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Abstract: 

The dynamic modulus |E*| and phase angle  are the most important properties for the 

viscoelastic characterization of asphalt mixtures. Their experimental determination requires 

time-consuming procedures and expensive laboratory equipment. Hence, different prediction 

procedures have been developed for the estimation of these rheological properties, with Witczak 

and Hirsch models being the most widely accepted. Nowadays machine learning (ML) 

techniques are applied to various engineering problems because of their abilities in data 

processing, optimization and estimation.  This paper proposes the K-Nearest Neighbors 

algorithm as an ML method for the prediction of the viscoelastic properties of asphalt mixtures. 

The training and validation of the algorithm was based on a database containing the bitumen 

characteristics, volumetric properties and dynamic modulus and phase angle values at different 

frequencies and temperatures with more than 5500 data points. The obtained results indicate 

that the ML algorithm developed in this study is accurate and it could be an effective approach 

to predict the viscoelastic properties of asphalt mixtures. 
 

 

1. Introduction 

The dynamic modulus |E*| and the phase angle  are the 

most important viscoelastic properties of asphalt mixtures 

characterizing their rheological behavior. The dynamic 

modulus measures the stiffness of a mixture,  defined by the 

test temperature and frequency of loading conditions. 

It is the primary material property for modern pavement 

design procedures based on mechanistic principles, as it 

determines the distribution of stresses and strains within the 

pavement structure and can be correlated with the rutting 

and fatigue cracking of bituminous layers. 
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 Additionally, the phase angle characterizes the phase lag 

between applied stress and strain response in viscoelastic 

materials, serving as an indicator of the viscous and elastic 

components under specified test conditions. 

Typically, these dynamic viscoelastic properties are 

determined in the laboratory using sophisticated equipment 

and skilled technicians. When such equipment is 

unavailable, the dynamic modulus can be estimated using 

predictive models based on the mixture's volumetric 

properties, gradation, and binder characteristics. 

Various |E*| predictive models have been developed to 

estimate the dynamic modulus as an alternative to laboratory 

testing. Among the most widely used models are the 

Witczak predictive model [1, 2], the Hirsch model [3, 4] and 

the Al-Khateeb model [5]. 

Various authors have evaluated these predictive models and 

generally concluded that reliable first-order dynamic 

modulus estimates can be obtained using these procedures. 

Less attention has been given to predicting the phase angle, 

and only a few research studies have established predictive 

models for this viscoelastic property in asphalt materials [6, 

7, 8, 9, 10].  
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More recently, machine learning (ML) techniques have been 

applied to various engineering problems due to their 

capabilities in data processing, optimization, and estimation. 

ML algorithms use computational methods to “learn” 

information directly from historical data or experience. They 

have become increasingly popular because they can process 

large data sets, identify natural patterns, and make informed 

decisions based on improved predictions [11].  

Chaabene et al. [12] reviewed and compared different ML 

techniques used for forecasting the mechanical properties of 

concrete materials and structures. The advantages and 

drawbacks of those techniques were critically discussed and 

compared. The authors concluded that the performance of 

the models is influenced by various factors, such as the 

nature of the relationship between inputs and outputs and the 

size of the training data set. 

 The study of Khambra and Shukla [13] presents the 

development and application of machine learning techniques 

on fly ash-based concrete using different models, 

algorithms, and approaches for predicting engineering 

properties. This paper states that machine learning is a useful 

and powerful technique for predicting material engineering 

properties and represents a scientific challenge in the 

construction and infrastructure sectors. 

Different ML algorithms and techniques were applied in 

engineering problems like gradient boosting, k-nearest 

neighbors and support vector regression to predict the 

compressive strength of concrete [14]; gradient boosted 

regression tree (GBRT) algorithms were used to predict the 

compression modulus of soils in geotechnical foundations 

[15].  

Neural network, stochastic gradient descent, support vector 

machine and decision tree ML algorithms were used to 

predict the frost depth in asphalt pavements in South Korea 

[16]. Bajic et al. [17] utilized different types of Neural 

Networks to estimate the road roughness of asphalt 

pavements. The paper demonstrates that machine learning 

methods can accurately predict road roughness, using the 

recordings of the cost approachable in-vehicle sensors 

installed in conventional passenger cars and the technology 

is well suited to meet future pavement condition monitoring, 

by enabling continuous monitoring of a wide road network. 

Suleymanov et al. [18], Huang et al. [19], and Ghorbani et 

al. [20] employed various machine learning algorithms to 

estimate the resilient modulus of fine-grained soils and the 

moisture content in base and subgrade layers. The predictive 

performance of these algorithms was evaluated using 

statistical indices, and the results demonstrated the 

robustness of machine learning methods in predicting these 

soil properties. 

Related to asphalt mixtures and binders, Atakan and Yıldız 

[21] predicted Marshall design parameters of asphalt 

mixtures using machine learning algorithms based on 

literature data. Tangga et al. [22] have used an integrated 

machine learning methodology to improve the prediction of 

Marshall characteristics of asphalt pavement layers. 

Upadhya et al. [23] investigated the potential of soft 

computing-based models, such as Artificial neural networks, 

Support vector machines, Gaussian process, M5P tree, 

Random forest, and Random tree-based models, for the 

prediction of Marshall Stability of carbon–fiber asphalt 

mixtures.  

These three studies demonstrate that the proposed models 

effectively capture the influence of various features on the 

target parameters and predict their actual values with high 

accuracy. 

Also Alnaqbi et al. [24] used a range of machine learning 

models for the IRI prediction in flexible pavements. Highly 

accurate IRI prediction model that surpasses traditional 

empirical approaches could be obtained with these selected 

algorithms.  

Gul et al. [25] developed prediction models for the Marshall 

Stability and Marshall Flow of asphalt pavements using 

three different soft computing techniques. Uwanuakwa et al. 

[26] have compared the performance of five different 

machine learning models with the empirical prediction 

model developed by Witczak and collaborators and they 

concluded that the proposed ML models have higher 

predictive accuracy compared to the Witczak regression 

model. 

Martinez and Angelone [27] used Artificial Neural Network 

(ANN) techniques in order to develop a robust prediction 

model of the dynamic modulus of asphalt mixtures. A 

biogeography-based optimization (BBO) algorithm of ML 

was used to develop a predictive |E*| procedure with 

improved accuracy compared to previously empirically 

developed models [28].  

Leiva-Villacorta and Vargas-Nordcbeck [29] developed an 

Artificial Neural Network (ANN) model to estimate |E*| for 

asphalt mixtures in Costa Rica.  

Useche-Castelblanco et al. [30] applied three different ML 

techniques to predict the rheological properties of wax-

modified asphalt binders. Rahman et al. [31] used support 

vector regression analysis and decision tree-based ensemble 

ML methods to predict metrics related to asphalt mixture 

performance.  

Artificial Neural Network, Adaptive Neuro-Fuzzy Inference 

System, and Multi Expression Programming as Supervised 

ML algorithms were used for the prediction of Marshall 

Stability and Marshall Flow of asphalt mixtures [25]. Botella 

et al. [32] applied three different ML techniques to estimate 

the degree of binder activity of reclaimed asphalt pavement. 

Majidifard et al, [33] utilized innovative machine learning 

methods known as gene expression programming and hybrid 

artificial neural network/simulated annealing to predict the 

fracture energy of asphalt mixture specimens.  
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Shu and Huang [34] employed a differential method to 

predict the dynamic modulus and phase angle of asphalt 

mixtures. The major characteristics of asphalt mixtures 

(viscoelastic effect, aggregate gradation, and air voids) were 

taken into account in the predicting procedures. 

Rondinella et al. [35] proposed an innovative ML approach 

for the simultaneous prediction of the dynamic modulus and 

the phase angle using data from nine different asphalt 

mixtures tested by the 4-point bending test. These authors 

concluded that ML-based methods outperformed the 

implemented empirical equations, showing much better 

performance. 

Additionally, Rondinella et al. [36] used an artificial neural 

network (ANN) methodology for the simultaneous 

prediction of the dynamic modulus and phase angle of 

asphalt concrete mixtures. In this study, the empirical 

Witczak 1-37A equation, a well-established regression 

model, was used as a reference to compare the performance 

obtained by the model in terms of dynamic modulus. 

Machine learning predictions demonstrated remarkable 

accuracy leading to outperforming regression-based ones 

with respect to all the evaluation metrics used. Both in terms 

of dynamic modulus and phase angle, Pearson correlation 

coefficients and coefficients of determination achieved by 

the model were higher than 0.98, resulting in a powerful and 

reliable predictive tool. 

This paper proposes the K-Nearest Neighbors (KNN) 

algorithm as an ML method for the simultaneous prediction 

of the dynamic modulus |E*| and the phase angle  of asphalt 

mixtures. 

Compared to other machine learning applications (e.g., 

artificial neural networks (ANN), support vector machines 

(SVM), and gradient-boosted regression trees (GBRT)), the 

K-nearest neighbors (KNN) model was selected due to its 

conceptual simplicity, ease of implementation, and low 

computational cost. This study aims to develop a dual-

property prediction model for the main rheological 

characteristics of asphalt mixtures by integrating a large 

database encompassing a wide range of binder properties, 

volumetric characteristics, and testing conditions 

The KNN method was successfully used for the 

characterization of cracking in pavement distress [37], 

predicting phases in high-entropy alloys [38], modeling 

Marshall Stability test data [39], predicting fuel 

consumption of agricultural machinery [40] and for text 

categorization [41]. Ahmed et al. [42] have proposed a 

spatial k-nearest neighbour method for nonparametric 

prediction of real-valued spatial data and supervised 

classification for categorical spatial data. 

Ikeagwuani et al. [43] have used the KNN algorithm among 

other algorithms for the prediction of resilient modulus of 

fine-grained soil 

It is considered that the KNN algorithm is simple to develop 

and intuitive to understand, sufficiently robust for prediction 

purposes, and could be implemented in a spreadsheet. 

The development of the KNN model for  estimating the 

viscoelastic properties of asphalt mixtures, the obtained 

results, and the evaluation of its predictive performance is 

presented and discussed in the following sections. 

2. The K-Nearest Neighbours (KNN) algorithm 

The K-Nearest Neighbours (KNN) algorithm  is a 

nonparametric, supervised machine learning method used 

for regression and classification problems using ‘feature 

similarity’ to predict the value of any new data points. It is 

considered a lazy learning algorithm, with a low 

computational cost and  straightforward implementation. 

The algorithm is based on the intuitive assumption that 

objects close in distance are potentially similar.  

The K-Nearest Neighbour method has the advantage that it 

is completely nonparametric, meaning that no assumptions 

are made with regards to the statistical distribution of the 

data [44]. KNN is also well suited to handling discontinuities 

in the relationships between variables [45]. An important 

advantage of KNN is the independence of any data 

distribution since it uses local neighbourhoods. Finally, the 

K Nearest Neighbour method is computationally 

inexpensive for the implementation, since this merely 

involves the assembly of a database.  

However, the disadvantage in computational time comes 

when predictions are made, since similarity distances must 

be computed for every example in the database each time a 

prediction is made. In addition, since the entire database 

needs to be available to use the method, it is not particularly 

compact or portable when incorporating into larger 

applications. 

The KNN algorithm requires a training dataset containing a 

given number of objects with inputs and outputs. The 

training objects are vectors in  multidimensional feature 

space with n inputs variables (predictors) and m outputs such 

as xi = {xi1, xi2…..xin, yi1, yi2, yim}.  

Figure 1 shows an example with only two predictors named 

x1 and x2. Each data point has an output y. The point 1 has 

inputs x11 and x21 and an output y1. The point 2 has inputs 

x12 and x22 and an output y2. The estimated output value yU 

for a new data point U with inputs xU1 and xU2 is calculated 

as a weighted average of the distances di and the outputs yi 

of the four nearest neighbours if K is 4.  

The value of K is a user-defined parameter that determines 

the number of nearest neighbours used to make the 

prediction based on the distance between the new data point 

and its neighbours. 

A commonly used distance metric di is the Euclidean 

distance as the length of a line segment between two points 
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that can be calculated from the Cartesian coordinates of the 

points as:.  

d𝑖 = √(𝑥𝑈1 − 𝑥𝑖1)
2 + (𝑥𝑈2 − 𝑥𝑖2)

2   (1) 

with i = 1, 2, 3 and 4. 

 

Fig. 1: Example of the KNN algorithm 

The algorithm uses a weighted average of the K nearest 

neighbours, weighted by the inverse of their distance in a 

manner that the nearer neighbours contribute more to the 

average than the more distant ones. For K = 4, the estimation 

results: 

d𝑚 =
𝑑1 + 𝑑2 + 𝑑3 + 𝑑4

4
 

  

(2) 

𝑦𝑈

=  
𝑦1.

𝑑1
𝑑𝑚

⁄ + 𝑦2.
𝑑2

𝑑𝑚
⁄ + 𝑦3.

𝑑3
𝑑𝑚

⁄ + 𝑦4.
𝑑4

𝑑𝑚
⁄

(
𝑑1

𝑑𝑚
+

𝑑2

𝑑𝑚
+

𝑑3

𝑑𝑚
+

𝑑4

𝑑𝑚
)

 
(3) 

The performance of the algorithm strongly depends on the 

parameter K. An optimal value for K is typically determined 

empirically, by cross-validation with different K values and 

determining which provides the lowest error. 

3. Materials and procedures 

3.1 Compiled data 

In order to support the development of the ML algorithm, a 

unique database was compiled from four different datasets 

reported in the literature. 

The first dataset (called the Arizona dataset) with 2183 data 

points was developed at the Arizona State University by Dr. 

Witczak and collaborators as a part of  Task C of the NCHRP 

9-19 Project, Superpave Support and Performance Models 

Management [46]. It contains data from 57 asphalt mixtures 

with conventional, polymer modified and asphalt-rubber 

binders. 

The second dataset (called the Maryland dataset) with 2132 

data points was developed at the University of Maryland and 

used for the calibration of the predictive model for the 

Dynamic Modulus of asphalt mixtures [47]. It contains 

results of 41 different dense asphalt mixtures made with 

conventional asphalt binders. 

The third dataset (called the Virginia dataset) with 985 data 

points was developed by Dr. Flintsch and collaborators at 

the Virginia Tech Transportation Institute [48]. This dataset 

contains data of 31 asphalt concretes of base, intermediate 

and surface layers with conventional asphalt binders. 

Finally, the fourth dataset (called the Florida dataset) with 

265 data points was developed by Dr. Birgisson and 

collaborators at the University of Florida as a part of a 

project to develop complex modulus capabilities for the state 

of Florida [49]. This database contains information of 27 

different asphalt mixtures of varying gradations and 

aggregate types.  

The data contained in the different sources was compiled 

and the main volumetric characteristics of the mixtures, 

binder properties and, testing conditions were retained for 

the analysis presented in this paper. No homogenization of 

the different datasets was necessary, as all the data in the 

database were obtained using well-established experimental 

standard procedures. 

Specifically, the percentage by volume of effective binder 

content (Vb), the percentage by volume of air voids (Va), 

the Voids in the Mineral Aggregates (VMA), the Voids 

Filled with Asphalt (VFA), the viscosity of the binder valued 

by their A and VTS parameters, the testing temperature (T) 

and the frequency (f). Descriptive statistics for the retained 

data in these four databases are listed in Table 1. 

3.2 Selected model inputs 

The selection of the model inputs for the KNN algorithm 

was basically intuitive, based on a survey of the literature. 

Based on a general overview of the sources, the most 

commonly cited factors critical to the viscoelastic properties 

of the asphalt mixtures are the asphalt binder consistency, 

the volumetric properties, and the testing conditions 

(temperature and frequency).   

From the A and VTS parameters, the logarithmic value of 

the binder viscosity Visc (cP) at the testing temperature T 

was calculated as: 

log(𝑉𝑖𝑠𝑐) = 10[𝐴+𝑉𝑇𝑆∙log(𝑇𝑅)] (4) 

𝑇𝑅 =
9

5
∙ 𝑇 + 491.67 (5) 

with TR, temperature in °Rankine. 

  

1 

d1 d2

2 

U 

Input x1

Input x2

K = 4d3

3 

XU1

XU2

4 
d4
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Table 1: Descriptive statistics for the reported data 

  Asphalt binder Volumetric properties Test conditions Test results 

Dataset  A VTS Vb Va VMA VFA T f |E*|  

Arizona Max. 11.3750 -2.7384 22.2 18.5 40.7 79.0 54.4 25.0 64463 48.4 

 Min. 8.3904 -3.8220 10.2 3.8 15.5 54.6 -10.0 0.1 118 2.8 

 Ave. 10.4026 -3.4702 14.2 7.4 21.0 66.5 21.8 7.1 11035 23.0 

 Std. Dev. 0.9060 0.3309 3.3 2.9 5.9 6.8 23.0 8.8 11256 11.4 

Maryland Max. 11.1165 -2.8989 16.3 11.3 22.9 85.5 54.4 25.0 42816 48.6 

 Min. 8.8325 -3.7237 8.5 2.3 10.7 46.5 -17.8 0.1 86 4.0 

 Ave. 10.3345 -3.4395 12.0 6.3 15.9 60.3 19.8 7.6 8339 24.6 

 Std. Dev. 0.5723 0.2109 1.9 1.5 2.0 7.3 24.8 9.2 8416 10.3 

Virginia Max. 10.9800 -3.6800 15.2 7.6 22.8 69.6 54.4 25.0 40311 38.1 

 Min. 10.9800 -3.6800 9.6 5.1 15.9 58.2 -12.2 0.1 125 0.7 

 Ave. 10.9800 -3.6800 12.0 6.7 18.7 64.1 21.0 7.0 9022 19.8 

 Std. Dev. 0.0000 0.0000 1.6 0.5 1.9 2.8 23.5 8.8 9355 10.6 

Florida Max. 9.8466 -3.2640 14.8 4.5 18.5 78.5 40.0 16.0 14398 48.9 

 Min. 9.8466 -3.2640 7.3 3.7 10.5 63.8 10.0 1.0 317 14.1 

 Ave. 9.8466 -3.2640 11.1 4.0 14.7 72.4 24.9 7.6 3845 29.7 

 Std. Dev. 0.0000 0.0000 1.7 0.2 1.7 3.3 13.3 5.7 2937 7.1 

A, VTS : Asphalt binder viscosity-temperature parameters [50]; Vb: Binder volume (%); Va: Air voids (%); VMA: Voids in the Mineral 

Aggregate (%); VFA: Voids Filled with Asphalt (%); T: Test temperature (°C); f: Test frequency (Hz); |E*|: Dynamic modulus (MPa); : 

Phase angle (°) 

 
For the selection of the model inputs, the Pearson 

correlation coefficient has been used for a preliminarily 

examination of the strength of the relationships between 

the available inputs and the dynamic modulus and phase 

angle. Pearson correlation coefficient between two 

variables always ranges between +1 and −1. An absolute 

value around 1 represents a perfect correlation, whereas an 

absolute value around 0 represents no correlation. Plus and 

minus signs stand for direct and inverse proportionality, 

respectively. The Pearson coefficients between the 

available inputs, |E*| and  are presented in Figure 2. 

 

 

Fig. 2: Pearson correlation coefficients 

 

Figures 3(a) and 3(b) show the variation of |E*| with the 

logarithmic values of binder viscosity and temperature, 

respectively, as these represent the most significant 

correlations identified through Pearson analysis. A strong  

positive correlation exists between binder viscosity and the 

dynamic modulus (as binder viscosity increases, |E*| also 

increases), while a strong negative correlation is observed 

between temperature and the dynamic modulus (as testing 

temperature increases, |E*| decreases). 

Figures 4(a) and 4(b) show the variation of  with the 

logarithmic values of binder viscosity and temperature, 

respectively. A strong positive correlation exists between 

the testing temperature and the phase angle (if the 

temperature increases,  increases and the binder becomes 

less elastic). On the other hand, a negative correlation 

occurs between the binder viscosity and the phase angle. A 

moderate correlation exists between the binder volume Vb 

and the air void content Va with the phase angle and 

between the testing frequency f and the dynamic modulus. 

Based on these observations, log Visc, Vb, Va, T and f 

were selected as inputs for the development of the first 

KNN model named as Reduced Model. 

 

 

 

 

 

 

 |E*|  

log Visc 0.85 -0.74 

Vb -0.03 0.10 

Va -0.05 0.07 

VMA -0.01 0.06 

VFA 0.05 -0.01 

T -0.83 0.70 

f 0.16 0.02 
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(a) 

 
(b) 

Fig. 3: Variation of |E*| with binder viscosity (a) and 

temperature (b) 

 
(a) 

 
(b) 

Fig. 4: Variation of  with binder viscosity (a) and 

temperature (b) 

The pavement community commonly adopts the Hirsch 

and Al-Khateeb models, which use VMA and VFA as key 

properties influencing the viscoelastic characteristics of 

asphalt mixtures. Therefore, a second KNN model, named 

Complete Model, was developed with VMA and VFA as 

additional inputs.  

For both models, the outputs were |E*| and . Thus, the 

choice of the retained inputs was based solely on the 

Pearson analysis and empirical evidence of the influence 

of these volumetric parameters on the mechanical 

properties of asphalt mixtures. 

3.3 Training and testing datasets 

When using the KNN algorithm, the dataset should be 

divided into two subsets: the training dataset, on which the 

algorithm bases its predictions; and the validation dataset, 

which is used to test the algorithm’s performance on 

previously unseen data [51]. 

Thus, the data was randomized and divided into two 

datasets. The first dataset, consisting of  75% of the data 

points (4174 inputs and outputs), was used as a training 

dataset, and the remaining 25% of the data points (1391 

inputs and outputs) were utilized as a validation dataset. 

Thus, the results were based on a single split of the 

available data. The algorithm was implemented in an 

Excel spreadsheet where, for a given set of inputs in the 

validation dataset, the predicted values of |E*| and  are 

automatically calculated. 

3.4 Optimal K value 

The choice of the K parameter is important because it 

influences the predicted performance of the model. If K is 

small then the variability of the predictions could be high, 

but when K is large then the predictions could be based on 

points that are relatively far away from our point of interest 

[52]. An optimal K value is usually determined empirically 

through a cross-validation procedure with different K 

values and determining which provides the lowest error. 

The normalized root mean square error (NRMSE), shown 

in Equation 6, was chosen as the metric for measuring the 

relative performance of the algorithm with different K 

values. 

𝑁𝑅𝑀𝑆𝐸 = 𝑁𝑅𝑀𝑆𝐸|𝐸∗| + 𝑁𝑅𝑀𝑆𝐸∅ (6) 

𝑁𝑅𝑀𝑆𝐸|𝐸∗| =

[
 
 
 
 
 
√∑ (|𝐸∗|𝑖 − |𝐸∗|𝑝𝑟𝑒𝑑)

2𝑁
1

𝑁

|𝐸∗|𝑚𝑒𝑎𝑛

]
 
 
 
 
 

 (7) 
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𝑁𝑅𝑀𝑆𝐸∅ =

[
 
 
 
 
 
√∑ (∅𝑖 − ∅𝑝𝑟𝑒𝑑)

2𝑁
1

𝑁

∅𝑚𝑒𝑎𝑛

]
 
 
 
 
 

 (8) 

where NRMSE|E*| = normalized root mean square error for 

the |E*| values; NRMSE = normalized root mean square 

error for the  values;  N = number of cases in the dataset; 

|E*|i and i = measured |E*| and  values for the ith case in 

the dataset; |E*|pred and pred = predicted |E*| and  values 

for the ith case in the dataset; |E*|mean and mean = mean of 

the measured |E*| and  values in the dataset.  

Table 2 shows the variations of NRMSE|E*|, NRMSE and  

NRMSE for different K values for the Reduced Model 

while Table 3 shows the corresponding variations for the 

Complete Model. Variation of NRMSE for both models is 

presented in Figure 5. 

Table 2: Variation of NRMSE for the Reduced Model 

K NRMSE|E*| NRMSE NRMSE 

3 0.392 0.223 0.615 

5 0.372 0.217 0.589 

6 0.378 0.217 0.595 

7 0.385 0.218 0.603 

9 0.382 0.222 0.604 

11 0.382 0.223 0.605 

 

Table 3: Variation of NRMSE for the Complete Model 

K NRMSE|E*| NRMSE NRMSE 

3 0.377 0.196 0.573 

5 0.361 0.197 0.558 

6 0.363 0.197 0.560 

8 0.368 0.200 0.568 

10 0.374 0.207 0.581 

 

 

Fig. 5: NRMSE for both models 

An optimal K value equal to 5 was selected for both models 

providing the minimum NRMSE value.   

3. 5 Model evaluation 

Six different goodness-of-fit metrics were selected and 

implemented in order to evaluate the performance of the 

developed models. Specifically, they included: mean 

absolute error (MAE), mean absolute percentage error 

(MAPE), mean squared error (MSE), root mean squared 

error (RMSE), correlation coefficient (R2) and the 

relationship between the standard error of predicted values 

and the standard deviation of measured values (Se/Sy). 

Singh et al. [53] have proposed a subjective criterion 

shown in Table 4 as a classification measure of the overall 

performance of the models. 

Table 4: Criteria for goodness-of-fit statistical parameters 

Criteria R2 Se/Sy 

Excellent ≥ 0.90 ≤ 0.35 

Good 0.70 – 0.89 0.36 - 0.55 

Fair 0.40 – 0.69 0.56 – 0.75 

Poor 0.20 – 0.39 0.76 – 0.89 

Very Poor ≤ 0.19 ≥ 0.90 

 

4. Results and discussion 

Measured and predicted values were compared in order to 

examine the scattering of the data along the line of equality 

(LOE). Figure 6 shows the comparison of measured and 

predicted |E*| values while Figure 7 shows the comparison 

of measured and predicted  values for the Reduced 

Model. Figures 8 and 9 show the same comparison of 

measured and predicted values for the Complete Model. 

 

Fig. 6: Comparison of predicted and measured |E*| values for 

the Reduced Model 

For both models, |E*| data points are located along the line of 

equality in a relatively narrow band and distributed on both sides 

of the LOE without a remarkable bias. Phase angle data points 

are also located along the LOE and tightly clustered around it. 
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Figure 10 shows the Normalized Residuals for the |E*| values, 

while Figure 11 presents the Normalized Residuals for the  

values obtained with the Reduced Model. Figures 12 and 13 

show the corresponding results for the Complete Model. 

 
Fig. 7: Comparison of predicted and measured  values for the 

Reduced Model 

 

Fig. 8: Comparison of predicted and measured |E*| values for 

the Complete Model 

 

Fig. 9: Comparison of predicted and measured  values for the 

Complete Model 

 
Fig. 10: Normalized Residual for the |E*| values and the 

Reduced Model 

  

Fig. 11: Normalized Residual for the  values and the Reduced 

Model 

 

Fig. 12: Normalized Residual for the |E*| values and the 

Complete Model 

 

Fig. 13: Normalized Residual for the  values and the Complete 

Model 
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In the four cases, no significant bias was detected. These 

observations indicate that the predicted values are good 

matches with the measured values. The relationship 

between predicted and measured values was investigated 

through the slope and intercept of the regression line. 

For the Reduced Model and |E*| values, Figure 6 shows a 

low intercept (968 MPa) and a slope close to 1 (0.918); for 

the  values, Figure 7 shows a low intercept (3.7º) and a 

slope also close to 1 (0.84).  

For the Complete Model and |E*| values, Figure 8 shows 

also a low intercept (873MPa) and a slope close to 1 

(0.937); for the  values, Figure 9 shows a low intercept 

(3.3º) and a slope equal to 0.86. Both models could be rated 

as very good if they are compared with similar 

observations reported by other researchers [54, 55]. 

Although VMA and VFA showed very poor correlation 

with |E*| and  in the Pearson analysis, including these 

volumetric properties improved the predictions, resulting 

in slopes closer to one and smaller intercept values. 

In Figures 6 to 9, two additional lines were added, showing 

a scatter range of ±25% around the LOE. For both models, 

more than 86% of the predicted |E*| values fall within this 

range, while over 70% of the phase angle values differ by 

less than ±25%.  

Table 5 shows a comparison between the predictive 

performance achieved by both KNN models, expressed in 

terms of error metrics (MAE, MAPE, MSE, RMSE), 

correlation coefficient (R2), the relationship between the 

standard error of predicted values and the standard 

deviation of measured values (Se/Sy) and the overall 

performance evaluation according to the model evaluation 

criteria showed in Table 4.  

The comparisons of the error metrics for the |E*| and  

predictions show a slight improvement for the Complete 

Model compared to the Reduced Model. The same 

observation applies to the correlation coefficient R2 and the 

relationship Se/Sy. The resulting overall evaluation varies 

between Good and Excellent for the prediction of the |E*| 

and both models with R2 values greater than 0.87 and 

Se/Sy values smaller than 0.35. For the phase angle , the 

evaluation results Good with R2 values greater than 0.79 

and Se/Sy values smaller than 0.44 for both models.  

Comparing the two KNN models developed in this paper, 

the Complete Model with VMA and VFA as 

complementary inputs performs slightly better than the 

Reduced Model with respect of all six-performance 

metrics.  

 

 

 

 

 

 

Table 5: Performance evaluation of the KNN algorithm 

 Dynamic Modulus |E*| Phase Angle  

 
Reduced 

Model 

Complete 

Model 

Reduced 

Model 

Complet

e Model 

MAE 2138 2066 3.7 3.3 

MAPE 0.37 0.35 0.20 0.19 

MSE 12241410 11547556 25 21 

RMSE 3499 3398 5.0 4.5 

R2 0.87 0.88 0.79 0.82 

Se 3404 3333 4.7 4.3 

Sy 9722 9722 10.8 10.8 

Se/Sy 0.35 0.34 0.44 0.40 

Evaluation 
Good 

Excellent 

Good 

Excellent 

Good 

Good 

Good 

Good 

 

In addition, it should be emphasized that both ML models 

have been trained to simultaneously predict the Dynamic 

Modulus |E*| and also the Phase Angle . Thereby, they 

are able to provide a more detailed insight about the 

fundamental viscoelastic properties of the asphalt 

mixtures. 

5. Conclusions 

The present study outlines a detailed methodology in order 

to develop an innovative ML algorithm, namely K Nearest 

Neighbors (KNN) for the simultaneous prediction of both 

the Dynamic Modulus |E*| and the Phase Angle  of 

asphalt mixtures. The major advantage of the KNN 

algorithm over other conventional predicting procedures is 

its ability to formulate the predictions with no 

presumptions, simplifications o empirical considerations 

about the relationship among their different influencing 

factors.  

A unique database was compiled from four different 

datasets reported in the literature combining the main 

volumetric characteristics of the mixtures, binder 

properties and testing conditions. The variables required as 

input by the predictive models can be easily determined 

during a preliminary mix design procedure or derived from 

it. 

The first KNN model, named the Reduced Model, uses log 

Visc, Vb, Va, T and f as inputs while the second model, 

called as Complete Model, included the same plus VMA 

and the VFA as complementary inputs. Both models were 

implemented in an Excel spreadsheet and the full database 

was divided  into a training dataset with 75% of the data 

points and a training dataset with the remaining 25% of the 

data points. A K value equal to 5 was adopted producing 

the minimum NRMSE.  

The performance achieved by both models ranges between 

Good and Excellent with the Complete Model performing 
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slightly better according to error metrics and the goodness-

of-fit statistical parameters. 

With regard to |E*|, R2 and Se/Sy resulted equal to 0.88 and 

0.34 for the Complete Model. Similarly, with regard to , 

the same performance metrics resulted equal to 0.82 and 

0.40, respectively. 

Although Pearson's analysis shows a low correlation 

between the volumetric parameters VMA and VFA and the 

viscoelastic properties of asphalt mixtures, their inclusion 

has improved the accuracy of the |E*| and  predictions. 

These volumetric parameters are routinely calculated 

during the formulation of asphalt mixtures, and their 

determination does not require additional effort. This 

supports the empirical evidence of the significant 

importance of these parameters on the mechanical 

behavior of asphalt mixtures. 

Finally, both developed KNN models are capable of 

simultaneously providing effective estimates of |E*| and , 

avoiding the need for additional expensive and time-

consuming laboratory tests. However, the need to 

generalize the database and the relative computational cost 

of the implemented models must be acknowledged. 

The outlined methodology could be adopted to analyze 

larger and more varied datasets in order to obtain an 

increasingly powerful and high-performance tool capable 

of making accurate predictions to be applied in 

mechanistic-empirical pavement design procedures. 
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