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Abstract: For the sustainable management of pavements, predicting the condition of the pavement
structure using a consistent and accurate method is necessary. The intermediate layer situated
immediately below the surface layer has the greatest effect on the condition of the pavement structure.
As a result, to accurately predict the condition of a pavement structure, the mechanistic properties of
the intermediate layer are very important. Fracture toughness (FT)—a mechanistic property of the
intermediate layer—is an important factor in predicting the distress that develops on the pavement
surface. However, measuring FT consistently is practically impossible by coring asphalt pavement
over the entire pavement section. Therefore, an artificial neural network (ANN) model—developed
by using pavement surface conditions and traffic volume—can predict the FT of the intermediate
layer of expressway asphalt pavements. Several ANN models have been developed by applying
various optimizers, ANN structures, and preprocessing methods. The optimal model was selected
by analyzing the predictive performance, error stability, and distribution of the developed models.
The final selected model showed small stable errors, and the distributions of the predicted and
measured FTs were similar. Furthermore, FT limits were set with outliers. Future asphalt pavement
conditions can be predicted throughout the expressway network by using the proposed model
without coring samples.

Keywords: asphalt pavement; intermediate layer; fracture toughness; artificial neural network
(ANN)

1. Introduction

Since 1996, the Korea Expressway Corporation has implemented an expressway pave-
ment management system (HPMS) to provide sustainable expressway pavements [1]. The
HPMS is used to plan pavement management, investigate pavement conditions, organize
collected data, and analyze organized data for Korean expressways. Figure 1 shows how to
measure the international roughness index (IRI), rut depth (RD), and surface distress (SD)
as asphalt pavement conditions for HPMS.

Because IRI, RD, and SD describe only the conditions of the pavement surface, they
cannot be used to estimate the conditions for the full thickness of asphalt pavement. The
conditions of the surface, intermediate, and base layers of asphalt pavements differ from
those of concrete pavements, which have similar conditions throughout the slab thickness.
The state of the intermediate layer directly under the surface layer, in particular, influences
the conditions visible on the pavement surface [2]. Thus, long-term management plans
based on conditions of the intermediate layer must be employed to ensure high usability
and economic efficiency of asphalt pavements.

The most common method of investigating the conditions of the intermediate layer
involves examining the samples cored from asphalt pavements or measuring mechanistic
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properties such as fracture toughness (FT) or indirect tensile strength. The indirect tensile
strength test is an advanced method to evaluate the cracking resistance of asphalt pavement
that replaces the Marshall stability test [3]. However, the indirect tensile strength has the
disadvantage of not taking the deformation of the sample into account because it is calculated
from the load applied at the time of destruction and the sectional area of the sample.

(b)

Figure 1. Cont.
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Figure 1. Investigation method for (a) IRI, (b) RD, and (c) SD.

We calculated the FT by using the load—deformation curve obtained from the indirect
tensile strength test. As a material property primarily, FT is used to explain the development
of fatigue and low-temperature cracks, in addition to crack propagation [4]. For asphalt
pavement, cracks at the nanometer and micrometer levels in a sublayer propagate to the
surface layer and grow to more significant levels. The FT and the information before the
destruction of the sample can adequately explain the mechanism for the development and
propagation of cracks [5]. Thus, the distress propagation from the intermediate layer to the
surface layer can be indirectly predicted by examining the FT of the intermediate layer.

The FT of the intermediate layer should be included in the HPMS database using a
simple method for long-term sustainable pavement management. However, examining the
FT of the intermediate layer by coring samples from entire expressway asphalt pavement
sections is practically impossible. Thus, the HPMS database should include FT predictions
that use data already collected from all expressway asphalt pavement sections. For example,
an artificial neural network (ANN) model was developed to predict the indirect tensile
strength of the intermediate layer of asphalt pavements by using IRI, RD, SD, and the
equivalent single-axle load (ESAL) as the independent variables collected from the entire
expressway asphalt pavement sections for the HPMS [6].

Using a linear regression model to predict the material properties of the intermediate
asphalt pavement layers can be difficult because of the complex correlation between the
material properties and influencing factors [7]. Several models predicting the material
properties of the intermediate layer of asphalt pavements have been developed using
ANNSs. Gandhi et al. developed an ANN-based indirect tensile strength prediction model
for asphalt pavement by using the asphalt binder content, conditioning duration, anti-
stripping agents, aggregate source, and asphalt binder sources as variables [8]. The model
performed well enough to be used in indirect tensile strength predictions for other projects.
Josipa et al. developed a model for predicting pavement performance using ANN [9].
The developed model performed well enough to be used for pavement evaluation and
maintenance strategy establishment at both project and network levels. Furthermore,
the ANN models consider all the complex linear and nonlinear correlations between the
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variables and have low standards for normality and independence [10-12]. Therefore,
we developed an FT prediction model of the asphalt pavement intermediate layer by
using ANN.

In this study, we developed an ANN model predicting the FT of the intermediate
layer of asphalt pavements by using IRI, RD, SD, and ESAL as independent variables.
Because ESAL quantifies the effect of traffic load on pavement, it can affect IRI, RD, and
SD. However, we judged IRI, RD, and SD to be independent of ESAL because they were
influenced not only by ESAL but also by construction quality, material condition, and
environmental load.

We applied several pre-treatment methods to the variables to improve the model’s
prediction performance. We fabricated 100 ANN models by using combinations of different
structures of hidden layers, nodes, and optimizers. To select three candidate models with
the best prediction performance, we used the training dataset to train the models. We
compared the errors between the FT predictions from the training and validation datasets
as well as the measured FTs to examine the generality of the candidate model learning. We
also compared the error rates between the FT predictions from the training and test datasets
as well as the measured FTs to examine the applicability of the candidate models to the new
input data. We selected the final model by comparing the averages and standard deviations
of the FT predictions for the entire expressway asphalt pavement with the measured FTs.
To complement the final model, we set lower and upper limits for FT predictions.

2. Methods
2.1. Measurement, Collection, and Pretreatment of Data

Figure 2 shows cylindrical samples of both the surface and intermediate layers of the
asphalt pavement that were cored from 66 random locations on the No. 25 expressway route
(Nonsan-Cheonan Expressway). We conducted an indirect tensile strength test according
to KS F 2382 for the 50 mm thick upper part of the intermediate layer cut from the core
samples. We measured the deformation of the core samples at 25 °C based on the load
at a loading velocity of 50 mm/min. Figure 3 shows how the FT—defined as the area
surrounded by the load—deformation curve and deformation axis—was calculated for each
core sample.

Surface layer

Intermediate layer

Base

Subbase

Subgrade

Figure 2. Coring and testing locations.
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Figure 3. Concept of fracture toughness.

We collected HPMS data for 66 unit sections with lengths of 100 m, where the samples
were cored. The HPMS database includes general information—such as the route, direction,
lane, distance from the origin, and management branch—as well as pavement conditions,
including IRI, RD, SD, and annual average daily traffic (AADT) by vehicle type. In this
study, we assumed that the IRI, RD, SD, and AADT—commonly measured for entire
expressway asphalt pavement sections—influence the FT and collected them to develop an
ANN model for predicting the FT of entire expressway asphalt pavement sections.

Distress, such as cracks that develop in the intermediate layer, reduces the FT at the
location and can propagate up to the surface layer [13]. When the FT of the intermediate
layer is reduced due to distress, the unrecoverable deformation at the pavement surface
caused by the repetitive passing of heavy vehicles might worsen [13]. The repetitive passing
of heavy vehicles also reduces the FT of the intermediate layer [14]. In this study, we used
the ESAL, which sums up the multiplication of the ESAL factor and traffic volume by
vehicle type and quantifies the effect of heavy vehicles on pavement conditions as an
independent variable in the FT prediction model.

The regression models, including the ANN model, should use variables whose nor-
mality is verified [15]. Therefore, in this study, we verified the normality of the dependent
variable, FT, and independent variables (IRI, RD, SD, and ESAL) of the ANN model by
calculating their skewness and kurtosis. We used Equation (1) to calculate the skewness,
representing the asymmetry of the data of a variable. The distribution of data leans to the
right if the skewness is negative and to the left if the skewness is positive [16].

% i (xi — 7)3
(% X (xi — 7)2) :

We calculated the kurtosis, which represents the degree of concentration of the data of
a variable, using Equation (2). The distribution of the data approaches a normal distribution
if the kurtosis approaches an absolute value of 3. The degree of concentration increases
if the kurtosis becomes smaller than the absolute value of 3 and decreases if the kurtosis
becomes larger than the absolute value of 3 [17]. Although data with skewness close to
zero and kurtosis close to the absolute value of three shows high normality, ordinary data
cannot satisfy the criteria. Therefore, data with skewness less than the absolute value of

T = 1)
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3 and kurtosis less than the absolute value of 10 were set as the criteria for normality, as
suggested by Kline [18].
1y +\4
g = n Z:z':l (xl x) 5= 3 )
< i D (xi =X )2>
In Equations (1) and (2), 1 represents skewness, g, represents kurtosis, n is the
number of data elements, x; is the data element, and ¥ is the average of the data elements.
Figure 4 shows the distribution of the dependent variable (FT) and independent variables
(IRI, RD, SD, and ESAL), and their respective skewness and kurtosis. The distribution of IRI
(skewness: 0.8; kurtosis: 0.3) and RD (skewness: 0.5; kurtosis: —0.5) satisfied the normality
visually, and their skewness and kurtosis satisfied the normality criteria. The distribution
of ESAL dissatisfied the normality visually because there was relatively little data in the
middle part. However, the skewness and kurtosis of ESAL were 0.6 and —1.3, respectively,
satisfying both criteria of normality. Meanwhile, FT and SD showed a distribution with the
data concentrated on small numbers. Their skewness was 3.8 and 4.4, and their kurtosis
values were 16.3 and 22.6, respectively; thus, they did not meet the normality criteria.
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If the data do not satisfy the criteria for normality, they can be adjusted to achieve
normality by applying square roots, cube roots, or logarithms [19,20]. We visually verified
the distributions of FT and SD after applying the square root, cube root, and logarithm,
as shown in Figure 5, and examined their skewness and kurtosis. The distribution of the
square root of FT in Figure 5a shows skewness and kurtosis of 3.1 and 11.5, respectively;
thus, the criteria for normality were not met. However, the square root of SD in Figure 5b
shows skewness and kurtosis of 2.6 and 7.5, respectively, both of which satisfy the normality
criteria. The cube root of the FT (in Figure 5c) and SD (in Figure 5d) and the logarithm of
the FT (in Figure 5e) and SD (in Figure 5f) satisfied the criteria for normality. Consequently,
we developed the FT prediction models by using dataset 1, comprising the actual values of
IRI, RD, and ESAL, the cube root of FT, and the cube root of SD. We also used dataset 2,
comprising the actual values of IRI, RD, and ESAL, the logarithm of FT, and the logarithm
of SD, as shown in Table 1.
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Figure 5. Frequency distribution of data of FT and SD with different forms. (a) FTY/2, (b) SDV/2,
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Table 1. Data type of variables in each dataset.

Variables Dataset 1 Dataset 2
FT Cube Root Logarithm
IRI Raw Raw
RD Raw Raw
SD Cube Root Logarithm

ESAL Raw Raw

Accurately reflecting the weight of each variable in the regression models, including
the ANN model, requires standardization matching of the average and standard deviation
of the data for each variable [21]. Figure 6 shows the maximum, minimum, and average
values of the data for each variable included in datasets 1 and 2. All variables excluding IRI
and SD showed different ranges of data distribution. In particular, ESAL was distributed
across a much wider range, with tens to thousands of larger values than those of the other
variables. Therefore, we used Equations (3)—(5) to standardize the data elements for each
variable to obtain the average and standard deviation of 0 and 1, respectively. Consequently,
the distribution of data for all variables included in datasets 1 and 2 became more similar,
as shown in Figure 7.

_ i1 Xi
p== 3)
_ iy (xi — V)z
A @)
_Xi—H
zi= " %)

In Equations (3)-(5), z; represents the standardized data element, x; is the data
element, y is the average of the data elements, and ¢ is the standard deviation of the
data element.
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2.2. ANN Modeling for FT Prediction

The ANN model is a prediction method that uses machine learning to imitate the
function of a human neural network [22]. In the human neural network, a signal is carried
from the input neuron, where the stimulus is input, to the hidden neuron based on the
coupling strength (line thickness) between the neurons. The response is obtained from the
output neuron when the signal is transferred again from the hidden neuron to the output
neuron according to the coupling strength.

Figure 8 shows the procedure for constructing the ANN model with the optimal
weight and bias, minimizing the error. First, we conducted pretreatment normalizing and
standardizing of the data for each variable and determined input layers with input nodes,
hidden layers with hidden nodes, output layers with output nodes, and activation functions
at each hidden node to construct the ANN structure. Subsequently, we randomly set the
weights and biases connecting the nodes in different layers. Using feed-forward processing,
the input values are fed into the input nodes to generate results at the output nodes after
passing through hidden nodes, weights, and biases. If the errors between the predicted
and measured values are larger than the criterion, weights and biases are optimized using
an appropriate optimizer and feed-forward processing is repeated until the error became
smaller than the criterion.

4 A
Data pretreatment

o /
! Input and output nodes ]

Construct ANN

structure Hidden layers and nodes ]

Activation function ]

A 4

Set weights and
biases

Feed-forward
processing

Optimize weights

; Calculate error
and biases

[y

Smaller than
criteria?

Stop learning

Figure 8. Learning process using ANN.
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We fabricated ANN models for predicting the FT of the intermediate layer of express-
way asphalt pavements by using the independent variables IRI, RD, SD, and ESAL, as
shown in Table 2. We fabricated 100 ANN models by combining five types of optimizers,
two types of data, and ten combinations of hidden layers and hidden nodes to compare
their prediction performance. To determine the label of each model, we combined the
abbreviations of the optimizer type (Adagrad: Ag; Adam: Ad; Adamax: Am; Nadam: Nd;
and RMSprop: Rp), data type (dataset 1: 1 and dataset 2: 2), and the number of nodes in
the first and second hidden layers (first and second numbers are the number of nodes in
the first and second hidden layers, respectively). For example, if we determined the label
of the model as Ad245, it means that Adam is used as the optimizer with dataset 2, and the
numbers of the nodes in the first and second hidden layers are 4 and 5, respectively.

Table 2. ANN model structures.

Number of Number of Nodes Number of Nodes in Number of

Dataset

Hidden Layers in 1st Hidden Layer 2nd Hidden Layer Hyper-Parameters

Optimizer

Dataset 1

- 25
- 31
- 37
- 43
- 49

6 46

7 51

4 45 Adagrad (Ag)
5 51 Adam (Ad)
3 47 Adamax (Am)

Dataset 2

j 25 Nadam (Nd)
- 31 RMSprop (Rp)
- 37

- 43

- 49

46
51
45
51
47

G W W OO | U W W[N] O U

[SSING) BTN BN

Figure 9 shows the constructed ANN model. The input layer comprises four nodes
for IRI, RD, SD, and ESAL, and the hidden layer comprises one or two layers, as shown in
Figure 9a,b). The activation function at each node in the hidden layers assigns a nonlinearity
to the model. In the ANN model with multiple layers, the sigmoid function—the most basic
activation function—can cause a gradient vanishing problem, in which the adjusted values
of the weights and biases converge to zero [23]. The proposed ANN model comprises
multiple layers. Therefore, we used a rectified linear unit (ReLU) based on Equation (6)
as the activation function because it does not cause the vanishing gradient problem and
has been used in the most extensive scope of research [24]. The output layer consists of
one node that outputs the predicted FI. The model could correct the weights and biases
by using an appropriate optimizer when the error between the predicted and measured
values is larger than the criterion.

f(x) = {x Ex N 03 ©)
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Figure 9. Structure of ANN model. (a) One hidden layer, (b) two hidden layers.
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We categorized datasets 1 and 2—normalized and standardized by pretreatment—into
training and test datasets at an 8:2 ratio. We also assigned 20% of the training dataset to the
validation dataset to verify the errors resulting from the training dataset for each training
session. Equation (7) determines the number of hyperparameters according to the number
of hidden layers and nodes.

-1
Hy=Y,  (Li+1) X Ly1) + Ly +1 @)

In Equation (7), H; is the number of hyperparameters between two layers from n — 1
ton and Ly is the number of nodes in the hidden layer k.

The hyperparameter, adjusted by training, is the weight and bias between each layer
in the ANN model [25]. The prediction performance of the ANN model using the training
dataset improves, whereas the one using the validation dataset deteriorates, causing
overfitting when the hyperparameter is too large. However, errors caused by both the
training and validation datasets increase when the hyperparameter is too small. Therefore,
an appropriate number of hyperparameters should be used to limit the number of hidden
layers and nodes [26].

In this study, we limited the number of hyperparameters to 53, corresponding to the
number of training datasets—that is, 80% of the total data (66). Accordingly, we constructed
100 models by using five combinations of nodes for one hidden layer and five combinations
of nodes for two hidden layers. First, we constructed five ANN models with four, five, six,
seven, and eight nodes, respectively, with each model having one hidden layer. We also
constructed five ANN models with two hidden layers, in which the layers had combinations
of three and six nodes, three and seven nodes, four and four nodes, four and five nodes,
and five and three nodes, respectively.

We used each of the five optimizers—Adagrad (adaptive gradient), Adam (adaptive
moment estimation), Adamax (Adam max), Nadam (Nesterov momentum to Adam), and
RMSprop (root mean square propagation)—to optimize the weights and biases of the
ANN model:

Adagrad, based on Equation (8), optimizes the model less when the adjustment
amount for the weights and biases is large, whereas it optimizes the model more when the
adjustment amount is small [27].

NVeJ(6)
(Vo] (9))

Or = 61 — ®)

Adam, based on Equations (9) and (10), optimizes the model by using an extremely
small operational quantity that simplifies the gradient, which determines the adjusted
amounts of weights and biases [28].

mp = Bym_q + (1 - B1)Ve](6) )

v = Bovi—1 + (1— B2)(Ve](0))? (10)

Adamax, based on Equations (9) and (11), has a similar function to that of Adam while
restricting the maximum adjustment amount [28].

o = phoyq + (1 - ﬁé’) (Vo] (0))" = max(Brv—1, |V (0)]) (11)

Nadam, based on Equation (12), is also similar to Adam, but it expands the range of
previous errors involved in the determination of the adjustment amount [29].

n (1= B)Ve(6
Or1 =0t — v}+e(ﬁlmt+(1ﬁl—)ﬁf()

) (12)
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RMSprop, based on Equations (13) and (14), is similar to Adagrad, but it reflects more
recent learning information than past information [30]:

Gt = 1Gi_1 + (1= ) (Vo] (6r))? (13)

n
VACTE Y

In Equations (8)—(14), 6; is the parameter vector, 1l is the step size, m; is the first-moment
vector, V is the gradient, J(#) is the loss function, v; is the second-moment vector, G; is the
exponential mean of the square of the loss function gradient, and B4, 82,7y, p, and € serve
as float values.

0 = 01 — Vo] (6+) (14)

2.3. Selection and Evaluation of Candidate ANN Models

To train the models, we optimized the weights and biases a maximum of 2000 times for
each model, and the models predicted the FT as the output. Figure 10 shows the minimum
errors recorded between the FT training (dataset) predictions and the measured FTs as
a function of the composition of the hidden layers, type of data (dataset), and type of
optimizer. Figure 10a shows the errors for dataset 1 and one hidden layer. The errors for
the Adam, Nadam, and RMSprop optimizers were the lowest; in particular, the Rp160
model was the best, with an error of 0.22. Figure 10b shows the errors for dataset 2 and
one hidden layer. The errors for the Adam, Nadam, and RMSprop optimizers were the
lowest. In particular, the Nd280 model showed superior performance with an error of 0.37.
The errors for dataset 1 and two hidden layers are shown in Figure 10c. The errors for the
Nadam and RMSprop optimizers were the lowest; specifically, the Rp136 model showed
superior performance with the lowest error of 0.13, compared to that of all the models.
Furthermore, the error for the Nd144 model was 0.18, which was the third-lowest overall
error. Figure 10d shows the errors for dataset 2 and two hidden layers. The errors for the
Adamax optimizer were the lowest; specifically, the Am253 model was the best, with an
error of 0.15, which was the second lowest, overall.
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Figure 10. Minimum MSE calculated by trained model according to ANN structures and optimizers.
(a) Dataset 1 and one hidden layer, (b) Dataset 2 and one hidden layer, (c) Dataset 1 and two hidden
layers, (d) Dataset 2 and two hidden layers.

The models with one hidden layer showed higher errors than those with two hidden
layers because they had fewer hyperparameters, resulting in poorer prediction performance.
Therefore, we selected the Rp136, Am253, and Nd144 models—all of which contained two
hidden layers—as the candidate models with the lowest errors.

We compared the errors recorded using the training dataset with those recorded using
the validation dataset as a function of the amount of learning, as shown in Figure 11, to
investigate the learning generality of the candidate models. We excluded the validation
dataset, which occupied 20% of the training dataset, from feed-forward processing to
examine the overfitting of the candidate models. The errors of all candidate models de-
creased with the amount of learning for both the training and validation datasets, reducing
the possibility of overfitting. Figure 11a shows that for the Rp136 model, both datasets
have unstable errors with large variations, even with increased amounts of learning. The
Am?253 model shows stable errors for the validation dataset in Figure 11b because the errors
from the training dataset are sufficiently stable, regardless of the learning amount. The
Nd144 model in Figure 11c shows errors with irregular variation for the validation dataset
because the errors of the model for the training dataset are slightly unstable regardless of
the learning amount.

We compared the error rates from the training dataset with those from the test dataset.
We calculated the error rates by dividing the error between the predicted and measured
FTs by the measured FT, as expressed in Equation (15). The average of the entire error rate
calculated for each FT is used to represent the error rate of each candidate model.

E

Y \fifxi\
= T" x 100 (15)

In Equation (15), E is the error rate (%), X; is the prediction value, x; is the actual value,
and 7 represents the number of data elements.
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Figure 11. MSE according to the amount of learning for training and validation dataset. (a) Rp136
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Figures 12-14 show the FT predictions using both the training and test datasets, as well
as the measured FTs, and error rate of the Rp136, Am253, and Nd144 models, respectively.
The error rate for the Rp136 model for the training dataset was low (9.9%), whereas the error
rate for the test dataset was relatively high (23.6%). This significant difference was most
likely caused by the unstable errors observed for both the training and validation datasets,
regardless of the learning amount, as shown in Figure 11a. Similar error rates for the Am253
model for the training and test datasets occurred at 12.2% and 12.4%, respectively, because
of the error stability for both datasets, as shown in Figure 11b. For the Nd144 model, the
error rate of the test dataset was slightly higher (18.0%) than that of the training dataset
(11.4%). Figure 11c shows the slightly increased error rate of the test dataset because of the
slightly unstable errors observed for both datasets.
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Figure 12. Scatter plot of measured and predicted FT for Rp136 model. (a) Training dataset, (b) test dataset.
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Figure 13. Scatter plot of measured and predicted FT for Am253 model. (a) Training dataset,
(b) test dataset.
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Figure 14. Scatter plot of measured and predicted FT for Nd144 model. (a) Training dataset,
(b) test dataset.
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3. Results and Discussion

We compared the distributions of the FT predictions of the intermediate layer of the
entire expressway asphalt pavement sections by the candidate models trained with HPMS
data collected in 2019 with those of 66 samples cored in the field. Figure 15a shows the
frequency and cumulative probability distributions of the FTs measured for the 66 core
samples. The average and standard deviation of the measured FTs—after eliminating
outliers—were 8.878 and 1.564 N-m, respectively.
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Figure 15. Frequency distribution of actual and predicted FT. (a) Measured data, (b) prediction of
Rp136 model, (c) prediction of Am253 model, (d) prediction for Nd144 model.

Figure 15b shows the frequency and cumulative probability distributions of the FT
predictions that use the Rp136 model. The average and standard deviation of the FT
predictions after eliminating outliers were 6.367 N-m and 7.584 N-m, respectively. The
standard deviation of the FT predictions using the model was much larger than that of
the measured FTs because of the low stability of the output values, as shown earlier in
Figures 11a and 12. Therefore, Rp136 was not selected as the final model.



Sustainability 2022, 14, 7927

26 of 28

Figure 15c shows the frequency and cumulative probability distributions of FT pre-
dictions that use the Am253 model. The average and standard deviation of the FT
predictions—after eliminating outliers—were 4.732 and 2.660 N-m, respectively. The stan-
dard deviation of the FT predictions of the model was slightly larger than that of the
measured FTs. Furthermore, the average, frequency distribution, and cumulative probabil-
ity distribution of the FT predictions are completely different from those of the measured
FTs. Therefore, we did not select the Am253 model as the final model, although the error
for the training and validation datasets and the error rate for the training and test datasets
were superior to those of the other candidate models.

Figure 15d shows the frequency and cumulative probability distributions of FT
predictions that use the Nd144 model. The average and standard deviation of the FT
predictions—after eliminating outliers—were 9.381 and 0.600 N-m, respectively. The stan-
dard deviation of the FT predictions of the model was less than half that of the measured FTs
because of the stable variation in errors and relatively small error rates, as shown earlier in
Figures 11c and 14. Moreover, the average, frequency distribution, and cumulative probabil-
ity distribution of the FT predictions are similar to those of the measured FTs. Accordingly,
we selected the Nd144 model as the final model among the three candidate models.

The Nd144 model contained two hidden layers, with four nodes in each layer, and
we used Nadam as its optimizer. We applied the cube root to the variables FT and SD to
ensure their normality. Because we calculated FT predictions using a mathematical method,
they can be predicted beyond the normal range of FI. The condition of the pavement
may be evaluated as excessively good or poor because the FT exceeds the normal range.
Therefore, we complemented the model by setting the lower and upper limits to 7.689 N-m
and 10.804 N-m, respectively, and replacing the outliers outside this range with these limits,
as shown in Equation (16). The upper and lower limits were defined as FT values of the
cumulative distribution of 95% and 5%, respectively, as shown in Figure 15a. The range
limits set in this study were reasonable because 8.0 N-m was designated as the criterion for
the FT of the intermediate layer of asphalt pavement by KASCON [31].

7.689 (FT < 7.689)
FT. = { FT(7.689 < FT < 10.804) (16)
10.804 (FT > 10.804)

Here, Fit represents corrected fracture toughness (N-m) and FT represents fracture
toughness (N-m).

4. Conclusions

We developed a total of 100 FT models that use ANN and selected the best model
by examining the prediction performance, error stability, and prediction distribution. The
primary conclusions of this study are as follows:

We used the IRI, RD, SD, and ESAL as the independent variables of the FT predic-
tion model because they had a mechanistic relationship with the FT; we measured them
every year during HPMS surveys. The distributions of FT and SD did not satisfy normal-
ity; therefore, they were normalized. The mean and standard deviation of all variables
were standardized.

We developed a total of 100 ANN models with different normalization methods,
number of hidden layers, number of nodes, and optimizer methods. We examined the errors
between the measured and predicted FTs for all ANN models. Among the models, Rp136,
Am?253, and Nd144 had the lowest error rates; we selected them as the candidate models.

We compared the errors between the FT training predictions and measured FTs with
the errors between the FT validation predictions and measured FTs as a function of the
amount of learning to examine the generality of the learning of the candidate models. By
using both the training and validation datasets, the errors of all candidate models decreased
with increasing learning amounts, thereby reducing the possibility of overfitting. When
comparing the stability of the errors, the Rp136 model was the most unstable, the Nd144
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model was moderately stable, and the Am253 model was the most stable. If the error is
stable, it is expected to show a low error even for new input data.

We compared the error rates between the FT training predictions and measured FTs
with those between the FT test predictions and measured FTs to examine the applicability
of the candidate models to new input data. The Rp136 model exhibited a high error rate
in the test dataset because the error was unstable. The Nd144 model exhibited a slightly
higher error rate on the test dataset than on the training dataset. Because the Am253 model
had stable errors, the error rates of the test and training datasets were similar.

When the FT predictions from the Nd144 model were compared to those of the
measured FTs at 66 randomly selected locations on expressway asphalt pavement, they
exhibited the most comparable frequency distribution, cumulative probability distribution,
and average. Because of the stable variation in the error and the relatively low error rate,
we selected this model as the final ANN model. The model was complemented by setting
the lower and upper limits to 7.689 N-m and 10.804 N-m, respectively, and by replacing the
outliers with these range limits. The proposed model contributes to the sustainability of
the pavement structure by simply predicting asphalt pavement conditions.
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