations remain within acceptable limits and do not affect the overall agreement between datasets.

Mixture 4 and Mixture 5, which were the rejuvenated ZOAB16 samples, all three tests produced p-
values higher than the threshold value for every comparison. This confirmed that the smoother and more
closed surface resulting from the rejuvenation treatment was captured reliably in both the physical and
digital replicas. Furthermore, while comparing individual results, it was also observed that the results in-
between the sets of Physical core-Physical replica, Physical core-Digital core and Physical replica-Digital
replica were also representative in terms of macrotexture.

4.5. Comparative analysis of MTD using t-test and effect size

After confirming the normality and similarity of the data distributions across the groups of both mixtures
using the tests presented in Section 4.4, further analyses were carried out to justify the comparison of mean
MTD values between groups through parametric statistical methods. The KS, AD and CvM tests provide
insight into overall distributional similarities-capturing differences in scale, shape and the presence of
outliers. However, they cannot determine whether the average surface texture depths differed significantly
between the Physical specimens and their replicas. Therefore, different tests are required. Two-sample ¢-
tests were conducted to determine whether any statistically significant differences existed between the
mean MTD values of the sets for all five samples. In parallel, Cohen's d effect size analysis was conducted
to quantify the magnitude of mean differences independently of sample size.

In two-sample t-test, the null hypothesis (H, ) was proposed that there was no significant difference in
the mean MTD between the two sets, while the alternative hypothesis (H; ) proposed a significant
difference existed. As given in Table 4, all p-values were found to exceed the commonly used significance
threshold of 0.05. This observation indicates that no statistically significant differences in mean MTD were
detected across any of the set comparisons for either mixture. These results suggest that the physical and
digital samples were comparable in terms of average surface texture depth.
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Table 5. Analysis of Cohen's d test.

Mixture type Group Cohen's d value Effect size
Mixture 1 Physical core and Physical replica —-0.596 Medium
Physical core and Digital core -0.123 Insignificant
Physical replica and Digital replica —-0.131 Insignificant
Mixture 2 Physical core and Physical replica —0.485 Medium
Physical core and Digital core +0.153 Insignificant
Physical replica and Digital replica —0.150 Insignificant
Mixture 3 Physical core and Physical replica —-0.556 Medium
Physical core and Digital core —-0.125 Insignificant
Physical replica and Digital replica -0.172 Insignificant
Mixture 4 Physical core and Physical replica +0.096 Insignificant
Physical core and Digital core —-0.082 Insignificant
Physical replica and Digital replica -0.186 Insignificant
Mixture 5 Physical core and Physical replica -0.412 Medium
Physical core and Digital core +0.082 Insignificant
Physical replica and Digital replica —-0.153 Insignificant
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Figure 8. Comparison of MTD values across the five mixtures.

However, statistical significance alone does not fully capture the practical relevance of the observed
differences, particularly given the small to moderate sample sizes. Therefore, Cohen's d effect size was
calculated to quantify the magnitude of the differences independently of sample size. As summarised in
Table 5, the effect sizes for the comparisons between the Physical core and Physical replica ranged from
medium (d = -0.60 for Mixture 1, d =-0.49 for Mixture 2, d = —0.56 for Mixture 3 and d = -0.41 for
Mixture 5), suggesting a moderate increase in MTD for the Physical replicas relative to the Physical cores.
In contrast, the effect sizes for the comparisons between the Physical core and Digital core, as well as
between the Physical replica and Digital replica, were consistently small (|d| <0.2), indicating negligible
practical differences between the physical samples and their digital counterparts in all samples. Since this
research is not concerned with whether a sample deviates in a positive or negative direction from the
mean, the focus is solely on the magnitude of the deviation.

Figure 8 shows the agreement in MTD values across the five mixtures for all four sample types. The
Physical core results show a clear decreasing trend in MTD from Mixture 1 to Mixture 5, and both the
Physical replicas and the digital replicas follow this trend closely. The Physical replicas exhibit slightly
higher MTD values in Mixtures 1, 2, 3 and 5, consistent with the medium effect sizes reported in Table 5,
although these differences remain small relative to the overall trend. The near overlapping markers for the
Digital core and Digital replica further demonstrate that the digital reconstructions captured the physical
surface texture with high fidelity. Overall, the figure visually confirms the statistical findings, supporting
the reliability of the digital samples for reproducing macrotexture characteristics.

Importantly, the decreasing MTD trend from Mixture 1 to Mixture 5 is also fully consistent with
expectations based on mixture type and material conditioning. Mixture 1, representing the PA sample
without rejuvenation, understandably exhibits the highest macrotexture depth due to its more open
surface structure. In contrast, Mixture 5 corresponds to the rejuvenated PA sample, which is expected
to have the lowest MTD as the rejuvenation process tends to soften the binder and promote aggregate
reorientation or densification, reducing surface voids. The results in Figure 8 align with these established
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behaviours seen in pavement engineering practice, further reinforcing the validity of both the measure-
ment approach and the observed texture trends.

5. Conclusion

This research focused on developing and validating a methodology for replicating and assessing pavement
surface texture geometry at the macro-texture level using both physical and digital approaches. The proposed
methodology integrated MTD as a key 3D texture indicator, casting technology, automated random masking
technique and smartphone video-based digital modelling using computer vision. The methodology was
demonstrated using distinct asphalt mixtures with varying surface characteristics, and verification was
performed using three additional randomly selected samples. Physical replicas were produced using silicone
rubber casting and epoxy moulding, while digital replicas were generated using SfM techniques applied to
smartphone-recorded videos. Validation of macro-texture geometry was carried out for both replica types using
sand patch tests and the 3D geometric calculations. Comprehensive statistical analyses, including descriptive
statistics, normality tests, variance homogeneity analysis and verification tests, were used to validate the results.
The results showed that all samples of sets followed normal distributions with consistent data patterns. Based
on the results and analysis presented in this paper, the following key conclusions can be drawn.

I. MTD values calculated from sand-patch testing (physical) and 3D geometric calculations confirmed
strong agreement between reference cores and their replicas. Absolute percentage errors remained
below 7% in all cases, and statistical analyses (box plots, normality tests, distribution similarity tests, ¢-
tests and effect size evaluation) indicated no statistically significant differences in most cases, with
minor deviations observed in a few instances. These deviations fall within the expected range of
measurement variability and do not affect the overall validity of the results. Hence, it could be
concluded that both replication routes retained the macro-texture geometry with engineering-level
accuracy.

II. A random sampling and masking technique was introduced to replace traditional human-subjective
visual comparison to avoid natural human biases. This automated method showed strong similarity
between cores and replicas, eliminating interpretation bias and proving suitable for scalable surface
validation.

III. Based on the findings from the various statistical measurements, the digital cores and replicas
consistently exhibited MTD distributions and mean values that were comparable to those of their
physical counterparts. Cohen's d effect size analysis indicated only small to medium practical differ-
ences. This suggests that smartphone-based 3D reconstruction, when paired with appropriate post-
processing, can provide digital surfaces of sufficient fidelity for pavement texture studies. The proposed
methodology performed well across different varieties of pavement samples.

In general, it can be concluded that the proposed framework provides a validated pathway for
conducting pavement surface studies in a controlled environment without depending solely on field
testing. It enables cost-efficient, repeatable experimentation on pavement performance and supports the
development of cloud-based systems for large-scale pavement monitoring. Future work could extend the
current methodology by integrating additional 3D texture indicators (e.g., RMS, skewness, etc.) for a more
complete surface geometry characterisation. Incorporating machine learning techniques could also auto-
mate texture classification and similarity assessments. Expanding the methodology to larger pavement
sections and diverse surface types under real-world environmental conditions would help validate its
robustness.

6. Limitations and future work

While the proposed methodology demonstrates strong potential for validating physical and digital
pavement surface replicas at the macro-texture level, several limitations are acknowledged. The validation
is primarily based on MTD as a macro-texture indicator, which, although practical and cost-effective, does
not fully capture the complete three-dimensional complexity of pavement surface geometry. The study is
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also limited to specific sets of pavement samples and mixture types, which may not fully represent the
variability encountered in real-world conditions. In addition, the smartphone-video-based digital
reconstruction approach is sensitive to factors such as lighting conditions, camera motion and image
quality, which may influence the accuracy of the generated digital replicas. Although these factors were
controlled as much as possible during testing, variations in data acquisition conditions may influence the
quality of the reconstructed digital replicas. The current work focuses on geometrical validation, without
explicitly assessing functional performance aspects such as friction, rolling resistance, or long-term
mechanical behaviour of the replicas.

Although smartphone-video-based acquisition provides a practical and low-cost solution, extracted video
frames may be affected by compression artefacts, motion blur and shutter-speed limitations. Future studies
should investigate the use of high-resolution still-image acquisition to further improve reconstruction accuracy
for precision-sensitive applications. Future research should focus on incorporating additional 3D texture
parameters to provide a more comprehensive surface characterisation and extending the methodology to
larger and more diverse datasets covering a wider range of pavement conditions. The integration of advanced
computer vision and machine learning techniques could further enhance automation, classifications and
accuracy in the validation process. Moreover, linking geometrical validation with functional pavement
performance indicators would strengthen the practical applicability of the approach. The framework can
also be further developed toward a cloud-based pavement monitoring system, enabling scalable and cost-
effective surface assessment in real-world applications.
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