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This paper presents innovative machine learning methods called gene expression programming (GEP)
and hybrid artificial neural network/simulated annealing (ANN/SA) to predict the fracture energy of
asphalt mixture specimens. The GEP and ANN/SA models are developed using an experimental database
including a number of disk-shaped compact tension (DC(T)) test results for fracture energy. The fracture
energy is formulated in terms of various predictor variables such as asphalt binder performance grading
(PG), asphalt content, aggregate size, aggregate gradation, reclaimed asphalt pavement (RAP) content,
reclaimed asphalt shingles (RAS) content, crumb rubber content, and test temperature. A calculation pro-
cedure is presented to interpret the models and transform them into practical design equations. A sen-
sitivity analysis is conducted to evaluate the effect of these predictor variables on the fracture energy.
Based on the results, the proposed design equations accurately characterize the fracture energy of asphalt
mixtures. The GEP model appears to be more practical than the ANN/SA model because of its better gen-
eralization and simpler functional structure. The models are recommended for pre-design purposes or as
a means to determine asphalt mixture fracture energy when testing is not feasible.

� 2018 Elsevier Ltd. All rights reserved.
1. Introduction

Cracking is one of the principal distresses in asphalt pavements.
This phenomenon can be classified into two main categories: load-
associated and non-load-associated cracking. Fatigue cracking
belongs to the first category. It occurs when tensile stresses due
to repetitive traffic loading exceed the tensile strength of the mate-
rial. As a result of excessive tensile stress, micro-cracks form, grow,
and incorporate into macro-cracks leading to aggregate cracking
and pavement structural failure [70]. Thermal cracking or low-
temperature cracking is a major non-load-associated asphalt pave-
ment distress in cold climates [53]. As the temperature drops, ther-
mal stresses develop due to the differential contraction of the
binder and aggregate in the asphalt mastic. In addition, the pave-
ment tends to develop longitudinal tensile strain due to restrained
contraction caused by decreasing temperatures [33,55,56]. Contin-
uous construction (infrequent transverse joints) and bonding to
underlying layers creates the aforementioned restraint. If the ther-
mal stresses exceed the tensile strength of the asphalt mixture,
transversely-oriented, thermal cracks can form (see Fig. 1).
Reflective cracking is also a common distress in asphalt pavement
surfaces, driven by stress concentrations resulting from the place-
ment of a continuous asphalt overlay on top of a discontinuous
pavement (such as jointed concrete pavement, or deteriorated,
cracked pavement).

The most widely-used tests to evaluate the thermal cracking
resistance of asphalt mixtures are thermal stress restrained speci-
men test (TSRST), indirect tensile creep and strength test (IDT),
semi-circular bending (SCB) test, and disc-shaped compact tension
(DC(T)) test. Two main features of the DC(T) test is that it allows for
testing cylindrical cores obtained from the field or compacted
Superpave Gyratory Compacter (SGC) specimens, and its large frac-
ture surface area [88]. Thermal cracking in asphalt pavements
commonly occurs in absolute tensile opening or fracture Mode I.
In other words, the cracks grow perpendicular to the direction of
the thermal-induced stresses in the pavement, i.e., transverse to
the direction of traffic [88]. It is believed that the low-
temperature DC(T) test controls not only the first mode of cracking
but also accounts for the second mode partially [18]. Several stud-
ies have suggested advantages of the DC(T) over other testing pro-
cedures in controlling thermal cracking and correlation with field
performance [20,23,51,52]. Fracture energy of asphalt mixture is
the most important output of the DC(T) test. The performance-
based specifications utilize fracture energy as performance param-
eter because it correlates well with the field cracking performance
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Fig. 1. Typical thermal cracks in a pavement segment located on U.S. Route 63 in
Missouri.
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[38]. This parameter measures the amount of work required to
fracture an asphalt core along a fabricated notch in the specimen
[16]. Fig. 2 shows the correlation between observed transverse
cracking in asphalt mixtures and their corresponding DC(T) frac-
ture energies based on the data from states of Illinois, Minnesota,
Missouri, andWisconsin [20]. As seen in this figure, fracture energy
is strongly correlated with low-temperature cracking.

However, asphalt mixture performance testing is sometimes
cost-prohibitive and/or component materials may not be available
or known during the pavement thickness design process. There-
fore, developing a relationship between the fracture energy mea-
sured using the DC(T) test and known or estimated parameters
from the asphalt mixture specimen leads to considerable savings
in construction cost and time. While there are some prediction
models for fracture in bituminous materials [41,46], none of them
deals with correlating the asphalt fracture energy from perfor-
mance tests with component mixture properties.

Based on this motivation, the goal of this study was to develop
comprehensive models for predicting the fracture energy of
asphalt mixture specimens. To this aim, robust machine learning
methods termed gene expression programming (GEP) and hybrid
artificial neural network/simulated annealing (ANN/SA) are used
to build the prediction models. The machine learning algorithms
are calibrated using a set of DC(T) fracture energy data for asphalt
Fig. 2. DC(T) fracture energy vs
mixtures. A key feature of the proposed models is that they include
simultaneous effects of various testing, binder and aggregate-
related parameters, along with modern asphalt ingredients such
as recycled materials, rejuvenators, rubber and their interactions.
The derived design equations can be considered as variable tools
for routine pre-design practice via spreadsheet programming or
hand calculations. The models are further evaluated using some
recommended criteria and are benchmarked against one other.

2. Machine learning techniques

In general, a challenging issue for modeling the fracture energy
is to find the most suitable factors and simulation techniques. Tra-
ditional regression analysis is one of the basic techniques for this
purpose. However, structure of a regression model should be
defined in advance, which is not always an optimal solution [2].
To deal with this issue, researchers are now widely using machine
learning (ML) techniques as powerful empirical regression
approaches [44]. ML is a subdivision of artificial intelligence (AI)
inspired by biological learning processes. The ML algorithms can
learn the underlying behavior of a system from a set of training
data without a prior knowledge about the nature of the relation-
ships between the data [59]. ML is a collection of various algo-
rithms such as ANN, support vector machines (SVM), etc. These
techniques have proven useful for many civil engineering applica-
tions including prediction of asphalt concrete properties (e.g. [7–
9,12,15,26–30,36,54,58,62,64,65–67,75–79,81,83,91].

Despite the reliable performance of these techniques, they are
considered as black-box tools. That is, they are usually unable to
generate practical prediction equations [2]. In addition, the ML
techniques and more specifically ANNs are prone to being stuck
in local minima [3]. This issue can be tackled by integrating the
ANN training process with powerful optimization algorithms such
as simulated annealing (SA) [3,13,45,49,68,82]. While a hybrid
ANN and SA (ANN/SA) method has a remarkably better prediction
performance than standard ANN [3,61], there are not any studies in
the area of its application to the characterization of the bituminous
material. In this study, the so-called ANN/SA-based black-box sys-
tem is opened, and the developed model is converted it into a prac-
tical design equation. In addition, with the advent of genetic
programming (GP) [43], the limitation of the black-box methods
. transverse cracking [20].



Fig. 4. Translating KN to an ET.
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has been tackled. This is because the GP-based methods can gener-
ate precise non-linear mathematical models for an investigated
system [28,31,39]. The current research is also aimed at deploying
one of the robust branches of classical GP called GEP to develop
highly nonlinear models for the prediction of fracture energy of
asphalt mixtures.

2.1. Gene expression programming

Invented by Koza [43], GP is an extension to genetic algorithm
(GA) that can automatically generate mathematical models follow-
ing the Darwinian evolutionary theory. While the GA solutions are
a sequence of numbers, GP creates programs that usually have a
tree-shape structure [3]. Three major types of GP are shown in
Fig. 3.

GEP is a linear GP method proposed by Ferreira [25]. GEP uses
strings with a fixed length of characters to define solutions. The
evolved solutions are expressed as Expression Trees (ETs). GEP
can evolve complex programs composed of several subprograms
[87]. Genes in GEP are a combination of functions or terminal sets
[3,4]. An example of genes expressed in Karva notation (KN) is as
follows:

þ:� :cos:a:� :þ :þ :� b:a:c:� 4:b:a ð1Þ
This KN can be transformed into a tree-shape ET as shown in

Fig. 4.
The ET given in Fig. 4 can be expressed in a functional form as:

a c � 4ð Þ � b� að Þð Þ þ cosðbþ aÞ ð2Þ
The main steps that GEP follows to obtain a solution can be

found in [25]. GEP uses various genetic operators such as crossover,
mutation and rotation [71]. In order to reshape the ETs, the rota-
tion operator plays a key role by rotating two parts of a program
[3,25]. For instance, Eq. (3) shows how the first five elements of
original gene are rotated to create a new program:

þ:þ :� b:a:c:� 4:b:a:þ :� :cos:a:� ð3Þ
The above equation can be transformed to bþ að Þ þ ðc ��4Þ, as

visualized in Fig. 5. More details about classical GP and GEP can be
found in [3,25].

2.2. Hybrid ANN/SA method

ANNs are among the most widely used branches of ML. Fig. 6
shows the basic structure an ANN neuron. In this neuron, a weight
coefficient is applied to the inputs and a summation function sums
the weighted inputs and bias. The output is then calculated by a
transfer function [1,2,74].

One of the concerns during the ANN training process is to find
optimal initial weight values [2]. This can be done using robust
optimization algorithm such as SA [45]. More details about the
Fig. 3. Different types of GP [3].
basic SA method can be found in [42,57]. A flowchart describing
the ANN/SA method is presented in Fig. 7. Boltzmann distribution
is used in the SA method to accept the solution improving the per-
formance. The SA-based optimization process is shown in Fig. 8.
The parameters involved in the algorithm are configuration of
energy (E(x)), k is Boltzmann’s constant (k), and temperature (T)
to define the probability (Pa) of any actual state of x [42,72]. Two
cooling schedules in SA are presented in Fig. 9. More details about
these schedules and the ANN/SA training process is given in
[2,42,72].
3. Modeling of fracture energy of asphalt concrete

As discussed before, none of the previous studies have taken
into account the combined effect of testing, binder, aggregate,
and recycling parameters for the prediction of the asphalt concrete
fracture energy (Gf). This is unfortunate, since the influence of
these parameters on Gf is now fairly well-understood [18]. In this
research, the parameters which were believed to affect the low
temperature cracking resistance of asphalt concrete in DC(T) test
were extracted from relevant literature and are categorized in
three groups: testing temperature, aggregate-related parameters,
and binder-related parameters.

DC(T) testing temperature: According to the ASTM specification
[6], the DC(T) test is performed at 10�warmer than the low temper-
ature performance grade (LTPG) of the binder. As the sample tem-
perature is reduced, the asphalt binder becomes more brittle and
its fracture resistance decreases [88,90]. SCB and DC(T) testing
temperatures are defined based on the performance grade (PG)
of the binder [48]. Statistical analysis showed that testing temper-
ature is a significant parameter to explain the variations of the SCB
and DC(T) Gf [48].

Aggregate-related parameters: The aggregates form the skele-
ton of asphalt pavements. Depending on the required performance,



Fig. 6. Basic structure of an ANN neuron [1].

Fig. 7. Flowchart of the ANN/SA method.

Fig. 8. Pseudo-code for the SA algorithm.

(a) Linear cooling 

(b) Temperature cycling 

Fig. 9. Cooling schedules in SA [2].
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dense-graded, gap-graded, and open-graded gradation types are
used in asphalt production. Nominal maximum size (NMAS) pro-
vides an appropriate means to compare the size range of each gra-
dation type. In addition to the gradation, aggregate type and
chemical mineralogy affect the binder-aggregate interaction and
the low temperature cracking performance of asphalt mixture.
Buttlar et al. [18] observed that mixtures with crushed gravel
aggregates outperformed the mixtures with dolomitic limestone
in terms of the DC(T) Gf and Hamburg rut depth. Benefiting from
more durable aggregates and higher asphalt content, stone matrix
asphalt (SMA) exhibited superior fracture resistance comparing to
conventional dense-graded hot mix asphalt (HMA) [18]. Also, the
mean DC(T) and SCB Gf of granite mixtures was measured to be
higher than limestone mixtures [47,48].

Binder-related parameters: Asphalt binder plays and important
role in low temperature behavior of asphalt mixture. If properly
chosen, the binder can provide the flexibility and ductility needed
by asphalt concrete to relax the induced thermal stress. Therefore,
a soft binder outperforms a stiff binder in terms of low tempera-
ture cracking [18]. In spite of this fact, the soft binder may lead
to rutting distress at high climates. As a result, a binder with a
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higher range of useful temperature interval (UTI) is desirable to
withstand the cracking and rutting at low and high temperatures,
respectively. In addition to the neat binder gradation, application
of recycled materials such as reclaimed asphalt pavement (RAP)
and reclaimed asphalt shingles (RAS), and also additives (e.g. reju-
venator agents, warm mix, styrene-butadienestyrene (SBS), and
acids) affect the binder gradations and properties [14,22].

3.1. Recycled materials (RAP and RAS)

Behnia et al. [11] performed DC(T) on asphalt mixtures contain-
ing 0, 10, 20, 30, 40 and 50% Asphalt binder replacement (ABR) by
RAP. Results showed that addition of RAP consistently decreased
the Gf of asphalt samples containing PG58-28 binder. However,
mixtures with PG64-22 binder were less sensitive to addition of
RAP [11]. Moreover, researchers reported that the mixtures with
RAS had lower DC(T) Gf and higher DC(T) peak loads than the con-
trol mixture [5].

3.2. Rubber modification

To address the environmental concerns about crumb tire rubber
and to improve the performance of asphalt concrete, ground tire
rubber (GTR) and engineered crumb rubber (ECR) have attracted
considerable attention. An improvement in low temperature per-
formance of asphalt mixture is reported after using these additives
in indirect tension (IDT) and asphalt concrete cracking device
(ACCD) tests [24]. Also, incorporating ground tire rubber with
PG64-28 and PG64-34 led to an improvement in the DC(T) Gf of
SMA mixtures at both �12 and �18 �C [17].

3.3. Additives

Polyphosphoric acid (PPA) + SBS and SBS modified mixtures
showed higher fracture resistance in DC(T) test than PPA and
PPA + Elvaloy modified mixtures [90]. Also, PPA helped mixtures
with PG58-28 binder yield higher Gf than those with PG64-28
[60]. The DC(T) test on both the laboratory compacted and field
collected samples showed that the crumb rubber warm mix
asphalt (CR-WMA) with Evotherm and the CR-HMA exhibited a
comparable low temperature performance [89].

Table 1 presents a summary of the parameters included in var-
ious studies. On the basis of this literature review, we have devel-
oped new models using the GEP and ANN/SA approaches
correlating Gf with the influencing variables as follows:

Gf ¼ f UTI; LTPG; AC; NMAS; RAP; RAS; G; AT; CRC; Tð Þ ð4Þ
Table 1
A summary of the parameters affecting low-temperature cracking resistance of
asphalt concrete in the DC(T) test.

Authors Variables Investigated

Li et al. [48] Testing temperature
Aggregate source

Buttlar et al. [18] Aggregate type
Aggregate gradation
Binder PG grade

Dave et al. [22] Recycled materials (RAP)
Additive

Blankenship and Zeinali [14] Binder PG grade
Polymer and rubber modification

Behnia et al. [11] Recycled materials (RAP)
Dave et al. [22]
Arnold et al. [5] Recycled materials (RAS)
Buttlar and Rath [17] Rubber modification
Zegeye et al. [90] Additive
Mogawer et al. [60] Additive
Where,

UTI (�C): Useful temperature interval (i.e., for PG 64-22 binder,
UTI = 64-(�22) = 86 �C)
LTPG (�C): Low temperature performance grade (for PG 64-22
binder, this is �22 �C)
AC (%): Asphalt content
NMAS (mm): Nominal maximum aggregate size. In this study,
NMAS can take 9.5 mm or 12.5 mm.
RAP (%): Reclaimed asphalt pavement
RAS (%): Reclaimed asphalt shingles
G: Gradation type (Dense: 1; SMA: 2; Gap-Graded: 3)
AT: Aggregate type (Limestone: 1; Granite: 2; Gravel: 3)
CRC (%): Crumb rubber content (No additive: 0; 12% GTR: 1; 10%
ECR: 2; 10% Evoflex: 3)
T (�C): Testing temperature

It should be noted that the GEP and ANN/SA algorithms are
algebraic and cannot take qualitative/categorical data. To tackle
this issue, the categorical inputs, i.e. G, AT, and CRC, are trans-
formed into representative numerical codes before the learning
algorithms are applied.

3.4. Experimental database

The models are developed using 51 test results obtained from
previous studies [16,17,19,37,80] and 6 test results from the cur-
rent study. The DC(T) tests were performed according to ASTM
D7313-07. The testing procedure included conditioning of the fab-
ricated specimen at the selected test temperature in a
temperature-controlled chamber for a minimum of two hours.
The DC(T) test temperature is generally 10 �C higher than the PG
low-temperature grade of the binder used in the asphalt mixture.
After the conditioning, the specimens were suspended on loading
pins in DC(T) machine, shown in Fig. 10. The specimens were
pulled with steel loading dowels through drilled holes, forcing a
crack to propagate outward from the notch. The test was carried
out at a constant Crack Mouth Opening Displacement (CMOD) rate
of 1 mm/min (0.017 mm/s). The test was stopped when the post-
peak loading reaches a nominal level of 0.1kN. A typical load-
CMOD curve is shown in Fig. 11.

Gf can be obtained by measuring the area under the load-CMOD
curve and dividing it by the fractured area (ligament length times
thickness) as follows:

Gf ¼ AREA
B � L ð5Þ
Fig. 10. The test Quip DC(T) apparatus.
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where,

Gf = Fracture energy, in J/m2

AREA = Area under Load-CMODFIT curve, until the terminal load
of 0.1 kN is reached
B = Specimen thickness, in m, generally 0.050 m (except for
field cores)
L = Ligament length, usually around 0.083 m

The numerator of the equation represents the area under the
Load-CMOD curve, which is the work required to create the frac-
ture surface. The area is generally computed using the quadrangle
rule for numerical integration. The CMOD curve is generally the fit-
ted CMOD, where a straight line is fit through the CMOD vs. time
curve to enable data smoothing (ASTM D7313-07).

Table 2 presents the descriptive statistics of the variables used
in this study. To deal with overfitting, three random divisions were
considered for the data: learning (�70%), validation (�10%) and
testing (�20%) [9,10,21,63]. The learning and validation subsets
were used to calibrate and evaluate the models, respectively. Since
they were both involved in selecting the final models, they were
labeled as training data in the subsequent analyses. To visualize
the distribution of the samples, the data are presented by fre-
quency histograms (see Fig. 12). As observed from Fig. 12, the dis-
tributions of the predictor variables are not uniform. Arguably,
better model performance is expected for cases within the ranges
given in Table 2 and where the densities of the variables are higher
as shown in Fig. 12.

3.5. Performance measures

Determination coefficient (R2), root mean squared error (RMSE)
and mean absolute error (MAE) were used as the performance
measures:
Table 2
Descriptive statistics of the variables.

Parameter UTI (�C) LTPG (�C) AC (%) NMAS (mm) RA

Mean 88.35 �29.37 6.14 – 5.4
Median 86.00 �28.00 6.00 – 0.0
Mode 86.00 �28.00 6.00 – 0.0
Kurtosis �0.43 �0.68 0.27 – 3.7
Skewness �0.09 �0.27 �0.03 – 1.8
Range 28.00 18.00 2.30 – 35
Minimum 70.00 �40.00 5.10 9.50 0.0
Maximum 98.00 �22.00 7.40 12.50 35
R2 ¼ ðPn
i¼1ðOi � �OiÞðti � �tiÞÞ2Pn

1¼1ðOi � �OiÞ2
Pn

i¼1ðti � �tiÞ2
ð6Þ

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1ðOi � tiÞ2
n

s
ð7Þ

MAE ¼
Pn

i¼1 Oi � tij j
n

ð8Þ

where,

Oi : Measured output
ti : Predicted output
�Oi : Average of measured outputs
�ti : Average of predicted outputs
n: Number of samples

The best GEP models were selected based on a multi-objective
strategy that involved simplicity of the models and their least pre-
diction error during the learning and validation stages [9].

3.6. Model development using the GEP method

After a series of preliminary runs and observing the GEP algo-
rithm performance, UTI, LTPG, AC, NMAS, RAP, RAS, G, AT, CRC, and
T were determined to be the most influencing parameters. Then,
the GEP method was used to arrive at the best mathematical mod-
els. Several runs were carried out to determine the optimized GEP
parameters. There are five main parts for setting GEP parameters
including: general setting, complexity increase, genetic operators,
numerical constant, and fitness function. In general part, number
of chromosomes affects the time of the simulation run. By increas-
ing the number of chromosomes, the runs take longer. The head
size shows the complexity of each term in the evolved model
[3,4,61]. Table 3 shows a set of parameters used during the GEP
simulations.

The overall number of runs for developing the optimal models
was about 54 (number of combinations of the algorithm parame-
ters) � 3 (number of replications) = 162. The optimal GEP-based
prediction model for Gf is as follows:

Gf
j

m2

� �
¼ NMAS� 9ð ÞAT � RAPð Þ 5:36þ T � LTPGð Þð Þ � LTPGð Þ

þ AT G4 � 1:7þ UTI
� �

þ NMAS� UTI
T þ NMASð ÞATð Þ � AT þ 6:45

� RASþ RAP þ LTPG
AT

þ LTPG2 þ 3:49T þ AC � RAP

þ T
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
CRC3 � 10T � RAP � AC � 6:461þ UTI

q
ð9Þ

where, UTI, LTPG, AC, NMAS, RAP, RAS, G, AT, CRC, and T denote useful
temperature interval, low temperature performance grade, percent-
age of asphalt content, nominal maximum aggregate size, percent-
age of reclaimed asphalt pavement, percentage of reclaimed asphalt
P (%) RAS (%) G AT CRC T (�C) Gf (j/m2)

1 8.81 – – – �17.37 710.64
0 0.00 – – – �12.00 658.00
0 0.00 – – – �12.00 590.00
0 �0.90 – – – 2.66 10.83
9 0.93 – – – �1.75 2.78
.20 33.50 – – – 30.00 2434.70
0 0.00 1 1 0 �42.00 283.00
.20 33.50 3 3 3 �12.00 2717.70
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shingles, gradation type, aggregate type, crumb rubber content, and
testing temperature, respectively. The model is a complicated com-
bination of parameters and operators to predict Gf. The expression
trees (ETs) of the obtained model is given in Fig. 13. In this figure,
Fig. 12. Distribution histog
d0, . . ., d9 represent UTI, LTPG, AC, NMAS, RAP, RAS, G, AT, CRC, and
T, respectively. Parameters c0 and c1 in the ETs are numerical con-
stants, n in Xn denotes power. This model is comprised of five indi-
vidual sub-models connected using addition operation. Each of
rams of the variables.
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Fig. 12 (continued)

Table 3
The optimal parameter setting for the GEP algorithm.

Parameter Settings

General
Chromosomes 20, 30, 50
Genes 3, 4, 5
Head size 8, 10, 15
Linking function Addition
Function set +, �, �, /,

p
, 3
p
, Ln, Log, power, exp

Complexity increase
Generations without change 2000
Number of tries 3
Max. complexity 5

Genetic operators
Mutation rate 0.00138, 0.044
Inversion rate 0.00546
Numerical constants
Data type Floating-point
Lower bound �10
Upper bound +10
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these sub-models include a part of the information provided by the
final model [25]. Fig. 14 presents the predictions provided by this
model. The high density of the points around the ideal 45-degree
angle line clearly indicates the good performance of the model.

3.7. Model development using the hybrid ANN/SA method

The ANN/SA models formulate Gf in terms of UTI, LTPG, AC,
NMAS, RAP, RAS, G, AT, CRC, and T. For the ANN simulation, the data
was normalized between 0.05 and 0.95 using the following method
[69,86]:

Vn ¼ A� V þ B ð10Þ
where,

A ¼ L� U
Vmax � Vmin

ð11Þ

B ¼ L� A� Vmax ð12Þ
Vmax and Vmin are the maximum and minimum of the variable V in
the database, respectively. In this study, L and U were taken 0.05
and 0.95, respectively. The normalized data were then fed into the
ANN/SA algorithm. The algorithm was implemented several times
to find the best solution. The ANN/SA parameter setting was based
on some previously suggested values [2,45] and after a trial-and-
error approach. The best ANN/SA simulation results were obtained
with these parameter values: k = 1500; initial temperature = 15;
final temperature = 0.015. The number of temperature cycles were
set to 10, 20 and 50. Also, 10, 15 or 20 iterations were considered
for the number of iterations. Several networks with different set-
tings for hidden layers, hidden nodes, epochs, and activation func-
tions were trained. Conjugate-Gradient and Levenberg–Marquardt
algorithms were implemented for the training of the network. The
best results were obtained by the Conjugate-Gradient method. Also,
the transfer function between the input and hidden layer was log-
sigmoid of form 1/(1 + e�x). The same function was used for the hid-
den layer and output layer.

In order to transform the ANN/SA model into a practical equa-
tion, the weights and biases were frozen after the networks were
well trained [2]. Thereafter, the optimal model was converted to
a functional form using the following equation [2,34]:

h ¼ f HO biash þ
Xh
k¼1

Vkf IH biashk þ
Xm
i¼1

wikxi

 ! !
ð13Þ

where h, bias, V, w, x, and f denote output, bias, weight connection,
input, and transfer function, respectively. Also,h, IH,HO, k, i represent
the hidden layer, input-hidden layer, hidden-ouput layer, number of



Fig. 13. Expression trees of the best GEP prediction model for Gf (ET =
P

Sub-ETi).

Fig. 14. Measured against predicted Gf using the G
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neurons, andnumberof input parameter, respectively. Thebest ANN/
SA prediction model for Gf was constructed with all of the 10 input
parameters (UTI, LTPG, AC, NMAS, RAP, RAS, G, AT, CRC, and T) and 11
(m = 11) nodes (see Fig. 15). After de-normalizing the output, the
ANN/SA-based formulations of Gf is as follows:

Gf j=m2
� � ¼ �2705:22

1
1þ e� AþBiashð Þ

� �
þ 2852:97 ð14Þ

where,

A ¼
X11
k¼1

Vk

1þ e�F
ð15Þ

F ¼ UTInW1k þ LTPGnW2k þ ACnW3k þ NMASnW4k

þ RAPnW5k þ RASnW6k þ GnW7k þ ATnW8k þ CRCnW9k

þ TnW10k þ Biask ð16Þ
in which, UTIn, LTPGn, ACn, NMASn, RAPn, RASn, Gn, ATn, CRCn, and Tn
represent the inputs variables normalized using Eq. (11). The
weight and bias values of the optimal ANN/SA model are given in
Tables 4 and 5. 8,000 epochs were considered for the network train-
ing. Fig. 16 presents the predicted against the measured Gf values.
As seen in this figure, the points are densely distributed around
the idea fit line which indicates that the prediction is well-
performed.

3.7.1. Design example
The ANN/SA structure interpretation procedure was shown

using the following illustrative example for one of the testing data:
UTI = 98 �C; LTPG = �40 �C; AC = 6.5%; NAMS = 12.5 mm;

RAP = 0%; RAS = 0%; G = 1 (Dense); AT = 2 (Granite); CRC = 0%;
T = �42 �C. Gf is required. Here are the calculation steps:

1: Normalization of the input parameters and calculating UTIn,
LTPGn, ACn, NMASn, RAPn, RASn, Gn, ATn, CRCn, and Tn based on
Eqs. (10)–(12).

For UTI: Minimum andmaximum are 70 and 98 �C, respectively.
Hence:

a ¼ 0:05� 0:95ð Þ
98� 70ð Þ ¼ �0:032; b ¼ 0:05� ð�0:032Þ � 98 ¼ 3:186

UTIn ¼ �0:032
z}|{a

� 98
z}|{UTI

þ3:186
z}|{b

¼ 0:05

Similarly,
LTPGn, ACn, NMASn, RAPn, RASn, Gn, ATn, CRCn, and Tn are equal to

0.95, 0.40, 0.05, 0.95, 0.95, 0.95, 0.50, 0.95, and 0.95.
EP model: (a) training data, (b) testing data.



Fig. 15. The optimal ANN/SA architecture for predicting Gf..

Table 4
Input-hidden layer weight and bias values.

Weights K

1 2 3 4 5 6 7 8 9 10 11

W1k 2.080 2.433 �2.212 �2.367 2.501 3.292 2.783 0.072 �0.856 �2.108 3.648
W2k �6.347 2.589 7.572 4.444 2.218 1.010 �1.156 �0.746 0.025 0.722 3.290
W3k �9.186 �8.646 �2.193 �3.982 3.947 �1.383 2.968 �6.359 2.101 �0.897 �1.458
W4k 1.552 4.077 5.969 4.724 �4.697 �2.913 3.362 �1.464 2.480 2.120 �5.404
W5k �2.453 �2.202 1.278 0.836 0.999 �4.285 �0.533 �2.276 �1.258 �2.856 �0.196
W6k 1.694 3.175 �2.713 �0.825 2.747 �6.244 �2.981 �3.682 �1.960 �2.543 �1.345
W7k 0.243 3.847 �1.600 �1.391 �4.705 1.433 1.045 1.030 2.154 �3.012 �0.440
W8k 7.694 �2.359 �0.479 �5.490 9.166 �0.989 2.789 6.021 1.449 �3.242 1.350
W9k �0.718 5.610 �4.090 1.653 �0.862 �4.424 3.739 1.196 �8.570 �0.276 �0.332
W10k 1.793 �10.472 �2.509 4.828 5.322 0.550 �1.087 5.262 1.105 3.746 4.012
Biask �1.789 �5.773 3.986 0.791 �1.905 0.183 1.181 �3.953 5.056 �4.795 0.252

Table 5
Hidden-Output layer weight and bias values.

Weights K

1 2 3 4 5 6 7 8 9 10 11 Biash

Vk 6.964 �9.361 �2.696 2.694 �5.021 1.550 5.092 3.908 3.591 �14.999 �5.085 4.576

H. Majidifard et al. /Measurement 135 (2019) 438–451 447
2: Calculation of the hidden layer. Referring to Eq. (16), F1, . . .,
F11 are obtained as:

F1 = �6.954, F2 = �7.684, F3 = 1.093, F4 = 5.632, F5 = 9.589,
F6 = �12.211, F7 = 3.152, F8 = –2.825, F9 = �1.370, F10 = �10.785,
and F11 = 4.991.

3: Predicting Gf . The log-sigmoid function (f = 1/(1 + e�x)) was
used to calculate A:
A = 6.964f (F1) � 9.361f (F2) + 2.696f (F3) + 2.694f (F4) � 5.021f
(F5) + 1.550f (F6) + 5.092f (F7) + 3.908f (F8) + 3.591f (F9) � 14.999f
(F10) � 5.085f (F11) = 0.027

Using Eq. (14), Gf is equal to:

Gf ¼ �2705:22
1

1þ e� 0:027þ4:576ð Þ

� �
þ 2852:97 ¼ 874:03j=m2



Fig. 16. Measured against predicted Gf using the ANN/SA model: (a) training data, (b) testing data.
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The measured Gf for this case was 790.2 j/m2 which is 11% lower
than the predicted Gf .

4. Performance evaluation

4.1. Statistical methods for external validation

On the basis of a rational hypothesis, Smith [84] argues that for
correlation coefficient (|R|) higher than 0.8, a strong correlation
exists between the predicted and measured values. In all condi-
tions, the error values (e.g. RMSE, MAE) should be at the minimum
[4]. Based on the results shown in Figs. 14 and 16, the proposed
GEP and ANN/SA models have a satisfactory performance on the
training and testing data sets. Besides, Table 6 shows some criteria
suggested by Golbraikh and Tropsha [35] and Roy and Roy [73] for
the external validation of the models. More details about these per-
formance measures can be found in [26]. As observed from Table 6,
the developed models satisfy all of the requisite conditions. The
validation phase ensures that the proposed models are strongly
suitable and applicable.

4.2. Sensitivity analysis

As discusses in Section 3.3, an extensive simulation study was
carried out to find the most relevant parameters and accordingly
developing the best predictive models. The optimal models were
built using 10 input parameters (UTI, LTPG, AC, NMAS, RAP, RAS, G,
AT, CRC, and T). However, a second phase of sensitivity analysis
was further performed to distinguish the parameters with higher
Table 6
Performance measures for further validation of the GEP and ANN/SA models.

Item Formula C

1 R 0
2

k ¼
Pn

i¼1
hi�tið Þ

hi
2

0

3
k

0 ¼
Pn

i¼1
hi�tið Þ

ti2
0

4 m ¼ R2�Ro
2

R2
mj

5 n ¼ R2�R
o0

2

R2
nj

6
Rm ¼ R2 � 1�

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
R2 � Ro

2
			 			r� �

0

7
Ro

2 ¼ 1�
Pn

i¼1
ti�hi

oð Þ2Pn

i¼1
ti��tið Þ2 ; hi

o = k�ti
S

8
Ro0

2 ¼ 1�
Pn

i¼1
hi�ti oð Þ2Pn

i¼1
hi�hi

�� �2 ; tio = k
0 � hi

S

contributions in the final models. To this aim, the frequency values
[26] of the input parameters were obtained for the GEP models. In
case a design variable has appeared in 100% of the best thirty GEP
programs, its frequency value will be equal to 1 [26]. For the ANN/
SA analysis, Garson’s algorithm [32] was utilized to find the rela-
tive importance of the predictor variables based on the weights
of the ANN/SA model (Fig. 17). Fig. 18 shows the sensitivity analy-
sis results for the GEP and ANN/SA models. For both GEP and ANN/
SA, Gf is more sensitive to AC and AT. Also, the influence of LTPG and
T is high in the GEP analysis. As seen in Fig. 18, the effect of UTI, RAP
and RAS on Gf is less than the other parameters. These are expected
outcomes because at low temperature, the fracture phenomenon
significantly relies on the aggregate type. In this case, cracks prop-
agate through the aggregates and try to break them up and grow.
Asphalt binder is the weak component in asphalt mixtures. A soft
binder has a better performance compared to a stiff binder in terms
of low temperature cracking [18,40]. Lower LTPG will provide
higher ductility and flexibility at low temperature, while higher
LTPG leads to brittle behavior of binder [50]. In addition, the frac-
ture energy is dissipated significantly near the glass transition
temperature [85]. Binders with lower LTPG have lower glass tran-
sition temperature. The significantly high effect of temperature on
Gf is also reported in different studies [48].
4.3. Comparative study

Since there were not any existing models for the Gf of asphalt
pavements, the GEP and ANN/SA were benchmarked against each
other. Referring to Figs. 14 and 16, the ANN/SA model has a notably
ondition GEP ANN/SA

:8 < R 0.984 0.965
:85 < k < 1:15 0.981 1.093

:85 < k
0
< 1:15 1.011 0.904

j < 0:1 �0.030 0.000

j < 0:1 �0.032 �0.012

:5 < Rm 0.804 0.918

hould be close to 1 0.997 0.932

hould be close to 1 0.999 0.943



Fig. 17. The procedure to evaluate the relative importance of inputs [32].

Fig. 18. Sensitivity analysis of the final predictor variables in: (a) GEP analysis and (b) ANN/SA analysis.
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better performance than the GEP model on the training data. This
is while GEP has a superior performance to ANN/SA on the testing
data. This means that the GEP model has a better generalization
compared to the ANN/SA model. In addition, Fig. 19 visualizes his-
togram plots of measured/predicted Gf values along with the stan-
dard deviation (STD) and average (Mean) metrics for the entire
database. Evidently, the models with higher distribution around
Measured Gf/Predicted Gf = 1 provide better predictions. As seen
in Fig. 19(b), the density of the data corresponding to ANN/SA are
higher around 1 compared to the GEP model. On the other hand,
Fig. 19. A comparison of the GEP and AN
GEP provides a better Mean value than the ANN/SA model. It
should be noted that a major advantage of GEP over ANN-based
and other classical modeling approaches lies in its capability to
derive explicit relationships without assuming prior forms of the
existing relationships. In addition, the final modes developed using
GEP are obtained after controlling millions of nonlinear models,
which is not feasible via other nonlinear regression approaches.
While this study has opened the black-box ANN/SA model, the
derive prediction equation is much more complicated than the
GEP model.
N/SA models on the entire database.
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5. Conclusions

In this study, two machine learning methods called GEP and
ANN/SA were used to predict the Gf of asphalt mixtures. Two mod-
els were developed using a well-established experimental data-
base. The proposed models include the simultaneous effect of
various test, binder and aggregate-related parameters, as well as
modern asphalt ingredients such as recycled materials, rejuvena-
tors, and rubber. The models provide reliable predictions of Gf.
The GEP model produces better outcomes than the ANN/SA model
for the testing data. The beauty of the GEP analysis is that it can
model the Gf behavior without any need to predefine the model’s
functional structure. Besides, a calculation procedure was pro-
posed to transform the optimal ANN/SA model into a functional
representation. The GEP model seems to be more practical than
the ANN/SA model because of its better generalization and simpler
functional structure. However, a limitation of the derived models is
that they were calibrated using a fairly limited set of DC(T) test
results. This limitation can be overcome by updating the model,
allowing to continue to learn (i.e., to grow in predictive accuracy,
and eventually mature into a stable and widely predictive tool),
as more data becomes available. The results of the sensitivity anal-
ysis indicate that AC, AT, LTPG and T are more effective to explain
the variations of Gf compared with the other predictor variables.
Since the proposed models are based on the data alone, they are
mostly suitable for pre-design purposes. In any case, the range of
the mixture properties should fall within the range considered
for the development of the models. In other words, model extrap-
olation has not been tested and is not recommended at this time.
Besides, prior knowledge about the underlying physical process
based on engineering judgement or human expertise can also be
incorporated into the learning formulation, which greatly
enhances the usefulness of GEP over other classical and ML tech-
niques. It should be noted that performing DC(T) test might be
cost-prohibitive for some users. Thus, a trial method to design a
mixture with acceptable thermal cracking performance may be
expensive. Arguably, using the proposed empirical models for the
estimation of the DC(T) test results will save time and money for
such design procedures.

Further research can focus on including DC(T) test results for
mixtures with much wider range properties to obtain more reliable
predictions. Moreover, an ML model can be developed to charac-
terize the combined effect of asphalt additives on both rutting
and thermal cracking performance. The importance of such model
is that adding an additive to asphalt pavement usually improves
merely one of these two performance indexes. In addition, a rela-
tionship can be developed between the density of the thermal
and block cracks in pavement segments and the corresponding
DC(T) fracture energy. Further extension of the techniques could
eventually allow general pavement distress and performance pre-
diction as a function of traffic and climate for the purposes of gen-
eral pavement management, material selection, and preliminary
mix design.
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