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 Asphalt concrete is the most excellence, strong and stable kind of hot asphalt and 
Marshall Stability of asphalt is one of the most important traits, according to which 
asphalt's qualitative plan and control are executed. Concrete asphalt is the mixture of 
stony materials and tar and its Marshall stability is a function of aggregation, stony 
materials' traits and also rate and type of the used tar. Considering huge cost of asphalt 
and its maintenance, it becomes more significant to use new and advanced methods 
concerning asphalt's qualitative plan and control. Simulation methods including 
artificial neural networks (ANN) and support vector machines (SVM) have been used 
to predict Marshall Stability of asphalt. Also, data of 125 laboratory samples and 35 
laboratory samples were used for training networks and testing its applications, 
respectively. The results showed that the recommended method was more efficient than 
the expensive laboratory one. 
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INTRODUCTION 

 
 Marshall Stability of asphalt is one of the most important properties which are considered in asphalt mixture 
plan [1]. Low rates of Marshall Stability of asphalt makes low efficiency and causes problems including fatigue 
and cracks [2, 3]. Whereas concrete asphalt is the mixture of tar and stony materials, its Marshall Stability is a 
function of aggregation, trait of stony materials and also rate and type of the used tar [4, 5]. Due to the number 
of variables and complexity in the relations among them and Marshall asphalt, mathematical analytical relations 
among variables and Marshall Stability of asphalt and mutual effect have not been presented thus far; so, the 
only method by which rate of Marshall Stability of asphalt has been determined is experiment. Whereas road 
construction and development is considered one of the economic and cultural progress bases and considering 
huge cost of asphalt and its maintenance, it has become more significant to use new and advanced methods 
concerning asphalt's qualitative plan and control. Artificial intelligence algorithms are one of the new methods 
which transfer knowledge or rule beyond the experimental datum to the network structure and, despite other 
analytical models, they do not need to determine the relation between input and output [6]. Using artificial 
intelligence algorithms including Artificial Neural Networks and support vector machines has been developed in 
various fields of transportation engineering such as asphalt lining on surface, asphalt mixture plan, road repair 
and maintenance management, traffic engineering and other fields [7].  
 In a research which was done by Safarzadeh and Heidaripanah [8], ANN were used to predict Marshall 
Stability of asphalt and effect of Consumed Tar Rate stony materials was modeled in Marshall Stability of 
asphalt. Ozgan [9] compared fuzzy logic ability and statistical methods to model asphalt compressive strength 
and studied rate and manner of exposure time effect and environment temperature on Marshall Stability of 
asphalt. Also, Ozgan and Saruhan [10] and Ozgan [11] used ANNs and simulated annealing to model asphalt's 
compressive strength in another research.  
 In present study, two methods were studied to model asphalt's compressive strength including date 
exploration of ANNs and SVMs and different results were studied with regard to various evaluation standards. 
Also, effects of two input parameters, rate of the used tar and filler were studies on Marshall Stability of asphalt. 
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MATERIALS AND METHODS 
 
Artificial Neural Network: 
 ANN indeed is inspired by human brain's mass mixed structure, in which millions of cells (neurons) solve 
problems or save date by their interrelations (synapse). These networks are a set of different models which are 
suggested by mathematicians and engineers to simulate a part of brain performance. The main structure of 
ANNs is based on two main constituents (neurons) and weighted communications (synapse) [12]. Learning in 
natural systems happens in a comparative form. It means that changes happen in synapses due to learning. The 
same manner happens in ANNs. It means that a collection of true input and output is often (not always) 
transferred to a neural network and, through these samples, the neural network changes its communicative 
weight in a way that entering a new input leads to the generation of true answers. In fact, ANN uses a complex 
non-linear function for processing and saves its knowledge in its communicational weight [13].   
 

 
 
Fig. 1: Neural Network Structure. 
 
Support Vector Machines: 
 SVM is a set of learning with supervision that is used for classification and regression. SVM was introduces 
in 1995 by Vapnik on the basis of statistical learning theory. Originally, SVM was a mathematical method in 
which an algorithm was used to maximize math function regarding the collection of data [14]. SVMs are a kind 
of data exploration algorithms like other artificial intelligence algorithms [15]. Different sates of SVMs include 
linear maximal margin classifier for linearly separable data (hard margin), linear soft margin classifier for 
overlapping classes (linearly non-separable date), nonlinear classification, multi-classes date classification using 
decision variables in the form of definite and indefinite (probabilities). In the case, information available classes 
are not linearly separable in the area of initial input, Kernel Trick method would be used. Therefore, initial input 
area is transformed to special area with higher dimensions by Kernel functions; then, an optimal linear separable 
hyper plane with maximal margin shall be searched. There are various drawer functions (Kernel functions) to 
this purpose, the most famous of which include linear Kernel, polynomial Kernel, Hyperbolic tangent Kernel 
and the most famous one is Gaussian Kernel. One of the other useful aspects of SVMs is regression property in 
these machines that has been recently added to the machine facility [16]. 
 SVMs may be used in regression issues; the only difference is that the language functions used in them are 
different in other parts of SVMs. In an SVM-assisted linearization algorithm, by assuming input values of ix  

and output values of iy , the point is to find a function with the least deviation ε  from iy . If training data are 

formed as RyRxyxyx n
kk ∈∈ ,),,(),...,,( 11  in the number of k, then the related linearization function is 

explained as Eq.(1): 
 

RbRxwbxwxf n ∈∈+= ,),(,).()(                                                                                           (1) 
 
 Where x is input vector, w  is vector weight and b is rate of disorder. To determine )(xf  function, the 

output rate shall be chosen constantly so that the least rate of deviation of ε  from iy is simultaneously 
determined and also the function chooses the appropriate value of w  weight. The required conditions are 
reachable by solving the following optimization Eq.(2): 
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 Where ix  , iy , w  are parameters like Relation 1 and ε  is rate of the applied deviation. Finally, to 
transform an optimal equation to an accurate equation that includes a set of limits of non-equations and 
inequalities, Lagrange multipliers of iα  and iα′  are considered to obtain the following Eq.(3): 

b)x,x)(()b,x(f ii

k

1i
i +α−α′=∑

=

                                                                                                         (3) 

 
 The above linearization equation would be solved by finding Lagrange multipliers. But, it cannot be used 
for nonlinear issues; so, Kernel functions are used to solve those forms and then they would be applied for 
nonlinear regression issues. Finally, the above equation is rewritten as Eq. (4): 

b)x,x(k)()b,x(f ii
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1i
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                                                                                                     (4) 

 
In the above relation, ),( xxk i  indicates Kernel function [17, 18]. 
 
Support Vector Machines for Regression: 
 Recently, the support vector method used successfully in the issues with continuous population. The 
difference of SVMs in classification and regression issues is only in their used language functions. If training 
data are formed as RyRxyxyx n

ll ∈∈ ,),,(),...,,( 11  in the number of l , then the related linearization 
function is explained as shown in Eq.(5): 
 

Rb,R)x.w(,b)x.w()x(f n ∈∈+=                                                                                                (5) 
 
 Where x is input vector, w  is vector weight and b  is rate of disorder. The equation is minimized to Eq. 
(6): 
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 In which C  is a penalty parameter that is obtained by trial and error method and its value is defined and 
ξ is a positive parameter of shortness. After solving the above issue, the next step is to maximize the following 
Eq. (7) which is the Dugan form of the above Eq. (6): 
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Regarding the following limit, the above issue would be solved Eq.(7): 
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 By solving Equation 7, under circumstances of Equations 8 and 9, Lagrange multiplier of α and *α are 
obtained. Then, the regression function is obtained by solving the two following Eq. (10) [19]: 
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Date Characteristic:  
 There were one hundred and sixty laboratory samples of asphalt concrete which were executed on asphalt 
samples by Mazandaran Province's Soil Mechanism Laboratory in Iran were used to study the performance of 
two methods of data exploration of ANN and SVM for predicting asphalt's compressive strength. Characteristics 
of the used asphalt samples were statistically described and this statistical descriptions show widespread range 
of the used data and suitable dispersion in their own range.  
 
Table 1: Properties of coarse and fine aggregates. 

Variance Std.dev. Average Max. Min. Fixed 
Values 

Physical Property 

5.21 2.28 98.20 100 89 98 Percentage of sieved of sieve no.3.4(%) 
38.68 6.22 86.38 100 67.5 87 Percentage of sieved of sieve no.1.2(%) 
50.36 7.10 77.05 96.8 59.6 77 Percentage of sieved of sieve no.3.8(%) 
44.80 6.69 52.61 73 37.8 54 Percentage of sieved of sieve no.4(%) 
17.36 4.17 33.32 50.8 20.2 38 Percentage of sieved of sieve no.8(%) 

4 2 10.78 20.1 6 11 Percentage of sieved of sieve no.50(%) 
3.44 1.86 6.35 10.2 1.3 7 Percentage of sieved of sieve no.200(%) 

19.20 4.37 93.78 100 77 92 Percentage of crushed aggregates (%) 
0.0014 0.0379 0.33 0.44 0.28 0.36 Percentage of tar absorption (%) 

0.000027 0.0052 1.013 1.021 1.005 1.011 Special weight of tar (gr/cm3) 
0.0015 0.038 2.66 2.721 2.599 2.66 Special real weight of materials(gr/cm3) 
0.16 0.40 4.31 5.46 3.16 4.2 Tar percentage (%) 

23301.97 152.65 1085.35 1527 732 - Marshall Stability (kg) 
 
Evaluation Process of the Two Models' Performance:  
 To study the performance of ANN and SVM models, mean absolute percentage error parameters Eq. (11), 
root mean square error Eq. (12), standard deviation error Eq. (13) and coefficient of determination Eq. (14) were 
used. 
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 iy ، iŷ and y  are expected output, predictive output by networks and mean of expected outputs, 
respectively. Also, N is the number of testing data. The model which had the maximum value of R² and the 
minimum value of RMSE, SDE and MAPE parameters in the results of its testing step had better performance. 
Based on this control standard, trial and error method was used in the present study to choose the model with the 
maximum R² and minimum false parameters from among different models with various structures.  
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RESULTS AND DISCUSION 
 
Result: 
 There were twelve parameters that were considered as network input and asphalt sample's stability 
parameter (Marshall Stability) was considered as network output (Table 1) in this research. In both models, 
about 80% of available data (125) was used for network training and the remaining 20% (35) were applied for 
network testing. Values of data were standardized between 1 and -1 for the better performance of ANN and 
SVM networks. The purpose of standardization was to equal all present elements in an algorithm. Also, it 
prevented from excessive minimization of data weight [20] Eq. (15): 
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  Xn in this relation is standardized value and X is real value, Xmax is real maximum value and Xmin is 
minimum real values. Leader Multi-layer Perceptron with Levenberg–Marquardt algorithm of dissemination 
education to back were used for ANN modeling. The number of neurons of input layer was 12 and that of output 
layer was 1; sigmoid tangent (tansig) activity function was used in the middle layer. Also, the number of 
neurons was obtained as 11 in the middle layer using trial and error method. Regression application was used to 
model SVM network. Determiner parameters of an SVM model are C and V value, which were determined by 
trial and error method. The values of optimized C and V for the above network were equal to 1000 and 0.99, 
respectively. Various Kernel functions were tested in this model and the best answer was obtained by Gaussian 
Kernel. 
 A comparison was made in Table 2. As can be seen, accurate answers were more in SVMs. Paradigm of 
real values was measured in Figure 2 and predicted values for asphalt compressive strength were drawn by SVM 
and ANN models. As is clear in the figure, performance of both models of ANN and SVM was relatively near to 
each other in terms of evaluating the standards obtained from their results and they predicted both models of 
compressive strength properly. These performances were good in whole range of compressive strength 
predictions in both low and high compressive strength of asphalt are near to the real amounts. Finally, by 
considering ANN and SVM same points, it would be clear most of SVM points in comparison of ANN points 
are nearer to the perfect line. As a result it can say that SVM predicted compressive strength with more 
accurately than ANN.  
 
Table 2: Comparison of evaluation parameters of ANN and SVM models. 

Accurate Assessment Standard R²1 SDE2 RSE3 MAPE4 
Network Type 

ANN5 0.8598 0.0211 42.0527 3.1641 
SVM6 0.8632 0.0208 41.3187 3.0173 

 

 
Fig. 2: Dispersion curve of estimated compressive strength against real compressive strength during testing. 
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Simulating Passing Rate Changes of Effect of Sieve-200 (filler) for Asphalt's Compressive Strength: 
 For this purpose, first, other inputs of the network were considered fixed (training data's mean values were 
used for these fixed values) and the sample's Marshall Stability was measured for different values of passing 
rate from sieve 200 by the training network. The fixed values of inputs are written in Table 1. Also, the 
paradigm of changes of compressive strength of asphalt was compared with the changes of passing rate of sieve 
200 (filler).  
 

 
Fig. 3: Diagram of changes of asphalt's compressive strength toward changes of passing rate of sieve (filler). 
 
 As can be seen, in the range of 2 to 5% of changes, compressive strength rate would increase with sharp 
inclination and this enhancement would continue in the range of 5 to 7% with low inclination due to filler 
capacity in making coherence between tar and stony materials. But, in the range of 7 to 10% of changes of filler, 
compressive strength would decrease due to the decrease of materials' inner friction. 
 
Simulating Changes in the Effect of Consumed Tar Rate for Asphalt's Compressive Strength: 
 To this end, first, other inputs of the network were kept fixed and the sample strength was measured for 
different values of tar rate in comparison with asphalt mixture by the training network. The fixed values of input 
are given in Table 1. Also, paradigm of changes of asphalt's compressive strength was shown as compared with 
the consumed tar.  
 

 
Fig. 4: Diagram of changes of asphalt's compressive strength in relation to changes of consumed tar rate. 
 
 As can be observed, in the range of 3.2 to 4.6% of changes of the consumed tar percent, compressive 
strength rate would increase and, in the range of 4.6 to 5.4% of changes of the consumed tar percent, 
compressive strength rate would decrease. In fact, it may be said that, tar optimized rate was 4.6 for the sample. 
This subject is similar to the result of [8], which was due to the point that low amount of tar caused lack of 
sufficient viscosity for making physical entanglement among the seeds and finally lack of sufficient 
accumulation in asphalt mixture and high rate of fluidity of tar among stone particles caused elimination of inner 
friction and decrease in stability and rigidity. 
 
Conclusion: 
 The main results acquired from this limited research are as followings: 
• According to the obtained accuracy standards, it may be said that neural networks and support vector are able 
to predict the appropriate amount of asphalt's compressive strength. 
• In simulation of changes of filler for asphalt's compressive strength, at first, compressive strength rate would 
increase with the increase in filler rate which is due to filler capacity in making viscosity between tar and stony 
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materials. Compressive strength rate would decrease with the excessive increase of filler due to the decrease of 
materials' inner friction. 
• At first in simulation the effect of the tar rate changes on asphalt's compressive strength, it would increase by 
decreasing consumed tar rate and the amount of compressive strength of asphalt would reduce by excessive 
increase of the consumed tar. This is due to low amount of tar would cause lack of sufficient viscosity for 
making physical entanglement among the seeds, and finally, lack of sufficient accumulation in asphalt mixture. 
High rate of fluidity of tar among stone particles eliminate inner friction and decrease stability and rigidity. 
 According to the correspondence of simulation of changes of filler effects and consumed tar rate in asphalt's 
compressive strength with laboratory and theoretical results, it may be said that neural networks and support 
vector have optimized ability for presenting optimized mixture plan for making asphalt.  
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