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Abstract

The integration of recycled materials, such as tire rubber, into asphalt mixtures is a critical
strategy for sustainable pavement engineering. This research aimed to employ deep
learning (DL) to mathematically model and optimize Marshall stability and flow for asphalt
mixes prepared with recycled rubber. The Multi-Layer Perceptron (MLP) regressor was
used to predict these parameters using six design parameters. The DL approach could
handle multiple outputs and provided noticeable improvement over the baseline regressor
models. The analysis identified the sample volume as the most important variable followed
by proportion of the recycled rubber and air voids. Using the DL model as a digital
simulator, the optimal mix characteristics were found to be in the range of 3.8% to 4%
bitumen and 4% to 5.5% recycled rubber. These findings validate the use of DL for efficient
design of sustainable infrastructure materials.

Keywords: rubberized asphalt; deep learning simulator; Marshall mix design optimization;
sustainable pavements; feature importance

1. Introduction
Sustainable pavement engineering focuses on integrating environmental and economic

considerations into the design and lifecycle of pavements [1]. It involves the use of recycled
materials, lifecycle assessments, innovative technologies, and preventive treatments [2].

Recycled materials are commonly used to replace virgin asphalt binder and aggregates,
thus reducing their consumption while minimizing waste [3]. Such practices have proved
to be environmentally beneficial in the construction industry [4].

However, it is crucial to ensure that these sustainable practices do not compromise
pavement, performance, and durability. Proper modification and engineering of mix
designs is necessary to achieve or improve the design specifications [5]. Among the mix
design methods, Marshall mix design is used in many countries across the world due to its
simplicity and cost-effectiveness [6]. This traditional process is iterative, time-consuming [7]
and may not easily capture complex non-linear interactions between mix parameters [8].

To address these issues, there has been a shift in the attention of researchers towards
the use of machine learning (ML) techniques. The shift is attributed to the non-linear
variable interactions and lack of a piori knowledge about the impact of recycled materi-
als. ML techniques, especially deep learning (DL) models, excel in capturing non-linear
relationships in data with high dimensionality [9]. Therefore, researchers have already

Processes 2026, 14, 621 https://doi.org/10.3390/pr14040621

https://crossmark.crossref.org/dialog?doi=10.3390/pr14040621&domain=pdf&date_stamp=2026-02-24
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/processes
https://www.mdpi.com
https://orcid.org/0000-0002-9445-9570
https://orcid.org/0000-0002-5069-0447
https://doi.org/10.3390/pr14040621


Processes 2026, 14, 621 2 of 11

ventured into the prediction of asphalt properties using ML techniques [10]. However,
research employing DL as a simulator for rubberized asphalt mixtures is still limited.

To address this gap, this study proposes a convenient solution of applying a DL model,
namely a digital twin, to simulate the Marshall design process. This novel, data-driven
ML-based optimization approach can be used to support empirical design methods.

The remainder of this paper is structured as follows. Section 2 provides the method-
ology, including a description of the available data and analysis techniques. Section 3
contains the results of this research including model performance, feature importance,
and optimization results. Lastly, Section 4 highlights the main findings and provides key
recommendations.

2. Methodology
Figure 1 shows the research methodology adopted for this study. The crucial practical

novelty of this study lies in the use of the digital twin concept for practical design optimiza-
tion. The methodology starts with the experimental program, moves on to data processing
and then to model training. This is followed by feature analysis and design optimization.
The process is described in further detail in the subsequent sections.

Figure 1. Research methodology of study.

2.1. Data Description

The dataset was acquired from a comprehensive and thorough experimental program.
It centered on the preparation of two kinds of samples, conventional and modified samples.
Modified samples were prepared using recycled tire crumb rubber as an additive. The
samples went through the Marshal Mix design process in the laboratory at optimum
temperatures to evaluate the effect of water on both kinds of samples. During the laboratory
work, standard test methods were employed as they provided accuracy and validity to our
work. More details about the experimental program are available in Qadir et al. [11].
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There were 57 samples tested during the program. The input features used in the
modeling process were bitumen %, bulk specific gravity, air void %, mineral aggregate
void %, recycled rubber %, and volume (cm3). On the other hand, the target outputs
included corrected Marshall stability and Marshall flow. The descriptive statistics of these
parameters are given in Table 1. The small sample size is one of the limitations of this study.

Table 1. Descriptive statistics of input features and target outputs.

Bitumen % Bulk Specific
Gravity Air Void % Mineral

Agg Void %
Recycled
Rubber % Volume (cm3)

Corrected
Marshall

Stability (lbs)

Marshall
Flow (in)

Mean 4.05 2.21 4.04 15.61 3.16 551.33 3827.57 12.46

Std 0.69 0.09 1.57 0.88 2.20 27.23 729.55 1.92

Min 3.00 2.10 1.37 14.17 0.00 487.40 2876.43 8.50

25% 3.50 2.15 2.73 15.21 2.00 553.50 3164.58 11.00

50% 4.00 2.18 4.28 15.34 4.00 562.40 3787.97 12.00

75% 4.50 2.21 5.53 16.17 6.00 565.90 4075.20 14.00

Max 5.00 2.43 6.66 17.45 6.00 588.40 5482.56 18.00

The table shows that bitumen % is in the range of 3.0% to 5.0%, which is perfectly
standard for asphalt mixes. Mineral aggregate void % values are between 14.17 and 17.45%.
Corrected Marshall stability values (~2876 to ~5482 lbs) are high due to a dense-graded mix.
They are also expected to be higher for samples modified with rubber, which can increase
stability, as noted by Al-Mosawe [12]. The small dataset (n = 57) remains a valid limitation,
but the data are reliable, as shown with these observations. Moreover, material investigation
studies often face this issue due to resource restrictions. However, this issue was dealt
with by employing a representative test sample to validate the data and regularizing the
model training process. This robust methodology provided meaningful insights into the
underlying process of the experiments.

2.2. Data Preprocessing

The first step in the modeling process was to calculate the values of corrected Marshall
stability, which is one of the target parameters. Marshall flow is the other target. Con-
sidering the size of the dataset, a standard 5-fold cross-validation scheme was used for
model training and validation. Feature scaling is also an essential process to enable neural
networks to handle outliers, especially with multiple outputs. Hence, all features were
standardized using mean of 0 and standard deviation of 1, a process which can also be
referred to as normalization.

Prior to standardization, outlier detection was performed using interquartile range
(IQR) method for Marshall stability and flow. However, no exclusions were made to
maintain the integrity of the data and a sufficient sample size for analysis. A correlation
analysis (Figure 2) was also performed to determine the strength of linear relations be-
tween the parameters. It was found that some of the input parameters had strong negative
correlations. On the other hand, none of them had a strong correlation with stability
and flow. Since these parameters are part of standard design procedures, it is clear that
the correlation analysis is affected by interactive and non-linear effects of the variables.
These observations further justify the use of the non-linear modeling methods adopted
in this study. All random seeds, wherever applicable, were set to 42 for complete repro-
ducibility. Processing was performed in Google Colab environment using Python code
in version 3.12.12.
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Figure 2. Result of correlation analysis between all parameters.

2.3. Deep Learning Model Architecture and Mathematical Formulation

A Multi-Layer Perceptron (MLP) regressor was chosen for the development of the
DL simulator because of its ability to handle complex, non-linear relationships with
multiple outputs [13].

The model is used to capture the relationships between six input features
(X = x1, x2, . . . , x6) and the two target variables (Y = [Stability, Flow]) simultaneously.
A typical MLP architecture consists of three types of layers, namely an input, hidden (one
or more), and output layer. Each layer is completely interconnected with the previous layers’
units (neurons) and processes the input signals using the function shown in Equation (1).

al = σ
(

W la(l−1) + bl
)

(1)

where a(l−1) is the input from the previous layer, W(l) is the weight matrix, b(l) is the bias
vector, and σ is a non-linear activation function. In this research, the Rectified Linear Unit
(ReLU) activation function was used in all hidden layers. This function is preferred for
DL models because it provides computational efficiency while mitigating the problem
of vanishing gradients associated with large networks. The model was trained using
the Adam optimizer to attain the best combination of network architecture and learning
parameters. A 2-phase optimization approach was used in this study, employing random
searching. Firstly, 50 iterations were used to optimize the network architecture. Secondly,

https://doi.org/10.3390/pr14040621

https://doi.org/10.3390/pr14040621


Processes 2026, 14, 621 5 of 11

an early stopping criterion of 30 epochs with an initial learning rate of 0.001 was used
for final model training. This was employed to avoid overfitting, a likely scenario with
a limited dataset [14], as in the current research with 57 samples. During model training,
three distinct architectures (small, medium, large) were evaluated for accuracy using the
loss function of Mean Squared Error (MSE) as per Equation (2). The “large” network
(128-64-32 neurons) was selected as it yielded the highest predictive accuracy on the test
set. The final model was achieved after 150 epochs including network optimization and
final model training.

MSE =
1
N ∑N

i=1(yi − ŷi)
2 (2)

where N is the number of samples, yi is the actual value, and ŷi is the predicted value.
Apart from the MSE loss function, the model’s performance was evaluated on a held-out
test set (20% of data), using R2 scores, Root Mean Square Error (RMSE), and Mean Absolute
Percentage Error (MAPE). The DL model was compared with standard statistical and
machine learning regressors, using the same cross-validation scheme. The other models
included Linear Regression (LR), Ridge Regression (RR), Support Vector Regression with
Radial Basis Kernel function (SVR RBF), and Simple MLP (SMLP). A robust approach
was employed, using MAPE, to demonstrate that the proposed DL model offers material
improvement beyond classical baselines. R2 was reported only for the final model as a
reference instead of using it as a parameter in model tuning and comparison due to its
limitations in gauging complex regression scenarios with multiple outputs for non-linear
models [15]. On the other hand, the use of MAPE aligns with best practices for complex
regression problems. Its percentage scale makes it more meaningful for practitioners and
less sensitive to outliers than squared error metrics [16].

3. Results and Discussion
3.1. Model Selection and Performance

The proposed DL model was found to be a consistent performer in comparison to
other baseline models, as shown in Figure 3. It was noted that all of the models provided
a better MAPE value for flow prediction compared to stability prediction. This could be
linked with its restricted range in the dataset due to design specifications. The MAPE
values for flow prediction by DL and SVR RBF are very close to each other. However, the
deciding aspect is stability prediction, as the DL model is superior to all other baseline
models. This shows its advantage as a convenient and balanced approach to complex
multifactor prediction problems.

After model selection, advance training of this model was performed. At this stage,
early stopping and proper validation ensured that the resulting model is a robust predictor
for practical application. The training process was critical for this study, which is shown
in Figure 4. The figure shows two clear lines, training loss and validation loss, decreasing
over epochs of model training for each target parameter. The ends of these graphs show the
point where validation loss begins to increase slightly, and training stops near this point.
This is due to the early stopping criteria. This demonstrates that the model generalizes well
and does not just memorize the training data.
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Figure 3. Comparison of model performance in terms of MAPE.

Figure 4. Model training and validation loss during training.

After hyperparameter optimization, the best_architecture was found to be as follow:
{“neurons_layer1”: 128, “neurons_layer2”: 64, “neurons_layer3”: 32, “name”: “Large”}.
The performance metrics of the finalized model are given in Table 2. The model shows
consistent performance, with both stability and flow having moderate and similar errors.
This is a realistic outcome for a complex material science problem with a small dataset.
Furthermore, it shows a drastic improvement from the linear regression model (R2 < 0.55). It
is acknowledged that the model’s performance is good but not exceptional, likely attributed
to the complexity of the problem and the limited dataset size.

The model’s performance in Table 2 shows that the model predicts Marshall stability
and flow with ~10% MAPE, which can be considered acceptable for mix design optimization.
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Table 2. Performance of finalized deep learning model.

Metric Value

RMSE_Stability 545.12 lbs

MAE_Stability 410.71 lbs

MAPE_Stability 9%

R2_Stability 0.53 *

RMSE_Flow 0.86 in

MAE_Flow 0.74 in

MAPE_Flow 6%

R2_Flow 0.66 *
* Note: R2 values in multi-output non-linear models should be interpreted with caution.

3.2. Feature Importance Analysis

Model interpretability was carried out using Permutation Feature Importance (PFI),
which is a robust, model-agnostic technique [17]. It measures the increase in model er-
ror when a feature’s values are randomly shuffled, thus indicating its importance. The
method is also suitable for dealing with interactive and non-linear effects of the parameters
suggested by the correlation analysis (Figure 2).

The analysis quantitatively identified the importance of parameters for predict-
ing Marshall properties. The following order of importance is shown in Figure 5:
volume (cm3) > recycled rubber % > air void % > mineral aggregate void % > bulk specific
gravity > bitumen %. This ranking confirms that the incorporation of recycled rubber
has a dominant effect on the mechanical properties of the mix. This is followed by the
fundamental volumetric properties, most prominently sample volume and air voids, which
is an expected phenomenon in asphalt mix design which relies on these properties [18].

Figure 5. Permutation Feature Importance for predicting Marshall properties.
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The low importance of bitumen % is expected as all the samples were tested within
the narrow optimum content range of 4–5%. The lower impacts of VMA and bulk specific
gravity could be explained indirectly through other correlated variables like air voids.

3.3. Mix Sensitivity and Optimization Analysis

The trained model was deployed as a surrogate digital simulator to identify optimal
mix designs while targeting 4% air voids and flow < 14 in. To achieve the optimization of
rubberized mixtures, a search space of more than 10,000 combinations was created virtually
using a grid-based approach. The optimization aimed to find the ideal combination
of bitumen and recycled rubber content that maximizes Marshall stability within the
constraints. The air void constraint was enforced by fixing its value to exactly 4.0% for all
virtual mix combinations during the optimization process. Meanwhile, bitumen % (<5%)
and recycled rubber % (0–6%) were varied within the model’s input space. The other
parameters were kept at their median values to eliminate their impacts. The same approach
can be adopted for optimizing the other model parameters as well.

The stability and flow for each combination were simulated using the trained DL
model. The results are presented as 2D contour plots, as shown in Figure 6, which provide
a clear visual landscape of performance. These plots instantly reveal the suitable regions
for optimal mix design. Hence, it was possible to successfully identify several optimal mix
formulations that satisfy the design criteria (4% air voids, flow ≤ 14 in), demonstrating the
application of modern machine learning techniques to guide and accelerate the traditional
iterative mix design process.

Figure 6. Contour plots showing optimal regions for Marshall stability and flow contours at 4%
air voids.

Figure 6 presents the powerful application of the validated model. It depicts a
surrogate-based grid over feasible ranges at 4% air voids that could be considered valid
under the premise that the model’s predictions are consistently good (MAPE < 10%). The
contour plot shows a clear gradient identifying the optimal regions for stability in darker
shades and those for flow in lighter shades. Using these shaded portions, it is found that
optimal stability (top-left corner) is achieved with high bitumen and rubber contents (>4%).
On the other hand, the lowest flow is achieved (middle-left) with a medium content of
these ingredients (~3–3.5%). As a trade-off, 3.94% bitumen and 5.39% (red dot) rubber are
found to provide reasonable values of stability (~4556 lbs) and flow (~12.16 in).

The validity of model-based design optimization was tested using sensitivity analysis
by changing the flow constraint. Table 3 provides the results of this sensitivity analysis with
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respect to model outputs (stability and flow) and design parameters (bitumen and rubber
%). It can be observed that the model provides robust results, adapting to the extreme
changes in constraint without a massive compromise in outputs. The low rubber content at
the lowest flow constraint reflects the increase in consistency of the mix due to the addition
of rubber. However, it should be noted that this study was limited by a relatively smaller
sample size of 57 used for model development and proceeding analysis. Hence, future
studies could build on this process and the results with a larger experimental dataset.

Table 3. Sensitivity analysis with respect to flow constraint.

Flow Constraint Bitumen % Rubber % Stability (lbs) Flow (in)

12.0 4.10 3.67 4420.60 12.00

13.0 3.94 5.39 4555.18 12.16

14.0 3.94 5.39 4555.18 12.16

15.0 3.94 5.39 4555.18 12.16

However, the recommendations are based on model predictions and should be val-
idated with physical laboratory tests, especially given the model’s moderate R2 val-
ues. The DL-based simulation approach provides a quick and cost-effective method
of exploring mix combinations for the best design outcomes. This is a major improve-
ment and a more efficient alternative to time-consuming, resource-intensive laboratory
experimentation approaches.

3.4. Discussion of Key Findings

The aim of this study was to employ a machine learning-based simulator to predict
and optimize the Marshall mix design properties of rubberized asphalt mixtures. The
research provided in several important insights and practical benefits.

Firstly, it highlighted the importance of rubber content for modified asphalt mix
designs. It was found to be the second-most important element in the PFI analysis (Figure 5).
In this context, the simulation study (illustrated in Figure 6) shows that the rubber content
increases flow, leading to higher resistance to deformation and reduced workability.

In addition to the rubber content, volume and air voids were the other parameters
among the top three parameters influencing the model predictions. The high importance
of these variables confirms the importance of volumetric properties in the Marhsall mix
design process.

It was found that the DL model outperformed regression models (shown in Figure 3),
especially in terms of stability, with an error difference of >4% between them. This com-
parison advocates the use of DL as a simulator for practical and quick design estimations.
However, experimental validation is still highly recommended owing to the smaller sample
size of this study and the limitation of research on rubberized asphalt mix.

The approach proposed in this study has several practical and environmental benefits.
Firstly, it encourages the use of recycled materials in pavements employing an efficient and
convenient approach for optimizing design. Implementation of this methodology reduces
the effort required by practitioners to achieve an iterative design. By doing so, it minimizes
the usage of scarce raw materials and potential energy consumption required for their
manufacturing (asphalt) and mining (aggregates).

4. Conclusions and Future Work
This study successfully developed a DL model acting as a mathematical regression tool

to predict and optimize rubberized asphalt properties. The model shows consistently good
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accuracy (less 10% error) for both outputs. The most important features for the predictions
were sample volume followed by recycled rubber and voids. The optimal region of the
mix design was found to be ~3.8% to 4.5 for bitumen content and ~4.0% to 5.5% for
rubber content. These ranges provide a trade-off between high stability to resist permanent
deformation and an acceptable flow value to ensure workability. While doing so, they also
prevent overly stiff pavement at 4% air voids while fulfilling the flow constraint (<14 in).
This optimal region should be treated as a hypothesis requiring laboratory confirmation.

This study demonstrates the use of a carefully developed DL model as an alternative to
laboratory-based material systems. It shows the validity of using a computational approach
to guide the design of modified asphalt mixtures for use in economical and sustainable
infrastructure systems.

This study employed a relatively small dataset, with 57 values and limited parameters.
Hence, it is recommended to expand the dataset through experiments or data augmentation
in future studies. Moreover, the simulated optimal regions and recommended mixes still
need to be verified through experimental investigations.
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