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Abstract

In Mechanistic-empirical Pavement Design Guide (MEPDG), dynamic modulus |E*| is identified as
a key property for Hot Mix Asphalt (HMA). Determining |E*| in the laboratory requires several days
of sophisticated testing procedures and expensive instruments. To bypass the long testing time,
sophisticated testing procedure, and expense, several multivariate regression analysis-based models
have been developed to predict the dynamic modulus from simpler materials properties and
volumetrics. Witczak 1999 and Modified Witczak 2006 are the two most widely used dynamic
modulus predictive models in the asphalt community. Several other regression-based models have
been developed earlier such as the Hirsch Model, the Law of Mixtures Parallel Model, and the
Resilient Modulus-based Model. The highest R? value among all regression-based models is 0.87.
Using Artificial Neural Network (ANN) a |E*| prediction model is developed in this study. To train
the ANN model a dataset with 7400 data points is used, which is the same dataset used in the
Modified Witczak 2006 model development. The overall R?-value for the ANN model is 0.9 and is
better than other regression-based models. The weights and biases’ matrixes are reported to
reproduce the model for future use. This model can replace the existing regression-based model for
quick prediction of |[E*| without performing any sophisticated test.

Introduction

Dynamic modulus is defined as the relation between the maximum stress and maximum strain of a
viscoelastic material under continuous sinusoidal load. It is one of the most important properties to
design, analyze and evaluate the performance of Hot Mix Asphalt (HMA). Several predictive
models have been developed to predict the dynamic modulus from simple material properties and
volumetric. The previous generation regression-based model performs well enough to be
incorporated in the design manual. The equations developed through the regression-based model
are easy to use. But they are underperforming in extreme temperature and extreme dynamic
modulus values. The temperature also gets more importance in those multivariate regression-based
models. The new generation machine learning-based models are showing promise and performing
better in extreme. But they are not generating any equations to predict. To bridge the gap between
these two methods, in this study an Artificial Neural Network (ANN) model has been developed to
predict the dynamic modulus. Unlike the other ANN model, the wights and bias matrixes of the
model are reported. Therefore, the model is reproducible and can be used for different data set.
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Literature Review

The total length of roads in the United States of America is 2.3 million miles. Approximately 96% of
those roads have Hot Mix Asphalt (HMA) Surface!. Dynamic Modulus is an important property to
design, analyze and evaluate the performance of HMA surface. Vander Poel of the Shell Oil
Company introduced the term “stiffness” in the early 1950s%. As materials used in HMA are not
purely elastic, the stiffness of HMA depends on loading time and the temperature of the mix. To
represent the stiffness of HMA various parameters have been used, such as flexural stiffness, creep
compliance, relaxation modulus, resilient modulus, dynamic modulus, etc.®. The universally used
stiffness parameter is dynamic (complex) modulus (E*). One of the conclusions from the NCHRP 9-
19 project is that Dynamic Modulus (JE*|) is a good performance indicator for HMA design and was
recommended for Simple Performance Test (SPT)%. It is also recommended as quality control and
quality assurance parameter®. It is the key property for HMA in Mechanistic-empirical Pavement
Design Guide (MEPDG).

Dynamic Modulus |E*| is defined as the ratio between the amplitude of sinusoidal stress and
amplitude of sinusoidal strain at the same time and frequency. HMA is a visco-elastic material. It’s a
stress-strain relationship under continuous sinusoidal loading is defined by the dynamic modulus.
Determining Dynamic Modulus (|E*|) in the laboratory requires time, sophisticated procedures, and
an expensive testing machine. Therefore, various predictive model has been developed to predict
dynamic modulus from simple material properties and volumetric. Witczak 1999 and Modified
Witczak 2006 are the two most widely used dynamic modulus predictive models in the asphalt
community. Modified Witczak model was incorporated in MEPDG software along with the original
1999 Witczak equation®. Several other regression-based models have been developed earlier such as
the Hirsch Model, the Law of Mixtures Parallel Model, and the Resilient Modulus-based Model.
Several studies have concluded that regression-based multivariate models show significant scatter at
low or high dynamic modulus |[E*| values and the accuracy falls flat in low and high-temperature
extremes’ 891011 Those models also tend to be dominated by the temperature as an input than the
other input parameters'?. Table 1 shows the R? values for all the regression models.

Table 1. Performance of Regression Bases Model for Predicting Dynamic Modulus®3

Regression Model R?
Hirch (arithmetic scale) 0.871
Revised Hirsch (arithmetic scale) 0.874
Revised Bari-Witczak (arithmetic scale) 0.875
Al-Khateeb 1 (arithmetic scale) 0.817
Al-khateeb 2 (arithmetic scale) 0.869
NCHRP 1-40D (on logarithmic scale) 0.332
Simplified global (on logarithmic scale) 0.226
Bari-Witczak (on logarithmic scale) 0.584
Revised Bari-Witczak (on logarithmic scale) 0.856
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To overcome the shortcomings of the regression-based multivariate predictive model, Artificial
Neural Network (ANN) based model is also developed***. Using the same input variables as used
in the modified Witczak equation, the ANN models performed better in prediction. ANN models
showed better prediction accuracy at extreme lows and highs than the regression-based models.
They tend to have a better balance in giving priority to the temperature as an input than other input
parameters. Various other approaches have been developed like using machine learning and
computational micromechanics'®t"!8, But all the models developed with machine learning worked
as a black box. Sometimes their weights and biases’ matrixes are not reported. Those models are not
reproducible. In this study, an ANN-based model is developed, and the weights and biases of the
model are reported. The main goal is to develop an ANN-based model which performs better than
the regression-based models. Therefore, the minimum number of hidden layers and neurons are
employed to build the model. The weights and biases are also reported. Therefore, the model can be
used on other datasets to predict dynamic modulus.

Developing Model with Artificial Neural Network

The dataset used in developing the Witczak-Bari model is also used in this study in the training,
validation, and testing process of the model. 7400 input data is used to predict the output data. The
7400-input data was collected from 346 mixes. The input variables were chosen as the same
variables used in the Modified Witczak equation. The number of Input variables was eight and
dynamic modulus was the target output in the training process. 7400 unique E* with eight input
variables were fed into the network. Table 2 is showing all the variables in the training process.

Table 2. Variables Used in the Model

Variable Name Notation | Unit
Percentage of aggregates (by weight) retained on % inch sieve P34 %
Percentage of aggregates (by weight) retained on 3/8 inch sieve P38 %
Percentage of aggregates (by weight) retained on #4 sieve 04 %
Percentage of aggregates (by weight) passing through #200-inch sieve 0200 %
Percentage of air voids (by volume) Va %
Percentage of effective asphalt content (by volume) VDett %
Dynamic shear modulus of binder |Gp*| psi
Phase Angle of binder associated with |G| (8p). degree
Dynamic modulus E* psi

Different interconnected neurons work together to solve complex problems in Artificial Neural
networks. The greater number of neurons and hidden layers give better results. But an increased
number of neurons and hidden layers produce an overfitted model which does not perform well
outside the training database. Therefore, one hidden layer is typically sufficient to solve most non-
linear problems®®. At first, the model was trained with one neuron in one hidden layer. The R? value
was not sufficient for the model with a single neuron. Then the number of neurons was increased. If
the R2 value was not sufficient, then the number of neurons was increased again. After repeating this
process for few times, the desired R? was achieved with 20 neurons in one hidden layer.

Out of the 7400 data points, 70% of the data was randomly selected and used as a training data set.
The model was trained with the 5180 data points. The R? is 0.91 for the training dataset. The R? for
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the validation dataset was 0.89. 15% of the data points, which is 1110 points were used in the model
validation process. For model validation, the main target was to optimize the Mean Squared Error
(MSE). When the MSE value reached the minimum value, the training was stopped. Figure 1 shows
that the least MSE value was reached after 187 iterations. The least MSE value was 2.2x 10,

Bﬁst Validation Performance is 228557170673.5847 at epoch 181

10

Train
Validation
Test

™ Best

® 103

E

-

(=]

=

w

12 |

g 10

s

©

3

b4 P

s

@ 10"

=

1010 L . . . \ . . . . .
0 20 40 60 80 100 120 140 160 180

187 Epochs

Figure 1. Validation of the ANN model in 187 epochs.

After completing the training and validation process, the model was tested on the remaining 15%
data points. These 1110 data points were unknown to the model. The testing data was kept away
from the model before testing. This testing process made the model robust against unknown data.
The R? for testing was 0.90. Testing the model against unknown data protects the model from
overfitting the model with the training dataset. Figure 2 shows that all three R? values in the training,
validation and testing process are fairly close. The overall R? for the model is 0.9. This is better than
any regression-based prediction model mentioned in Tablel.
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Figure 2. R? values in Training, Validation, Testing and Overall
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The ANN-based model is run by matrixes of weights and biases. The normalized input variables are
multiplied by the weight matrix Win and the bias matrix bin is added with the product. After that, the
product from the hidden layer is multiplied by the weight matrix Who, and bias bno is added with the
product. In this step, a normalized out is gained from the model. After denormalizing the output, the
model provides the target output. Figure 3 shows the architecture of the ANN model developed in
this study. All the matrixes for weights and biases are also reported below.
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Figure 3. Architecture of the ANN-based Dynamic Modulus Prediction Model
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2.273769 4.895425
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The number of rows and columns in the first weight matrix Win represents the size of the network.
The number of columns represents the number of input variables used. Here it is 8. The number of
rows represents the neurons, used in the network. Here, the number of neurons used is 20. The input
variables are put into the network after normalizing every input between the [-1,1] range.
Normalizing the input protects the training process from overweighing the variable with a large
value. After normalization, all variables are in the range of [-1,1]. The input variables are multiplied
by the first weight matrix Win and the bias matrix bin is also added. The output from this process
enters into the hidden layer and every value in the hidden layer is activated with the hyperbolic Tan
function. From the hidden layer, the inputs are multiplied by the second weight matrix Who, and bias
bno is also added. After that the value is denormalized and the model gives the outcome. All the
wights and the model in this study can be reproduced.

Summary and Conclusion

The ANN model in this study performed better than the existing regression-based models. The
weights and biases’ matrixes can be used to reproduce the model for further use. Even an equation
with hyperbolic Tangent function can be produced from the matrixes. But it will be a lengthy
equation as the number of equations will represent the number of lines in the equation. Future
studies will tackle this issue with less number of neurons. One of the limitations of ANN based-
model is that ANN can not extrapolate data. Therefore, it does not perform outside the range of the
training dataset. Therefore, before applying this model on to any data, the range of the values of the
variables should be checked first. But 7400 points cover a wide range. With R? = 0.9, this model can
be used to predict dynamic modulus without going through laboratory procedures.
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