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Abstract

The lack of a unified, accessible platform for collecting and sharing standardized asphalt test result data has limited progress in data-driven pavement
research. To address this challenge, AsphaltMine (https://asphaltmine.org) is being developed as a comprehensive web application platform dedicated to
advancing data-driven pavement engineering. It allows users to collect asphalt test results in an organized online database, which can later be used to train
machine learning models for predicting asphalt performance. The platform enables laboratories to contribute and retrieve unified laboratory test data for
different tests, currently including the Rutting test, Marshall test, ITS, TSRST, and dynamic stiffness test. In addition to mixture test results, users are
requested to input the corresponding component material test results and material proportions. The schema for these tests follows the European test
standards, allowing standardized parameters to be entered. Users can upload data via an interactive web form or through a unified Excel sheet using a
bulk import tool. The results are ultimately stored in a NoSQL database. In this paper, we discuss the potential benefits and challenges of creating such a
database as well as describe the system architecture and data model of AsphaltMine, including the curation process and record storage, record structures,
and user record management functionalities. We then demonstrate the data analysis and prediction features using the first test result prediction tool that
was developed using the collected test results.

Keywords: Database; Web Application; Asphalt Performance Tests; Machine Learning; Prediction Platform.

asphalt mixtures [9]. Likewise, the application of balanced mix
design approaches that use performance-based test methods
has been shown to allow designing mixtures that ensure long-
term pavement performance even when using innovative
component materials [10-12]. The downside of the
performance-based test methods, including rutting, cracking,
stiffness, fatigue, and moisture susceptibility tests, is the
significant effort needed to perform the tests. Gathering the
test result data in a database might allow the development of
data-driven test result prediction models that enable
reducing the needed testing effort while still allowing
significant innovation and optimization of mixture recipes.

1 Introduction

The advancement of artificial intelligence, particularly in
machine learning, has made material data repositories
essential, as these collections provide the training data
necessary to develop and improve the accuracy of models to
reflect real world physical behavior [1,2]. In construction and
infrastructure fields, several initiatives are trying to gather the
data in organized datasets, such as Deep Foundation Load
Test Database (DFLTD) [3], steel database [4,5], structural
dynamics datasets [6], and concrete-related databases [7,8].

Similar to other fields, in pavement engineering there is a

driving need for reliable laboratory test data on asphalt
mixture performance. This is especially important for
advanced mechanical asphalt test methods (sometimes
referred to as performance-based test) since the use of these
methods can accelerate the development of new, better
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According to the European asphalt pavement association
EAPA [13], Europe alone produced over 202 million tons of
hot and warm-mix asphalt in 2023. Due to the large amount
of asphalt produced, even small improvements in the
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material performance can lead to significant reductions in
cost, resource consumption, and environmental impact.

The potential benefits of pavement databases have been
recognized for many years. Several such databases exist
globally, most notably the US Federal Highway
Administration’s Long-Term Pavement Performance (LTPP)
[14], which maintains the world’s largest pavement
performance database, covering asphalt and concrete
sections across both the US and Canada. A related project is
the Info-Materials [15] that contains asphalt and concrete
material research testing results. Similarly, Sweden has an
LTPP monitoring project [16]. Another example is the Caltrans
Accelerated Pavement Test (CAL/APT) program [17], which
developed a relational database that includes laboratory and
Heavy Vehicle Simulator (HVS) test results for asphalt and
concrete, in addition to project and traffic data. Pavement
Management Systems (PMS) databases track network
condition indices and maintenance history, such as the US
Massachusetts state PMS [18], the municipal street PMS in
Sweden [19], and national PMS like in the US [20,21], in
Sweden [22] and in Switzerland [23].

While the above-mentioned are clearly needed efforts that
have brought many advantages, almost all these databases
are closed and owned by a single entity. A crowdsourced
database could allow accumulating a large amount of data
that is typically not available to single laboratories. A large
dataset would then enable the development of reliable data-
driven prediction models. The use of unified European
standards permits the creation of a cross-country database,
thus enabling even small laboratories to contribute to and
benefit from the creation of large datasets.

To enable the benefits that a large test result dataset can
provide, we are developing AsphaltMine
(https://asphaltmine.org) [24]. It is a web application for
collecting asphalt mixture test results in a structured online
database from laboratories that perform the tests according
to the European standards. The data will enable training of
predictive models for the test results based on mixture recipe
and component material properties. AsphaltMine has the
following key features:

e |t is a crowdsourced database, which enables the
combination of data from multiple contributors,
resulting in the potential to develop a much larger
overall dataset than any single laboratory could
produce.

e It will host machine learning predictive tools for asphalt
mixture test result prediction. This way, it can be used
to virtually test several mixtures before performing
physical testing in the laboratory. It will also allow
updating mixture recipes when the properties of
component materials change, such as in the case of
using reclaimed asphalt.

e Once individual test result prediction tools are
developed, it will enable creating a tool that allows
users to define the desired properties of a mixture and
back-calculate the required mixture recipe and the
needed materials.

e |t will allow users to visualize and statistically
characterize the data available in the database.

We have also identified several challenges that arise when
trying to gather data for AsphaltMine:

e Even if European Standards are used, users can still
define many parameters and choose between multiple
testing methods, making the comparison between the
tests difficult.

e Awide variety of asphalt types and component material
sources are used across Europe, which are not
necessarily characterized to the extent that would
enable development of accurate universal prediction
models (this same problem exists for physics-based
modeling of asphalt performance).

e There are large differences in how data is stored and
managed in various laboratories, and often manual
effort for moving the data and saving it in AsphaltMine
is required.

e A certain quality of the uploaded data has to be
ensured, which can be challenging considering that the
data originates in different laboratories across many
countries.

e The confidentiality and legal aspects can prevent
laboratories from contributing data.

Some of these challenges can be addressed by increasing the
size of the final dataset and performing a deep data analysis
before using the data on a major scale. Other challenges could
be overcome if practical benefits of the tools are
demonstrated, thus justifying the effort required for
collecting the data. We will discuss how to overcome the
challenges in the paper.

This paper provides an in-depth description of AsphaltMine,
including its purpose, structure, and capabilities. First, we
describe the system architecture of AsphaltMine, including
the data curation process and the internal XML storage. Next,
we detail the record structure in AsphaltMine and the
rationale for selecting particular performance tests. We then
discuss user record management, highlighting the workspace
feature that facilitates user collaboration on the platform, as
well as other capabilities. Finally, we demonstrate the
prediction platform of AsphaltMine and provide a general
discussion about the potential benefits and challenges of
creating the platform.

2 Objective

The objective of AsphaltMine is to enable the development of
data-driven models for asphalt test result prediction. To
achieve this, a web-based platform is developed for collecting
asphalt test results along with the respective component
material proportions and properties in an organized online
database.

3 Database System Overview

AsphaltMine, as shown in Figure 1, is designed as an end-to-
end pipeline from data collection to a prediction tool. It is a
web-based platform where participants upload asphalt
mixture composition, component materials, and mix test
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Figure 1. The AsphaltMine Web Application Overview.

results into a central database. This data can then be used to
train machine learning models for predicting performance
tests, followed by publishing user-friendly prediction tools on
the platform. The data can also be used for visualization, co-
working, and statistical analysis.

The backend of the platform is built starting from the open-
source Configurable Data Curation System (CDCS) developed
by NIST [25,26], which is a flexible framework for data
repositories that supports custom schemas and collaboration.
The AsphaltMine web application runs online using the open-
source Django [27], which works with Python.

The data curation and internal data saving process are
explained in more detail in the supplementary materials.

4 Records Overview

The XML records in AsphaltMine are based on the XSD files
that define the permitted schema or structure of the record.
This non-relational, XSD-based structure was selected

because it accommodates evolving standards, allowing the
XSD to be updated and existing records to be migrated to a
new version. It also provides flexibility, as records vary across
materials and users can add custom properties without a
fixed limit. The XSD for each test defines the record detailed
tree structure for the test. In AsphaltMine, every single record
has four main branches as shown in Figure 2, which are the
Data Source, Mixture, Results, and Notes branches. More
information about the definition of the branches and
subbranches can be found in the supplementary materials.

The contributors of the data are acknowledged on the
AsphaltMine website, and we request that data users
acknowledge them also in any published materials where the
data from AsphaltMine is used. The statistics on the number
of test results in the database are provided and regularly
updated on the website.
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Figure 2. The tree structure of AsphaltMine database records, showing the first two levels.
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4.1 Test Methods included in the AsphaltMine

AsphaltMine follows the European test standard methods,
and results include fields for each of the items a particular
standard requires to report. This approach allows unified data
collection. One challenge lies in the fact that often European
standards permit user-defined test conditions or provide a
selection of alternative methods. These inconsistencies
across Europe in some cases make it difficult to use the data
for a single model. The performance tests currently included
in AsphaltMine are as follows:

e Hamburg Wheel-Tracking Test according to standard
EN 12697-22 [28].

e Marshall Test according to EN 12697-34 [29].

e Indirect Tensile Strength (ITS) according to EN 12697-23
[30].

e Thermal Stress Restrained Specimen Test (TSRST)
according to EN 12697-46 [31].

e Uniaxial Tension Stress Test (UTST) according to EN
12697-46 [31].

e Stiffness Test according to EN 12697-26 [32].

As of September 2026, AsphaltMine included 3067 Marshall
test records, 59 rutting records, 31 ITS records, and 24
stiffness test records. The live number of records and the
detailed statistics per test are openly available in the
visualization tool at
(https://data.asphaltmine.org/visualization/).

In the future, other test methods can be added based on the
need and availability of test results by users. The priority for
inclusion in AsphaltMine will be given to test methods for
which a significant amount of test results is available and that
require significant effort to perform the test (thus justifying
the need for a prediction model). Since the database might
need to be updated whenever a standard is revised,
AsphaltMine's structure supports XSD modification. As a

Add New
User

AsphaltMine
Workspace

feature, existing data is either migrated to the new schema or
retained in its original format with a version number,
depending on compatibility.

4.2 User's Record Management

Users can manage records in the database independently
through different functionalities, such as creating
workspaces, attaching files, editing records, or downloading
them. AsphaltMine includes a quick start guide and a
complete manual that guides users through all these
functionalities. In addition, the platform supports
workspaces, which are repositories that hold records.
Workspaces are an important feature that allows teams and
groups to share data in an organized manner, such as when
collaborating on a project or sharing laboratory data among
lab or group members. A chart of the AsphaltMine workspace
with its components is shown in Figure 3. More details about
the platform user functionalities can be found in the
supplementary materials.

AsphaltMine provides three levels of user access:

1) Unregistered users: Unregistered users can use the
visualization and prediction tools.

2) Registered users - read access: Any user can create an
account through email verification and receive read
access instantly. This allows users to inspect the
database, filter by workspace, download openly
available datasets or datasets for which they have
permission.

3) Registered users - read and write access: Registered
users can submit a request through their AsphaltMine
accounts for additional write access, after which the
access is granted. Registered users with write access can
upload data.

[ Name: Workspace A ]

[ Owner: User A

)
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Select Access level :
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Figure 3. AsphaltMine Workspace structure and the processes of adding new users and records to it.
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The tiered access measure provides a basic security and
governance mechanism to prevent automated or
unauthorized accounts from uploading inappropriate or low-
quality data. Once write access is granted, contributors can
upload their records and organize them within their own
workspaces. The decision to use a dataset for a particular
analysis remains the responsibility of the user, and access to
a dataset should not be interpreted as independent third-
party validation of its quality. Appropriate analysis of the data
should be performed, which includes checking its consistency,
suitability, variability and documentation for the intended
application by the users.

5 AsphaltMine Platforms

The goal of the AsphaltMine platform is to use the gathered
data to develop prediction tools for asphalt tests. These tools
will be published on the AsphaltMine platform and will enable
users to virtually test various asphalt mixture recipes. This
process can enable optimizing recipes before performing a
physical test in the laboratory. It can also help to adjust the
recipe if the material properties change. The mixture
tweaking can be especially beneficial when using reclaimed
asphalt since the properties of this material change over time
depending on the pavement that was milled.

Ultimately, we envision developing a tool that helps users
design asphalt mixtures with the desired properties through
optimization of the mixture recipes. By extension, this could
lead to improved pavement performance, more efficient
material use, and optimization of the recipes for
sustainability.

5.1 Prediction Platform Description

AsphaltMine prediction platform contains "Performance
Prediction" and "Mix Design" tabs as shown in Figure 4. In the
"Performance Prediction" tab, each lab test is listed
separately, allowing the user to choose the desired test. The
"Mix Design" tab will include in the future the ability to select
multiple desired properties that a certain mix design needs to
achieve, for which the model will try to predict the necessary
component materials and their proportions in a backward
prediction method.

One example currently available in the AsphaltMine
prediction tool is the Marshall test for asphalt, defined by EN

General

Sl m "

12697-34 [29]. This particular test was selected and included
in this paper for first demonstration of the model capabilities
because of the large amount of test results available. The full
development of the model and its performance evaluation is
described in [33].

In Marshall test, the output parameters are the Marshall
Stability in kN representing the maximum load applied during
compression, and Marshall Flow in mm representing the
deformation at that maximum load. The model was built
using a Physics-Informed Neural Network (PINN) approach,
and it was trained on 2656 test results from Switzerland. The
model considers Marshall test experimental reproducibility as
defined in EN 12697-34 [29], giving the final prediction output
for Marshall Stability and Flow as ranges rather than finite
values. According to [33], the prediction interval coverage
was 93% for both output parameters and the reproducibility-
adjusted R? [34] was 0.88 for Marshall Stability and 0.55 for
Marshall Flow on the test set, with very similar values
obtained through cross-validation, as described in [33].

The input prediction form for Marshall Test in AsphaltMine is
shown in Figure 5. The form states the source of the model at
the top and the type of results required for the input
parameters (materials recovered from the mixture). It shows
the input fields needed for the model for prediction, divided
into categories (volumetric, binder and composition). In
addition, each input field has a tooltip that gives a brief
description of the field, and a unit (°C, %, etc.).

It is important to note that although the amount of data used
to train the model [33] was more than 2500 records, it was
sourced solely from the Swiss Cantons of Zurich and Aargau.
Thus, this model is expected to perform well for mixtures
produced in these regions, as they share a similar pool of
materials to those used in training. However, its performance
will likely be worse when applied to mixtures from other
regions in Europe, as those datasets may have significant
differences in materials and their proportions. Expanding the
size and including various material sources in the training set
will result in better generalization and improvement of model
performance. This is a key reason we encourage other
European laboratories to contribute their data to
AsphaltMine.

Mix Design

TSRST Stiffness Test

Figure 4. AsphaltMine prediction tool navigator.
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5.2 Marshall Test Prediction Examples

In this section, we demonstrate the AsphaltMine Marshall
test prediction tool to predict four different test results based
on mixture composition. The physical tests for these same
mixtures have been performed in Switzerland and enable us
to compare the predictions to the tested results. The provided
cases serve to demonstrate the functionality of the prediction
tool rather than for validating the developed model. For a full
description of the model, the reader is referred to [33].

5.2.1 Samples

Four distinct Swiss samples were selected, including two
originating from Canton Zurich (denoted Z1 and Z2) and two
from Canton Aargau (denoted Al and A2). The experimentally
measured properties of the samples are shown in Table 1.
Note that neither of the four samples has been used for
training the model in [33].

5.2.2 Prediction Results

AsphaltMine prediction tool is used to predict Marshall
Stability and Flow using the properties and composition
provided in Table 1. These properties are filled in the form
shown in Figure 5, and then the “Predict” button is clicked,
after which AsphaltMine performs the calculation in less than
5 seconds and returns a summary of mixture properties and
the Marshall test prediction results, as shown in Figure 6 for
sample Z1.

As shown in Figure 6, the tool produces the prediction results
both as a plot and as numerical values stating the prediction
intervals for the Marshall Stability and Flow. Both formats
consider the test reproducibility, based on the standard used
(EN 12697-34 in this case). During prediction analysis, it is
important to consider the test reproducibility, since it means
two different labs can get two different results using the exact
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Table 1. Marshall test lab results for four different plant-produced mixtures.

Parameters Samples

Z1 22 Al A2
Swiss Canton Source Zurich Zurich Aargau Aargau
Maximum Density (mg/m3) 2.478 2.653 2.404 2.529
Bulk Density (mg/m?3) 2.335 2.430 2.075 2.399
Penetration (0.1mm) 46 37 48 23
Softening Point (°C) 76.6 56.8 61.6 69.9
Binder Content (%) 5.47 3.79 6.94 3.94
0.063 mm (%)* 10.5 8.7 12.0 8.0
0.125 mm (%)* 13.8 10.9 13.0 10.0
0.25 mm (%)* 18.1 13.6 135 13.2
0.5 mm (%)* 23.9 17.0 14.0 17.4
1 mm (%)* 34.9 21.7 15.4 23.1
2 mm (%)* 54.4 28.9 20.5 31.5
4 mm (%)* 77.5 41.5 95.5 43.4
5.6 mm (%)* 88.0 49.5 100 51.2
8 mm (%)* 98.5 59.6 100 59.6
11.2 mm (%)* 100 71.1 100 66.8
16 mm (%)* 100 84.7 100 84.3
22.4 mm (%)* 100 100 100 98.6
31.5 mm (%)* 100 100 100 100
Marshall Stability (kN) 14.7 12.0 6.5 20.5
Marshall Flow (mm) 3.6 2.6 2.2 2.7

*Percentage passing the corresponding sieve sizes

same sample. This makes the adoption of ranges rather than
finite values more accurate to cover the possible values for
different predictions.

For all samples, the AsphaltMine prediction results are listed
in Table 2. In the table, reproducibility is demonstrated, which
refers to the acceptable difference between results obtained
for the same sample in two different laboratories. It is
described by the standard deviation oz and the maximum
allowable difference R. The provided example cases were
selected to cover different situations and provided the
following results:

e For the sample Z1, one can see the experimentally
measured Marshall Stability (14.7 kN) and Flow (3.6
mm) are within the prediction limits of the model, as
Marshall Stability is in the oz range while Marshall Flow
is slightly outside o range but within R range.

e For sample Z2, which has high maximum density
compared to the records used for training in [33], the
measured Marshall Stability (12 kN) and Flow (2.6 mm)
were within R and the internal oz ranges, respectively.

e For sample Al, both measured Marshall Stability (6.5
kN) and Flow (2.2 mm) are within the internal og range.

e For sample A2, the measured Marshall Stability (20.5
kN) is outside both or and R predicted ranges, while the
Marshall Flow (2.7 mm) is in the center of oz range. This
is expected to a certain extent, since none of the
samples that the model was trained on had a Marshall
Stability higher than 20 kN [33]. Moreover, the model
itself showed underestimated Marshall Stability in
higher ranges, which could certainly affect the Marshall
Stabilities above 20 kN. This behavior of the model is a

result of insufficient amount of data for higher Marshall
Stability ranges, showcasing a need to add more data to
AsphaltMine. More variable data would decrease the
model bias and increase the prediction accuracy.

The provided four examples show that while the model (like
any model) is not perfect and cannot replace laboratory
testing, it can be used as a preliminary design tool and for the
evaluation of the effect of various mix design parameters on
the test results. It can be seen from the reproducibility
parameters that the model functions best around the typical
requirement range for the Marshall test, since in this range
most results were available for training the model. At the
same time, the provided examples, especially sample A2,
highlight the need for the model user to understand how the
models function and their limitations. To enable this, we
always provide a link on the prediction tool webpage to
documentation explaining the particular model.

5.3 Visualization Tool

The AsphaltMine visualization tool is available to any
unregistered user. It provides an interactive overview of the
datasets available in the database, as shown in Figure 7. It
summarizes the distribution of records by test type, binder
grade, year, mixing method, and key mixture and
performance properties. Users can view mean values,
uncertainty ranges, and record counts, and can select
individual charts to inspect detailed distributions.

Upon registration, users gain access to filter data by
workspace, mixture type, year, and binder grade, with further
data visualizations planned for future development.
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Figure 6. AsphaltMine Marshall Test prediction tool output for Sample Z1 showing the input mixture and the prediction results using EN 12697-
34 reproducibility.

Table 2. AsphaltMine Marshall test final prediction output for samples 71, 72, A1 and A2.

Output Marshall Stability (kN) Marshall Flow (mm)
Physical Prediction Range Testet_i Physical Prediction Range Testet‘i
Z1 14.7 14.7 t0 16.3 13.3t017.7 Op 3.6 29to 3.5 24t04.0 R
Z2 12.0 10.0to 11.6 8.6t013.0 R 2.6 2.3t02.8 1.8t03.4 Op
Al 6.5 58to07.4 4.4t0 8.8 OR 2.2 1.7t02.3 1.2t02.8 OR
A2 20.5 17.4t0 18.9 16.0t0 20.4 None 2.7 25t03.1 2.0to 3.6 or

This allows users to focus on specific mixture groups or time
periods and assess whether enough relevant data are
available for a particular analysis. The visualizations of sieve
gradation, binder content, RAP content, and other
parameters also provide a rapid understanding of the
composition and variability of the available mixtures. The
visualization platform also includes a live correlation matrix

that reports both Pearson and Spearman correlation
coefficients, together with the number of paired records used
for each calculation. Selecting a matrix cell opens a scatter
plot showing the detailed relationship between the
corresponding variables, as illustrated in Figure 8.
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Figure 7. AsphaltMine visualization tool.

This helps users investigate meaningful relationships,
distinguish general trends from possible outliers, and
evaluate whether a correlation is supported by a sufficient
number of records.

The main benefit of the visualization tool is that it enables
users to evaluate the suitability of the data for a specific study.
Researchers can identify which material types, test results, or
regions are well represented and where important data gaps
remain. This can help guide the selection of laboratory tests
and materials, avoid analyses based on insufficient data, and
support the preparation of reliable statistical and machine
learning models. Thus, the platform is useful for experimental
planning, numerical research, and data-based decision
making by both researchers and asphalt industry
stakeholders. An additional benefit for the stakeholders is the
ability to visualize their own data, for example to evaluate the
production consistency or annual variability.

6

AsphaltMine is an initiative toward crowdsourced
collaborative data collection that potentially can result in
gathering enough data for developing tools that predict
asphalt test results. It can be conceived that eventually the
models help develop better performing, longer lasting, and
more sustainable asphalt pavement materials.

Discussion

6.1 Database

With a wide range of features, and more that could be added
in the future, the platform serves as a data repository and a
user-friendly tool for machine learning model use.

AsphaltMine allows users to manage and control the access
rights to their records. We encourage users to make their data
public, even if in an anonymized form, to benefit the research
community. The data can be collected from quality control
laboratories, asphalt plant operators, and researchers,
facilitating the organization of their own data within the
workspaces and helping them find additional data already
available on AsphaltMine, which is useful for analysis and for
comparison.

Another possibility to consider for the future is for the
database to become a unified destination for data uploads for
international organizations or research journals. This would
support open research data principles. Making the data public
and available in a unified format, like other data already
shared in AsphaltMine [35], facilitates data reuse by the
research community. The community-driven nature of the
AsphaltMine project means that user feedback will guide its
development.
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Figure 8. AsphaltMine correlation matrix in the visualization tool.

6.2 Prediction tools

The datasets gathered through AsphaltMine can be used to
develop data-driven models that predict test results. Using a
prediction tool can potentially aid quality control engineers,
asphalt plant operators, and researchers in quickly optimizing
mixture recipes, while considerably reducing the number of
samples that need to be tested experimentally. The
prediction models will need to be continuously updated as
new data is added, thereby increasing their accuracy.

The applicability domain of the models will depend on the
geographical and material diversity of the training data.
Adding data from different regions and mixture types will
progressively expand the range of conditions for which
reliable predictions can be made.

Ultimately, a tool can be developed to potentially help
optimize mixture recipes based on the desired test results.
This would allow users to select the desired performance
criteria for specific tests, such as the rutting test and TSRST,
and then, through a back-calculation process, the tool would
determine the optimal mix design for this set of properties,
such as aggregate gradation, binder content, and overall mix
composition. This would make the selection of the best mix
design more efficient.

In the future, the test results prediction could be used to
estimate pavement performance and service life.
Furthermore, coupling the tools with an emission calculation

tool could allow developing more sustainable asphalt
mixtures.

6.3 Challenges and potential solutions

Projects like AsphaltMine face uncertainty and various
challenges. It is important to acknowledge them to enable
implementing suitable solutions. A list of challenges and
potential solutions is shown in Table 3.

7 Conclusions

This paper introduces the AsphaltMine web application, a
novel infrastructure for asphalt pavement research in Europe.
It provides a database for crowdsourcing asphalt mixture
performance tests results that can then be used for
developing data-driven test result prediction tools. We
encourage wide participation in gathering and using the data.

In this paper, we first introduced the database system in
AsphaltMine, its curation mechanism and the internal data
saving process. After that, the record structure was detailed,
showing the AsphaltMine XML schema definition, XSD and
the European test standards used. Next, the user record
management was described, including functionalities such as
downloading records and workspace features. Finally, the
AsphaltMine prediction platform was introduced, in which
physical test results were compared to the output of the first
developed prediction tool.

The following conclusions can be drawn:
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AsphaltMine addresses the pressing need for
performance-based asphalt test data, by facilitating
data sharing among laboratories. The initiative aims
to accelerate the use of machine learning and Al in
pavement engineering to accelerate knowledge gain.
AsphaltMine encourages pavement researchers and
labs to contribute their data to the database. As more
participants join, the pool of data will grow, eventually
enabling the development of accurate machine
learning models that can predict asphalt behavior
from mix designs.

AsphaltMine prediction tools have the potential to
reduce the resources needed for testing. By
predicting test outcomes, the number of physical
mixtures required to select a final performing mix is
decreased, saving time and money.

AsphaltMine visualization tools can help users rapidly
assess data availability and quality, identify
knowledge gaps, and select suitable datasets for
experimental research, statistical analysis, and
machine learning application. It also allows to rapidly
analyze ones own data.

AsphaltMine functionalities will continue developing
and expanding, including incorporating additional
features and collecting more data from various
sources across Europe.

AsphaltMine data structure is flexible and can be
modified as needed to include new data fields or
features without affecting previously stored records.
AsphaltMine contributes to open science by
encouraging data contributors to make data public
and accessible for others to view, download, and

analyze.

Table 3. AsphaltMine challenges and potential solutions.

Challenges

Potential Solutions

Confidentiality: Asphalt producers
and road owners are often
concerned about data privacy and
ownership, which may discourage
them from sharing mix designs and
test results.

AsphaltMine addresses this by allowing contributors to restrict access to their
records, share with select partners, or make them public (for example, after paper
publication).

Regardless of its publication status, all data is anonymized during the machine
learning process, ensuring that only the model, not the raw data, is shared publicly.
AsphaltMine allows users to store their data in their affiliated entity, instead of the
AsphaltMine server.

Data Heterogeneity: Despite
standardization in Europe,
differences in test procedures exist
among contributors. Furthermore,
data quality and trustworthiness
must be ensured to enable training
of reliable  models.  Finally,
depending on the geographical
location, and the locally available
materials, the types of mixtures
across the AsphaltMine data
contributors vary significantly.

Before using any dataset for training a model a deep statistical data analysis must be
performed. This approach uncovers insights and trends, allows to identify any
outliers or systematic errors stemming from a particular data contributor. Such
analysis allows to ensure a certain quality of the data and guides the selection of the
most appropriate model for predicting test performance.

The selection process may involve dividing the dataset into groups with different
properties and developing separate models for each group.

An ensemble model may be implemented after detailed analysis and based on model
accuracy.

The research is an ongoing process, with models being updated as new data is
contributed.

The analyses behind each test performance prediction model published on
AsphaltMine will be made public.

Manual Labor: There is a wide
difference in how the data is stored
and managed in the labs, requiring
manual effort for data upload in
AsphaltMine.

In addition to the web form, AsphaltMine provides users with a predefined MS Excel
spreadsheet designed mainly for users who already have their data stored in tabular
format. This makes it easier for laboratories to copy data and then upload it to
AsphaltMine.

It is possible to create custom plugins for specific users to automatically import data
from multiple standard sheets into the predefined AsphaltMine spreadsheet.

Some manual labor will always be required initially (like converting PDF formats and
gathering data). It is important to note that while uploading existing old data may
require effort at the beginning, adding new data as it is generated will be much
easier.

The data contributors are acknowledged on the AsphaltMine website, and we ask
anyone using the data from AsphaltMine to acknowledge the data contributors in
the publications.

The benefits of having accurate prediction tools should outweigh the invested effort,
thus justifying the effort.
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