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Abstract: Additives are widely used to enhance the rheological and performance properties of asphalt
binder to satisfy the demands of extreme loading and climatic conditions. Meanwhile, adding to
the complexity of asphalt binder behaviour that requires more time, effort, and material resources
during laboratory work. The purpose of this research was to use Artificial Neural Networks (ANNs)
to predict the recovery (R) and nonrecoverable compliance (Jnr) behaviour of asphalt binder based
on mechanical test parameters and rheological properties of asphalt binder. A comprehensive
experimental database consisting of the results of the frequency sweep and Multiple Stress Creep
Recovery (MSCR) test using a dynamic shear rheometer (DSR) at five test temperatures (46 ◦C,
52 ◦C, 58 ◦C, 64 ◦C, and 70 ◦C). Prediction models for R and Jnr of asphalt binder modified with
different contents of fly ash, fly ash-based geopolymer, glass powder/fly ash-based geopolymer, and
styrene–butadiene styrene (SBS) were developed. The ANNs model was developed using five input
parameters (temperature, frequency, storage modulus, loss modulus, and viscosity) and one hidden
layer with five neurons. The results pointed out that the hybrid and 4%SBS binders achieved the
highest ability to resist extremely heavy traffic and to recover the deformation with 60.1% and 85.5%
at 46 ◦C, respectively, compared with the other modified asphalt binders. Excellent R-values for the
total data set of 0.937, 0.997, 0.985, and 0.987 for Jnr3.2 of unaged binder, Jnr3.2 of aged binder, R3.2 of
unaged binder, and R3.2 of aged binder, respectively. Therefore, the ANNs model is appropriate tool
to predict the R3.2 and Jnr3.2 using unaged or aged binders at different temperatures.

Keywords: ANNs model; fly ash; geopolymer; glass-powder; SBS; creep

1. Introduction

Rutting is a common sign of distress that affects the road network’s serviceability
and quality. It is a permanent deformation that occurs in the traffic direction because of
unrecoverable strain accumulated by repetitive loads applied to the asphalt pavement [1].
Due to the combined effects of viscoelastic characteristics and shear loads on the hot mix
asphalt (HMA) layer, asphalt is highly susceptible to rutting. As the temperature increases,
the asphalt binder decreases the ability to elastically recover from deformation, increasing
the sensitivity to permanent deformation. In recent decades, there has been attention to
modified asphalt binders using different modifiers to enhance the rutting performance.
The viscoelastic properties of asphalt binders can be improved by modifying the asphalt
binder using different modifiers. Modification, on the other hand, adds to the complexity of
binders’ behaviour; thus, substantial laboratory testing is required before field application
to establish the best solutions.

The Multiple Stress Creep-Recovery (MSCR) test was developed to measure the
binder’s nonlinear reaction and to link that response to rutting in asphalt mixtures [2].
The MSCR test has long been used to predict how polymer-modified asphalt binders
may affect creep recovery [3–6]. In the field of modified and unmodified asphalt binders,
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the MSCR test is also efficiently conducted and designed to be an indicator of rutting
performance [7]. The MSCR test consists of a series of creep and recovery cycles performed
at various stress levels. The idea was that by removing shear stress from the creep section,
the viscoelastic strain created in the creep component could be recovered, allowing the
permanent strain to be separated from the overall strain, which could be used to predict
field rutting [8]. The MSCR test was used to determine non-recoverable creep compliance
(Jnr) and percent recovery (R). The Jnr had a good correlation with the HMA performance
test results and can thus be used to characterise asphalt binders to address HMA rutting
characteristics [9]. Tabatabaee and Tabatabaee [10] reported that the Jnr was highly corre-
lated to the compliance measured from unconfined dynamic creep, with R2 values over
80%. While Dreessen and Gallet [11] noted that the Jnr may be a better choice than G*/sinδ
and/or the softening point, whereby it corresponds better to mix rutting performance as
measured by the French rutting test.

Several methods have been developed to predict asphalt pavement performance to
eliminate laboratory tests for individual mixes, which are expensive and time-consuming.
Using a reliable calibrated model to predict the effects of additives on the behaviour of
asphalt binders can significantly reduce operating and testing expenses. Recently, Artificial
neural networks (ANNs) have been used in many disciplines of civil engineering, such as
water supply engineering [12], pavement materials [13,14] and pavement structure [15].
Plati et al. [15] summarized some advantages that make ANNs a powerful problem-solving
tool which could be used to develop complex models through data mining. The ANNs
has been used in a variety of pavement applications, such as designing airfield pave-
ment [16–18], predicting the rutting performance [19] and the indirect tensile strength [20]
of flexible pavement. Also, the ANNs model was used to predict the performance of
asphalt mixture modified with recycled asphalt shingles [21], fiber [22], nano-silica [23],
SBS [24], glass fiber [25], crushed Boron Waste [26]. Baldo et al. [27] used artificial neural
networks to predict the Marshall stability, flow, quotient, and stiffness modulus of asphalt
concrete. Seven input parameters with one hidden layer and ten artificial neurons were
applied to predict one output. The results indicated that the ANNs model could be used
to predict the mechanical properties of asphalt concrete, whereby the developed models
were excellent with coefficients of correlation ranging from 0.910 to 0.988. Esfandiarpour
and Shalaby [13] performed ANNs to calibrate the creep compliance for different asphalt
mixtures at different test temperatures (0 ◦C, −10 ◦C, and −20 ◦C). It was noted that the
ANNs model has the highest reliability and is considered an alternative method to predict
creep compliance values.

Meanwhile, the complex mechanism of fatigue behaviour under various loading and
climate conditions complicated the modelling of the fatigue life of asphalt mixtures using
an empirical model [28]. Recently, using ANNs proved to be an effective tool for predicting
the fatigue life of asphalt mixtures [29,30]. Xiao et al. [29] investigated the possibility of
using ANNs to predict the fatigue life of rubberized asphalt mixtures containing Reclaimed
Asphalt Pavement (RAP). The results indicated that the ANNs produced an accurate and
precise prediction of fatigue life compared to the traditional statistical methods. Tapkin [30]
predicted the fatigue life of asphalt mixtures that contained fly ash as a filler using neural
networks. It was noted that ANNs resulted in accurate and precise modelling of fatigue
life by utilizing changes in the physical properties of asphalt mixtures. The development of
ANNs models to accurately predict HMA fatigue life would result in substantial time and
cost savings by reducing laboratory testing.

Additionally, the ANNs model was used to predict the rutting performance of asphalt
concrete. Kamboozia et al. [31] studied the possibility of using the viscoelastic parameters
and ANNs model to predict the rutting depth of asphalt concrete using a dynamic creep
test. The viscoelastic properties were collected from creep diagrams, and an artificial neural
network was used to train and develop a rut depth prediction model for asphalt concrete.
The developed ANNs used 560 specimens, whereby 70% of the data was used for training
and the remaining 30% for validation and testing. The results showed that by utilizing
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the effective parameters, the ANNs model can be used to estimate the creep behaviour
and rut depth of asphalt concrete without the need for costly and time-consuming testing.
Table 1 summarizes the ANNs models that were used to predict the performance of
asphalt mixtures.

Moreover, the ANNs model was used to predict the rheological and performance
of asphalt binder modified with rubber [32,33], SBS [34,35], geopolymer [36], filler [37],
and waste engine oil [38]. The ANNs model was also utilised to predict fatigue and rutting
performance of asphalt binder [32,35,36,39]. Venudharan and Biligiri [32] used the ANNs
model to predict the rutting performance of asphalt binder using the gradation of crumb
rubber, mechanical test parameters, and the properties of binder. The dynamic shear
rheometer (DSR) test was used to characterise 18 different asphalt binders. The ANNs
architecture used a back-propagation learning algorithm with scaled conjugate gradient
(SCG) as the training technique, with two hidden layers of seven and three neurons,
respectively. The results indicated that the ANNs model is a significant method to predict
the performance of asphalt binder with R value of 0.997, 0.994, and 0.977 for G*/sinδ, η,
and tanδ, respectively. Ziari et al. [39] employed ANNs and regression models to predict
the rutting performance of a carbon nanotube-modified asphalt binder. A multilayer feed-
forward back-propagation method with 480 experimental data points was used to predict
the rutting parameter, whereby 60% of the data was used for training, while 40% was
used for validation and testing the model. The results showed that the ANNs method
outperformed multiple regression and linear regression in predicting rutting performance,
with R2 values of 0.997, 0.819, and 0.420, respectively.

Alas and Ali [36] utilised the ANNs method to predict the shear complex modulus,
phase angle, storage modulus, and loss modulus using temperature, frequency, and poly-
mer contents as input parameters. A total of 252 data sets were randomly divided into two
groups, with 70% of the empirically observed data being used to train the model and 30%
of the data being used to test the model. The results showed that the developed model
for the shear complex modulus is excellent with high R2 values for training and testing
data, 0.996 and 0.971, respectively. While the testing data for phase angle and storage
modulus achieved the least R2 with values less than 0.9. The model’s poor prediction
performance for the testing data suggested that it was unable to learn the complexity of
the data. Uwanuakwa et al. [35] conducted the ANNs to predict the rutting and fatigue
performance of unaged and aged asphalt binders. A frequency sweep test using the DSR
was performed on the 8 mixes of asphalt binders to measure the complex shear modulus
and phase angle at various temperatures. According to the results, the model performed
better in estimating the rutting parameter than the fatigue parameter. Furthermore, unaged
input variables have a higher level of predictability when it comes to the fatigue parameter.
Table 2 summarizes the ANNs models used to predict the rheological and performance of
asphalt binder. It was noted that the ANNs model effectively predicts the rheological and
performance of modified asphalt binder with high accuracy.

The literature on the use of ANNs in pavement engineering demonstrates that ANNs
could be used to determine and understand the performance of asphalt binders and
mixtures based on material characteristics and mechanical test data, as demonstrated in
Tables 1 and 2. Also, Many studies have also noticed the effects of additives, temperatures,
and frequencies on viscoelastic characteristics. On the other hand, the ANNs model is
an effective tool for accurately predicting the rheological and performance of asphalt
binder as discussed in the literature review (see Table 2). Therefore, predicting the creep
recovery behavior of the asphalt binder using these effects and their changes in viscoelastic
characteristics as inputs to the ANNs model could be effective for developing an accurate
model that could have a significant effect on saving time and money during laboratory work.
This study aimed to predict the recovery (R) and non-recoverable creep compliance (Jnr)
behaviour of asphalt binder using the ANNs model, considering the effects of temperatures,
frequencies, and additives on the viscoelastic properties of asphalt binders.
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Table 1. Predicting the rheological and performance properties of asphalt mixtures using ANNs model.

Reference Predicted Parameter ANNs Model Training Algorithm Main Comments

[22] Fracture Temperature and Strength Four inputs, one hidden layer with four neu-
rons, and 73 data points. LM The asphalt mixture’s Fracture temperature and

strength may be predicted using the ANNs model.

[40] Permanent deformation Five inputs, one hidden layer with ten neu-
rons, and 270 data points. LM The use of Nano additives in asphalt mixtures can

be decided upon primarily using the ANN model.

[13] Creep compliance Five inputs, one hidden layer with seven
neurons, and 861 data points.

The ANN model achieves the minimum error and
increases the accuracy of predictions of creep com-
pliance.

[21] Dynamic modulus (E*) Nine inputs, two hidden layers with 15-15
neurons, and 1701 data points. BPNN The ANNs model is an effective tool to predict the

E* of the asphalt mixture.

[23] Temperature Sensitivity Five inputs, one hidden layer with four neu-
rons, and 48 data points. LM A more accurate model is provided by the ANNs

model.

[41] skid resistance Five inputs, one hidden layer with ten neu-
rons, and 124 data points. GA-BP The developed GA-BP model can provide precise

and effective long-term skid resistance predictions.

[24] Stiffness modulus and Marshall sta-
bility and quotient

6 inputs, 1 and 3 hidden layers with 8 neu-
rons in each layer. 129 data points. - Using the ANNs model during the design phase of

asphalt mixtures can be extremely beneficial.

[42] Field permeability Seven inputs, one hidden layer with 10 neu-
rons LM It is advised that ANNs be considered for routine

use in predicting field permeability.

[26] Flow and stability Seven inputs, two hidden layers with 20 and
15 neurons. LM The ANNs model can be used to predict the stabil-

ity and flow of asphalt mixtures.

[25] Marshall stability Five inputs, one hidden layer with six neu-
rons, and 128 data points. BPNN The ANNs model can accurately predict the MS of

asphalt concrete reinforced with glass fibre.

[43] Dynamic modulus (E*) Five inputs, various hidden layers, and 4022
data points. LM The proposed model can be utilised successfully

and accurately to estimate E*.

[44] Theoretical maximum specific grav-
ity (Gmm)

Three inputs, two hidden layers with 8 and
10 neurons, and 4158 data points. LM

The suggested model could reduce the amount of
time, effort, and material resources required for the
mix-design of asphalt mixture.

Note: BPNN: back-propagation neural network, FT: Fracture Temperature, FS: Fracture Strength, TS: Temperature Sensitivity, ITSM: Stiffness modulus, MS: Marshall stability,
MQ: Marshall quotient, GA: Genetic algorithm.
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Table 2. Predicting the rheological and performance properties of asphalt binder using ANNs model.

Reference Predicted Parameter ANNs Model Training Algorithm Main Comments

Current
study

Recovery and Nonrecoverable
Compliance

Five inputs, one hidden layer with five neurons,
880 data points. LM

The ANNs model is an effective tool to predict the Recovery
and Nonrecoverable Compliance using unaged and aged asphalt
binders.

[45] Viscosity Four inputs, three hidden neurons, 216 data
points. LM

The ability of the developed ANN to accurately predict the viscos-
ity values using the viscosity values from other research projects
has been demonstrated.

[46] Fraass breaking point, creep stiff-
ness and creep rate

Three models with architecture 19–6–8–1, 19–4–6–
1 and 19–5–7–1. LM ANN models to predict physical–mechanical properties of modi-

fied bitumen were suggested.

[37] G* Three inputs, two hidden layers with five or four
neurons and 201 data points. LM, CPG, SCG The ANNs model is a powerful tool for accurately predicting G*.

[47] G* Six inputs, three hidden layer with six neurons,
and 105 data points. GD The ANN model is a useful tool for predicting the G*.

[32] η, G*/sin δ, and tan δ
Eight inputs, two hidden layers with seven and
three neurons, and 2200 data points. SCG The ANNs model could be well used in predicting asphalt binder

performance.

[48] adhesion/cohesion force Eleven inputs, two hidden layers with 25 neurons
in each layer, and 1497 data points. LM

The complicated link between adhesion and test factors used
in atomic force microscopy testing can be addressed by neural
networks.

[39] G*, and G*/sin δ
Two models with architecture 3–25–1 and 3–10–1,
and 480 data points. LM Compared to regression models, the ANN method was more

accurate in predicting rutting performance.

[36] G*, G
′
, G
′′

, and δ
Three inputs, one hidden layer with eight or five
neurons, and 252 data points. LM, CPG, SCG The highest performing model was the G* model using the LM

algorithm and 1-5-1 network structure.

[35] G*/sin δ and G*·sin δ
16 inputs, one hidden layer with twelve neurons,
1980 and 1668 data points for rutting and fatigue
parameters.

- ANNs model can be used to predict rutting and fatigue parame-
ters with R2 > 0.95.

[38] G* and δ
Three inputs, one hidden layer with twelve neu-
rons. LM The ANNs model can predict the rheological characteristics of

asphalt binders with high accuracy.

[33] Viscosity Eight inputs, three hidden neurons, 90 data
points. - The training data for an ANN network model should involve a

variety of indicators and be as practical as possible.

[49] Phase angle (δ) two hidden layer with 8-3 neurons, 1376 data
points. QN Compared to MLR and PCA, the ANN model is the most effective

method for predicting the phase angle.
Note: SCG: Scaled Conjugate Gradient, LM: Levenberg-Marquardt, CPG: Polak-Ribiere conjugate gradient, GD: gradient-descent, QN: Quasi-Newton, MLR: Multiple Linear Regression,
and PCA: Principle Component Analysis.
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2. Methodology
2.1. Materials and Methods

In this investigation, 11 mixes of fly ash, SBS polymer, fly ash-based geopolymer, fly
ash and glass powder-based geopolymer modified asphalt binder (PG58-28) were utilised
to build the database. Table 3 presents the chemical composition of fly ash (Class F) satisfies
SiO2 + Al2O3 + Fe2O3 ≥ 70% according to ASTM C618-17a [50]. Many scholars advocate
that low calcium fly ash (Class F) be utilised because it includes more silica and alumina
than high calcium fly ash (Class C) [51,52].

The geopolymer is formed when the aluminosilicate source, such as fly ash, reacts
with the alkaline solution. Equations (1) and (2) describe the chemical reactions during the
geopolymerisation process [53].

n(Si2O5,Al2O2) + 2nSiO2 + 4nH2O + NaOH

→ Na+ + n(OH)3 − Si−O−Al−(OH)2 −O− Si−(OH)3 (1)

n(OH)3-Si-O-Al−(OH)2-O-Si-(OH)3 + NaOH

→ Na+ − (Si-O-Al− −O− Si−O−) + 4nH2O (2)

In this study, the geopolymer is prepared using alkali activators and aluminosilicate
source, such as fly ash and glass powder. Alkali activators included Na2SiO3 and NaOH at
a concentration of 8 molar. The NaOH solution was prepared one day before mixing with
the aluminosilicate source to make the geopolymer. Fly ash and geopolymer additives were
blended with asphalt binder in various contents at 140 ◦C ± 5 for 60 min using a mechanical
shear mixer at a speed of 2000 r/min. While the SBS was mixed with asphalt binder
using the high shear mixer at a speed of 2000 r/min and a temperature of 170 ◦C ± 5 for
60 min. Figure 1 presents the preparation of modifiers, asphalt binder mixing, and testing.
Following the mixing procedure, all asphalt binders were exposed to short-term aging
using a rolling thin-film oven (RTFO) for 85 min at 163 ◦C, as depicted in Figure 1.

Table 3. Fly ash chemical composition.

Constituent SO2 Al2O3 Fe2O3 CaO MgO SO3 Na2O MC LOI

Fly ash 57.2% 23.5% 3.8% 9.3% 1.0% 0.2% 2.43% 0.06% 0.77%
Note: MC is Moisture Content and LOI is Loss on Ignition.

Figure 1. Additive’s preparation and testing.
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The DSR was used to investigate the rheological behaviour, according to AASHTO
T 315 [54], and recovery and non-recovery properties of asphalt binder, according to
AASHTO T350 [55], at high temperatures from 46 to 70 ◦C, with 6 ◦C increments. A fre-
quency sweep test was conducted to investigate the effect of temperatures, frequencies,
and additives on the viscosity and storage and loss modulus using a 25 mm diameter plate
and a 1 mm gap. The tests were performed at sixteen frequencies ranging from 0.159 Hz to
15 Hz. Two samples were tested, and the average was identified as the test result for each
temperature. While Multiple Stress Creep Recovery (MSCR) was performed to evaluate
the influence of temperatures, stresses, and additives on the recovery and non-recovery
properties of asphalt binders using a 25 mm diameter plate and a 1 mm gap. Two samples
were tested, and the average was identified as the test result for each temperature. The test
was conducted using (1 s) for creep and (9 s) for recovery, as shown in Figure 2. While the
average percent recovery (R), and non-recoverable creep compliance (Jnr) were calculated
using Equations (3) and (4), respectively.

R = (
ε1 − ε10

ε1
)× 100 (3)

where ε1 is accumulated strain after 1 s, ε10 is residual strain after 10 s.

Jnr =
ε10

applied stress
(4)

R is the recovery percentage and Jnr is non-recoverable creep compliance.

Figure 2. Typical MSCR test results.

2.2. Artificial Neural Networks Modelling

The Artificial Neural Network (ANN) is a mathematical model formed of elements
called neurons. This model consists of three groups of rules: multiplication, summation,
and activation. In the multiplication stage, the inputs are weighted by multiplying each
input value with its individual weight. After that, all weights and biases are summed in
the summation stage. Finally, the sum of previously weighted inputs and bias is passing
through the transfer function, acting as the activation function. In this study, the models
developed for recovery and non-recovery behaviour of asphalt binder, as shown in Figure 3,
involved of three layers: an input layer, a hidden layer, and an output layer. The dataset for
these layers was based on experimental observations from the frequency sweep test and
MSCR test. The developed ANNs used 880 experimental data points, whereby 70% of the
data was used for training and the remaining 30% for validation and testing.

The feedforward neural networks were considered in this study. The learning of the
network in this form of ANN is supervised, which means that the associated output (target)
for each input vector is known. The learning phase entails adjusting the ANN’s connections
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such that, for each input, the network returns a computed value that is as close to the
target as possible. The developed ANNs model considered the effects of external factors
(Temperature and frequency) on the rheological properties (storage modulus, loss modulus,
and shear viscosity) of neat and modified asphalt binder. These factors and properties were
considered as input parameters in the ANNs model to predict each target (Jnr3.2 and R3.2).
The developed model has one hidden layer with five neurons, whereby the input to each
neuron is a summation of all weighted connections between the input and the neuron in
the hidden layer [56]. The weighted sum is denoted as (a) and represented in Equation (5).

a =
N

∑
i=1

wixi + b (5)

N represents the number of neurons in the input layer, wi is the weight factor, xi is the
input vector, and b is the bias term.

Figure 3. ANN model for predicting recovery and non-recovery performance of asphalt binder.

Then, the transfer or activation function was used to transfer the neuron to the new
output. In this study, the sigmoid function is used as an activation function. The final
output of the neuron is given in Equation (6).

output = f (a) = f (
N

∑
i=1

wixi + b) = f (
N0

∑
i=1

wix0
i + w0) (6)

In this study, the sigmoidal function is used as a transfer function which has the
following expression, Equation (7):

f (a) =
2

1 + e−2a − 1 (7)

For the multiple neurons, jth in the layer lth the output of the neuron is described in
the Equations (8) and (9).

al
j =

Nl−1

∑
i=1

wl
ijo

l−1
i + wl

j0 (8)

ol
j = f j(al

j) = f l
j (

Nl−1

∑
i=1

wl
ijo

l−1
i + wl

j0) (9)

Equation (10) can be used to describe the output of the network at the last layer.

yj = ol
j (10)
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Back-Propagation Calculations

The most common approach for training a supervised neural network is backpropa-
gation. The purpose of this method is to iteratively modify the weights in the network to
minimise output error and provide the desired result [56]. Backpropagation is a gradient-
descent method that finds an optimal solution by minimising first-order derivatives.
The delta rule is used to adjust the weights in the network, whereby the output error
can be computed using Equation (11).

Ep =
1
2

NL

∑
j=1

(tpj − ypj)
2 (11)

where E is the error, t is the target output, y is the predicted output. The sum of the errors
in the feedforward network is expressed in Equation (12).

E =
p

∑
p=1

Ep =
1
2

p

∑
p=1

NL

∑
j=1

(tpj − ypj)
2 (12)

The error is minimized by taking the partial derivative of the total error with respect
to the weights in the network using Equation (13).

∂E
∂wl

ij
=

p

∑
p=1

∂Ep

∂wl
ij

(13)

Using the chain rule, the partial derivative is divided into two parts as expressed in
Equation (14).

∂Ep

∂wl
ij
=

∂Ep

∂al
pj

∂al
pj

∂wl
ij

(14)

∂al
ij

∂wl
ij
=

∂

∂wl
ij

Nl

∑
k=1

wl
jkol−1

pk + wl
j0 = ol−1

pk (15)

∂Ep

∂wl
ij
=

∂Ep

∂al
pj

ol−1
pi (16)

∂Ep

∂al
pj

=
∂Ep

∂ol
pj

∂ol
pj

∂al
pj

(17)

∂Ep

∂al
pj

= (ypj − tpj).∇ f (al
pj) (18)

Then,
∂Ep

∂wl
ij
= (ypj − tpj).∇ f (al

pj).o
l−1
pi (19)

At each iteration, the gradient can be evaluated, and the weight values can be opti-
mised in this manner. In this study, the Levenberg-Marquardt (LM) algorithm was used
to train the ANNs model. The LM algorithm approximates the Hessian matrix (H) using
Jacobian matrix (J) which contains the first derivative of error (Ep) with respect to the
weight, as expressed in Equation (20). The weight update is given in Equation (21).

H ≈ JT J (20)

4w = w− JT(JT J + uI)−1 (21)

where I is the identity matrix. At each iteration, the weight is changed using the following equation:

wt = wt−1 +4w (22)
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2.3. Data Analysis

The data from the DSR and MSCR tests on the eleven asphalt binders were modelled
using MATLAB, whereby the data was divided into three main parts, training, validation,
and testing. The training set often contains the majority of the data, while the validation and
test sets typically contain smaller quantities of data. 70% of the total data was used to train the
neural network, 15% was used to validate the neural network, and 15% was utilised for testing
the capability of the network to predict the output. To train neural networks, Scaled Conjugate
Gradient (SCG), Levenberg-Marquardt (LM), and Bayesian Regularization (BR) were performed
to implement a backpropagation learning process in a feed-forward neural network with one
hidden layer and five neurons. After selecting the parameters and calculating the magnitudes
of the weights and biases, the neural network was trained using the software’s training data.
The weights and biases of the training phase were evaluated after the training session based on
the difference between measured and predicted values. Consistently, the test data set was used
by the software to understand the neural network’s performance once it had been validated.

3. Results and Discussion
3.1. Temperatures and Frequencies Effects on the Viscosity

Figure 4 demonstrate the effects of different temperatures (46 ◦C, 52 ◦C, 58 ◦C, 64 ◦C, and 70
◦C) and frequencies (0.1 Hz and 10 Hz) on the shear viscosity of neat and modified asphalt
binder. When comparing the modified asphalt binders to the neat asphalt binder, the results
showed that the modified asphalt binders had the highest viscosities. Larger molecules present
in a fluid can induce increased viscosity, which can be produced by the formation of chain
networks in the asphalt binder mixture [57]. At high frequency (10 rad/s), the hybrid binders
achieved the highest viscosity at 46 ◦C, 52 ◦C, and 58 ◦C, while 4%SBS binder has the highest
viscosity at 64 ◦C, and 70 ◦C. At low frequency (0.1 rad/s), the 4%SBS binder has the highest
viscosity compared with the other modifiers at different temperatures. In conclusion, it was
observed that the viscosity of asphalt binder is significantly dependent on the effect of additives
on asphalt binder characteristics, temperature, and frequency.

Figure 4. Effects of temperatures and frequencies on the shear viscosity.
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3.2. Temperatures and Frequencies Effects on the Storage and Loss Modulus

The 3D plot in Figure 5 presents the effect of external factors (temperature and frequency)
on the storage and loss modules of the unaged neat and GF-modified asphalt binders. G

′

and G
′′

values increased geometrically when frequency increased, however both G
′

and G
′′

values dropped as temperature increases. The 8%GF binder achieved the highest values of
G
′

and G
′′

compared to the neat and other modifiers. It is evident that adding geopolymer
increases both G

′
and G

′′
significantly, enhancing the asphalt binder’s ability to recover and

resist deformation. Figure 6 shows the impact of temperatures, and frequencies on the G
′

and
G
′′

of glass powder/fly ash-based geopolymer (GFG) modified asphalt binder. The results
indicated that the GFG modifier with different percentages (4%, 8%, and 12%) has a slight effect
on the G

′
and G

′′
of the neat binder compared with GF modifier, as demonstrated in Figure 5.

Figure 5. Temperatures and frequencies effects on the G
′

and G
′′

of GF.

Figure 6. Temperatures and frequencies effects on the G
′

and G
′′

of GFG.

Figure 7 demonstrates the influence of temperatures and frequencies on the G
′

and G
′′

of
the 8%FA, 2%SBS, 4%SBS, and hybrid asphalt binders. The hybrid binder achieved the highest
values of G

′
and G

′′
compared with the other modifiers at different temperatures and frequencies.

This indicated that the hybrid binder has the highest recovery resistance for deformations. While
the 4%SBS binder exhibited more elasticity than neat, 8%FA, 2%SBS binders at low and high
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frequencies, with the highest value of G
′
. Besides, the 8%FA binders are more viscous than the

neat and 2%SBS, with the highest value of the G
′′
. Figures 5–7 show that the neat and modified

asphalt binders have a higher G
′′

than G
′
. It’s possible that this is due to the lack of strong

interactions between individual molecules [57].

Figure 7. Temperatures and frequencies effects on the G
′

and G
′′

of SBS and FA binders.

3.3. MSCR Test Results

Table 4 presents the MSCR test result of neat and modified asphalt binders at different
temperatures. The influence of additives and temperatures on the non-recovery and recovery
properties of asphalt binders was investigated. Also, the effect of additives on the traffic level
was also evaluated. According to the Jnr values under high stress (3.2 kPa), the traffic loading
was classified into four groups: S is standard traffic (≤10 million ESALs), H is heavy traffic
(10–30 million ESALs), V is very heavy traffic (≤30 million ESALs), and E is extremely heavy
traffic (≥30 million ESALs) with standing traffic [58]. Apart from the neat asphalt binder
properties, the modifiers enhance the asphalt binder’s resistance to traffic loading. It was
observed that the hybrid and 4%SBS binders achieved the highest ability to resist extremely
heavy traffic compared with the other modified asphalt binders. Furthermore, among the other
geopolymer modifier percentages, the geopolymer-modified asphalt binders with 8%GF and
8%GFG have the highest creep recovery at 46 ◦C, with 39.5% and 39.8%, respectively. While the
hybrid and 4%SBS binders have the highest ability to recover the deformation with 60.1% and
85.5% at 46 ◦C, respectively. In summary, additives and temperatures have significant effects on
the non-recovery and recovery properties of asphalt binder.

Table 4. Temperature effect on the Jnr3.2 and R3.2 of asphalt binders.

Asphalt Binders
MSCR 46 ◦C 52 ◦C 58 ◦C 64 ◦C 70 ◦C

(grade) Jnr3.2 R3.2 Jnr3.2 R3.2 Jnr3.2 R3.2 Jnr3.2 R3.2 Jnr3.2 R3.2

Neat (PG58-28) S58 0.29 21.2 0.84 8.72 2.21 1.98 5.13 0.00 10.7 0.00
4%GF (PG64-28) H58 0.13 33.4 0.39 18.8 1.09 6.84 2.69 1.26 6.04 0.00
8%GF (PG70-28) V58 0.09 39.5 0.27 24.7 0.79 10.6 1.97 2.84 4.56 0.00
12%GF (PG64-28) H58 0.12 34.6 0.38 19.3 1.08 7.11 2.64 1.41 5.83 0.00
4%GFG (PG64-28) V58 0.10 35.2 0.30 20.6 0.86 8.19 2.20 1.69 5.04 0.00
8%GFG (PG64-28) V58 0.08 39.8 0.24 25.1 0.72 11.1 1.84 2.89 4.43 0.00
12%GFG (PG64-28) H58 0.16 28.9 0.46 15.2 1.26 5.09 3.02 0.75 6.68 0.00
8%FA (PG64-28) H58 0.19 25.1 0.61 11.4 1.58 3.39 3.82 0.03 8.25 0.00
2%SBS (PG64-28) V58 0.09 55.7 0.27 45.1 0.72 31.3 1.87 16.4 4.59 4.83
4%SBS (PG76-28) E58 0.02 85.5 0.04 85.0 0.07 84.2 0.16 81.4 0.43 70.4
Hybrid (PG76-28) E58 0.03 60.1 0.09 48.9 0.28 33.2 0.77 15.5 1.96 4.56

Note: S is standard traffic, H is heavy traffic, V is very heavy traffic, and E is extremely heavy traffic.
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3.4. ANNs Model Results

The results of the frequency sweep and MSCR test indicated that various parameters
have significant effects on the neat and modified asphalt binders. So, five input parameters
were considered, temperature (T), frequency (f), storage modulus (G

′
), loss modulus (G

′′
),

and viscosity (V). A total of 880 data points were used for ANNs models to predict the two
outputs, percent recovery at 3.2 kPa (R3.2) and non-recoverable creep compliance at 3.2 kPa
(Jnr3.2) of unaged and RTFO asphalt binders at different temperatures. To establish the
optimal backpropagation learning algorithm for the study, the LM, BR, and SCG training
algorithms were used in a feed-forward, single-hidden-layer neural network of 5 neurons.
The best neural network was built using the training techniques. Figure 8 shows the
statistical fit the model measurements R-value for the outputs using three different training
procedures. The LM and BR training methods, with R values more than 0.90, did higher R
values than the SCG algorithm. The LM training technique is the better ANN for the study
data, according to the results.

Figure 8. R-values for different training algorithms.

Figures 9 and 10 describe the relationships between mean squared errors (MSEs) and
the number of epochs (Epoch is the number of times all the training data are applied to up-
date the weights at the same time [56].) for Jnr3.2 and R3.2, respectively, of unaged and aged
asphalt binders. As the number of epochs increased, the MSE value declined. In addition,
for unaged and aged Jnr3.2 and R3.2, every phase of training, validation, and testing results
in a simultaneous MSE magnitude reduction. This reduction approach validates that the
training operation was correctly completed with no overfitting in the training, validation,
and test sections.

Figure 9. MSE versus Epoch plot for Jnr3.2 of (a) Unaged and (b) RTFO binders.
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Figure 10. MSE versus Epoch plot for R3.2 of (a) Unaged and (b) RTFO binders.

Figures 11–14 present the relationship between the measured and predicted values
for Jnr3.2 of unaged binder, Jnr3.2 of aged binder, R3.2 of unaged binder, and R3.2 of aged
binder, respectively. The figures include graphs for training, validation, test, and total data,
which indicate excellent R-values for the total data set of 0.997, 0.985, and 0.987 for Jnr3.2
of aged binder, R3.2 of unaged binder, and R3.2 of aged binder, respectively. While Jnr3.2 of
unaged binder achieved an R-value of 0.937. R-values for Jnr3.2 and R3.2 of aged binder and
unaged binder demonstrated a very good correlation between measured and predicted
output values with high accuracy.

Figure 11. Observed versus predicted plot for Jnr3.2 of unaged binders.
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Figure 12. Observed versus predicted plot for R3.2 of unaged binders.

Figure 13. Observed versus predicted plot for Jnr3.2 of RTFO binders.



Processes 2022, 10, 2633 16 of 20

Figure 14. Observed versus predicted plot for R3.2 of RTFO binders.

Tables 5–8 show the weights and biases for Jnr3.2 and R3.2 of unaged binders, as well
as Jnr3.2 and R3.2 of RTFO binders, respectively. Once the values of the five-input data are
available, the ANNs model’s weights and biases can be used to predict a certain output.
The weight and bias matrix of the hidden layer in the optimal network design, which
estimates the magnitudes of Jnr3.2 and R3.2 of unaged binders and Jnr3.2 and R3.2 of RTFO
binders, were 5 by 5 and 5 by 1, respectively. The output layer was 1 by 5. Overall, the non-
recovery and recovery properties of asphalt binder are influenced by test temperature and
frequency, storage modulus, loss modulus, and viscosity, according to ANN modelling.
Figure 15 illustrates the use of the ANNs model to predict Jnr3.2 at various temperatures
for four binders, PG 58-28, PG 64-28, PG 70-28, and PG 76-28. It was noted that the ANNs
model can predict the Jnr3.2 of asphalt binders at different temperatures with high accuracy.

Table 5. Weights and Biases for Jnr3.2 model of unaged binders.

Layer
Weights Bias

Bjwij 1 2 3 4 5

Hidden 1 3.0687 1.4113 −1.9778 −0.5590 −3.1384 −7.4256
2 −2.2073 0.2155 −1.8096 0.4862 3.7408 5.2631
3 0.2415 0.1634 0.8874 −0.8957 −0.7172 0.2491
4 0.8178 −5.2766 4.1197 −0.1631 −14.6446 −17.7319
5 −0.0726 −0.0056 −0.3132 0.2839 0.2459 0.1831

Output 1 2.5500 5.8313 −1.0532 9.0893 −3.2397 5.5766
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Table 6. Weights and biases for R3.2 model of unaged binders.

Layer
Weights Bias

Bjwij 1 2 3 4 5

Hidden 1 0.2898 7.2419 −8.4904 −3.0088 0.1703 −5.6115
2 0.4935 −1.1931 1.1313 −0.2653 −1.8445 −3.0253
3 −0.5490 −1.6869 1.4974 0.3046 1.4068 2.3104
4 0.0126 21.8102 −4.7578 2.1766 0.1879 20.1986
5 −0.0792 −23.5214 2.6726 −2.5512 −0.2272 −23.6901

Output 1 7.9974 −14.8164 −11.8496 22.3949 6.6711 −10.5029

Table 7. Weights and biases for R3.2 model of RTFO binders.

Layer
Weights Bias

Bjwij 1 2 3 4 5

Hidden 1 0.3531 −3.2255 2.6827 −0.1436 −0.6694 −3.2348
2 0.2972 110.0916 −153.517 −4.6041 −0.1512 −48.9735
3 0.1343 −264.734 −8.2407 −6.7266 −0.6619 −282.7398
4 0.0943 −37.4940 17.8878 −1.2657 −0.1527 −23.0206
5 0.3477 10.6872 −10.7883 −0.1537 −0.1725 −2.5832

Output 1 −33.8622 3.3053 −81.5495 −24.3071 54.3905 −81.7113

Table 8. Weights and biases for Jnr3.2 model of RTFO binders.

Layer
Weights Bias

Bjwij 1 2 3 4 5

Hidden 1 0.8441 5.4098 −3.2639 −4.8063 −1.0246 −5.1963
2 −0.0645 9.1026 4.5755 0.0736 41.4092 56.4210
3 0.1424 −1.7009 −0.7260 −0.1259 −19.6814 −22.5069
4 −0.1090 −0.9572 2.8982 0.1693 21.3224 24.2650
5 0.7024 −10.9267 5.5517 −4.8844 −1.4464 −13.4161

Output 1 −5.1251 −24.3633 6.2432 19.5944 10.1596 15.0747

Figure 15. Observed versus predicted plot for R3.2 of RTFO binders.



Processes 2022, 10, 2633 18 of 20

4. Conclusions

This research aimed to investigate the possibility of using the ANNs model to predict
the nonrecoverable compliance and recovery properties of modified asphalt binders using
mechanical test parameters and asphalt binder properties. Over 880 data points were
covered using eleven mixed asphalt binders, one neat asphalt binder, and four modifiers
at various percentages. Frequency sweep and MSCR tests were conducted on all eleven
binders at different temperatures. Jnr and R of unaged and aged asphalt binders were
predicted using an ANNs model which was developed using five inputs: test temperature
and frequency, storage modulus, loss modulus, and viscosity.

The optimal ANN architecture was chosen, and the LM algorithm was used to train
the ANN model, a one-hidden-layer neural network with five neurons. For Jnr3.2 and
R3.2 of unaged asphalt binders and Jnr3.2 and R3.2 of aged asphalt binders, respectively.
The statistical goodness of fit values (R) between measured and predicted values were
0.938, 0.985, 0.997 and 0.987, respectively. Thus, the magnitudes of biases and weights
specified in this study could be useful in predicting the nonrecoverable compliance and
recovery properties of asphalt binders at various temperatures.

The use of the ANN algorithm to determine mathematical weights and biases of the
input parameters and examine the influence of different types of modifiers on the nonrecov-
erable compliance and recovery properties of asphalt binder was a noteworthy contribution
of this study. The ANNs model can predict the Jnr3.2 and R3.2 with high accuracy using the
viscoelastic properties of aged and unaged asphalt binders. The MSCR grade is determined
using nonrecoverable compliance under high stress. Therefore, the developed ANNs model
could be used to predict nonrecoverable compliance at high stress, and then the MSCR
grade could be determined using aged or unaged asphalt binder.

The results showed that additive content has a significant influence on increasing
resistance to heavy traffic loads and improving strain recovery under high stress and
temperatures. The hybrid and 4%SBS binders attained the highest ability to resist extremely
heavy traffic compared with the other modified asphalt binders. While the geopolymer-
modified asphalt binders with 8%GF and 8%GFG have the highest creep recovery at 46 ◦C,
with 39.5% and 39.8%, respectively, compared to the other geopolymer modifier percentages.
Also, the hybrid and 4%SBS binders have the highest ability to recover the deformation
with 60.1% and 85.5% at 46 ◦C, respectively. Additives and temperatures have been proven
to have significant effects on the nonrecoverable compliance and recovery properties of
asphalt binder. On the other hand, it was noted that there is a good relationship between
MSCR test results and asphalt mixture rutting, as concluded by different studies. Therefore,
it would be more interesting if there is a model to predict the asphalt concrete rutting depth
using the MSCR test results as well as the effect of temperatures and additive type and
amount on the performance of the asphalt binder and mixture.
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