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Abstract: Asphalt pavement density can be measured using either a destructive or a non-destructive
method. The destructive method offers high measurement accuracy but causes damage to the
pavement and is inefficient. In contrast, the non-destructive method is highly efficient without
damaging the pavement, but its accuracy is not as good as that of the destructive method. Among the
devices for non-destructive measurement, the nuclear density gauge (NDG) is the most accurate, but
radiation in the device is a serious hazard. The electrical density gauge (EDG), while safer and more
convenient to use, is affected by the factors other than density, such as temperature and moisture of
the environment. To enhance its accuracy by minimizing or eliminating those non-density factors,
an original approach based on artificial neural networks (ANNSs) is proposed. Density readings,
temperature, and moisture obtained by the EDG are the inputs, and the corresponding densities
obtained by the NDG are the outputs to train the ANN models through Levenberg-Marquardt,
Bayesian regularization, and Scaled Conjugate Gradient algorithms. Results indicate that the ANN
models trained greatly improve the measurement accuracy of the electrical density gauge.

Keywords: density measurement; asphalt pavement; artificial neural network; nuclear density gauge;
electrical density gauge

1. Introduction

Asphalt pavement’s density is commonly measured with the destructive coring
method (CM) [1]. In this method, the core samples are taken from the asphalt pave-
ment and sent to a laboratory for density measurement [2—4]. Although it has a high
measurement accuracy, it is time-consuming and causes damage to the pavement, which
needs to be repaired after the measurement [5].

This problem is solved with the so-called highly efficient non-destructive methods
relying on the readings of specialized devices such as the nuclear density gauge (NDG)
and the electrical density gauge (EDG). The NDG contains a nuclear radiation source,
which emits gamma photons on the pavement. The density is measured through the count
of the back-scattered gamma photons [1,6]. Though the measurement is accurate, the
internal radiation poses hazards to the operators [7]. Unlike NDG, EDG measures density
based on the variation of the parameters of an electric field with the density of the asphalt
pavement [8]. It is safe to use, however, its readings are affected by environmental factors
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Licensee MDPI, Basel, Switzerland. such as temperature, and moisture [1,9].

Unlike EDG, some non-destructive methods are based on mechanical wave propa-
gation, including the ultrasonic pulse velocity (UPV) and the impact-echo methods [10].
The UPV device includes two transducers, which can be placed onto the same or opposite
surface(s) of the measured material. When the measurement starts, the ultrasonic pulses,
transformed from voltage pulses, are transmitted by the first transducer and received by
40/). the second transducer. By analyzing the transmission time of the pulses, the strength of
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the received pulses, and the distance between the two transducers, some properties of the
measured material can be characterized. The impact-echo method is developed based on
the UPV method and has the ability to measure the properties of a multilayer material [10].
The impact-echo device only includes one transducer. Ultrasonic pulses are transmitted by
the transducer and are reflected after encountering the boundary of another layer. Then,
the reflected pulses are received by the same transducer, and their strength and transition
time are recorded. Both of the methods have been applied to measure the properties of
cement concrete [10]. However, their performance in measuring the density of the asphalt
pavement requires further investigation.

This research focuses on improving the currently applied non-destructive method,
which is EDG. Considering its advantages, an original approach based on artificial neural
network (ANN) is developed to address the issues mentioned above. ANN is a data-driven
approach, which means a large amount (from hundreds to thousands) of data samples
are required to train an ANN [11]. Thus, a time-consuming data-collocation process is
required, which is a limitation of using ANN. Conversely, one of the advantages of using
ANN is that it has a self-learning ability. Although the relationship between the input and
target data (EDG and NDG densities) is complicated, ANN has the ability to automatically
reduce the error between them by exploring the potential features of the data samples [11].
Furthermore, using ANN also has the advantage of working efficiency. The relationship
between input and target data can be accurately described by ANN models, which are
established in less than one second. Hence, an ANN approach is selected as a basement to
develop the proposed approach.

In the proposed approach, the ANN models consisting of one input layer, two hidden
layers, and one output layer are adopted. The input data for training the ANN models
include EDG density readings, temperature, and moisture. Subsequently, the ANN models
output the predicted density, which is then compared with the NDG density readings. The
errors between them are used to tune the ANN model parameters through the Levenberg-
Marquardt (LM), the Bayesian regularization (BR), and the Scaled Conjugate Gradient
(SCG) algorithms [12-14], producing the LM-ANN model, the BR-ANN model, and the
SCG-ANN model, respectively.

The LM algorithm aims to enhance the accuracy of the current input data by exploring
as many features as possible [12,15]. However, this can lead to overfitting problems, where
the model fits the training data too closely and performs poorly on new data, resulting in
reduced generalization capability. In contrast, the BR-ANN model maintains a relatively
balanced accuracy and generalization capability, albeit requiring a relatively longer training
process [13]. Additionally, the SCG-ANN model can be trained efficiently and exhibits
good generalization capability, although its accuracy is comparatively lower [14]. To accom-
modate the varying features of the three models, their structures are optimized by adjusting
the number of neurons in each hidden layer, ranging from 3 to 30. Each model is trained
100 times, and the average performance is subsequently analyzed. Finally, models with
optimized structures are selected, and their performances are evaluated and compared
with the original performance of the EDG.

The paper is organized as follows. In Section 2, non-destructive devices NDG and
EDG are described. In Section 3, the ANN approach is presented in terms of the ANN
structure, training process, learning algorithms, and input data. Then, the methodology
of the proposed approach is described in Section 4, including the methods to optimize
the structure of the ANN models and evaluate the performance of the optimized models.
After that, the performances of the optimizing and the optimized models are evaluated and
discussed in Section 5. Finally, a conclusion is drawn in Section 6.

2. Non-Destructive Devices
2.1. Nuclear Density Gauge (NDG)

The nuclear density gauge (NDG) is a non-destructive device designed to operate
on the surface of asphalt pavement, as depicted in Figure 1 [6,7]. The left part of the
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NDG includes the control panel, including a small 2-key keypad, a 20-key keypad, and a
small screen. The 2-key keypad is used to power on or off the NDG. The 20-key keypad
contains the number keys (from 0 to 9 and a decimal point) and the functional keys (Yes,
No, Start, Offset, etc.). The number keys are used to enter the project number, current time,
manual offset, etc. The functional keys are used to accept a measurement result or not
(Yes or No), start a new measurement, set the offset manually, etc. The small screen can
display the measurement results and the status of the NDG. The right part of the NDG
includes the nuclear source rod with a black handle. The source rod can be lifted up or
down via the handle and locked into different positions to choose the different working
modes. The safe position is chosen when the NDG is not in any working mode. The
direct transmission positions are selected when the direct transmission mode is required.
However, this working mode is commonly applied on the soil base layer rather than the
asphalt layer. The back-scatter position is applied when the back-scatter working mode
is required. This is the common working mode to measure the density of the asphalt
pavement. Except for the components shown on the top surface, a set of detectors is
embedded in the NDG and used to receive the scattered gamma photons.

THIN LAYER DENSITY GAUGE

Figure 1. An NDG placed on the surface of the asphalt pavement.

When the NDG with back-scatter mode starts to work, Gamma rays penetrate the
surface of the asphalt pavement [1]. These rays interact with electrons within the asphalt
mixture, causing some Gamma photons to scatter and subsequently be detected. The rate
of transmitted and received photon counts is then computed and utilized as input for the
built-in algorithm, which calculates the density of the measured asphalt pavement [1].

Though NDG may not match the destructive method in terms of measurement ac-
curacy, it provides a relatively accurate density reading within minutes by being placed
on the asphalt surface [6]. Furthermore, it is a highly integrated device, making it more
convenient for transportation to the field.

2.2. Electrical Density Gauge (EDG)

To eliminate the potential hazards associated with NDG, the Electrical Density Gauge
(EDG) has emerged as an alternative option [8,9]. Like NDG, EDG is a non-destructive
device known for its convenience. As demonstrated in Figure 2, it is more compact
than NDG.

EDG operates on the principles of electromagnetic induction [16]. As illustrated in
Figure 3, the sensing component of EDG comprises an active region, a ground region,
and an isolation ring between them. During operation, a single-frequency voltage is
applied to the active region, generating a toroidal electric sensing field over the measured
asphalt pavement. Variations in the electric field occur due to internal air voids or density
fluctuations within the asphalt mixture. These variations are then sensed by the ground
region and converted into density measurements using the built-in algorithm [17]. EDG
can also be applied to check the potential section with defects, like cracking. An internal
defect may exist if an obvious density fluctuation occurs in a specific section.
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Figure 2. An EDG placed on the surface of the asphalt pavement.
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Figure 3. The working principle of EDG.

However, the accuracy of EDG is not as good as NDG. This is attributed to changes
in the dielectric constant of the asphalt mixture caused by temperature and moisture
variations [8]. An asphalt mixture consists of aggregate and asphalt binder, with air voids
typically present between them. Consequently, the asphalt mixture contains small amounts
of air or even water after rainfall. Notably, the dielectric constant of water is significantly
higher than that of aggregate and asphalt binder, affecting the sensitivity of the electric field
variation [16]. Furthermore, the dielectric constant of water fluctuates with temperature
changes. Enhancing EDG’s accuracy requires the development of a better model accounting
for the effect of temperature and moisture.

3. Artificial Neural Network (ANN)

The EDG’s measurement accuracy can be improved through intelligent data-processing
methods, one of which is Artificial Neural Network (ANN), the most widely used method
inspired by biological neuron networks [11,18,19]. As illustrated in Figure 4, the funda-
mental unit of an ANN is an artificial neuron, where an ANN model computes its output.
Before inputting into an artificial neuron, inputs are assigned corresponding weights. Then,
the weighted sum of the inputs is calculated, and the result is fed into an activation func-
tion, which determines the neuron’s contribution [20,21]. The output of the activation
function represents the final output of the neuron and is transmitted to the next neuron in
the network.
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Figure 4. An artificial neuron in the ANN model.

3.1. Structure of the ANN Models

The artificial neurons are then organized into layers within the ANN model. As
illustrated in Figure 5, the ANN comprises three layers: an input layer, two hidden layers,
and an output layer. The input layer consists of 3 neurons. Since the ANN model aims to
enhance the accuracy of the EDG affected by the fluctuating temperature and moisture, the
inputs to the model are EDG density readings, temperature, and moisture. However, there
is no computation within the input layer; instead, the input data are directly transmitted
to the neurons in the hidden layers. The number of neurons in the two hidden layers is
set to be the same. To explore how the number of neurons influences the accuracy of the
ANN models, the range of neurons varies from 3 to 30. The minimum number of neurons
typically equals or exceeds the number of input variables [21]. The number of input
variables in this research is three. Hence, the minimum number is set to 3. The maximum
number of neurons is determined based on the performance of the ANN models. When
the number of neurons is more than 30, the performance of all ANN models obviously
worsens. On the other hand, more and more storage space is required as the number of
neurons increases. Thus, the maximum number of neurons is set to 30. The performance
of the three ANN models is discussed in Section 5. Following computation in the hidden
layers, the results are forwarded to the output layer. The output layer consists of only one
neuron, and the final output from this neuron represents the ANN-predicted density.

Input Layer Hidden Layers Output Layer

Temperature

ANN-Predicted

Moisture Density

EDG Density

Figure 5. The structure of the ANN model.

3.2. Training Process

The training process is essential for enhancing the performance of the ANN model [22-24].
As shown in Figure 6, the EDG density, temperature, and moisture data are organized as
three input vectors in the training process. After inputting these vectors, an ANN model
with the initial weights calculates and outputs the result, which is the ANN-predicted
density vector. Then, it is compared with the target density vector, which contains the NDG
density data, and the resulting error vector is subsequently calculated. Finally, this error
vector is utilized to adjust the weight vector of the ANN model, and a training process
is done [25]. The three input vectors are inputted into the ANN model with the adjusted
weights again, and a new training process runs similarly. The method of adjusting the
weight vector and minimizing the error vector varies depending on the applied learning
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algorithms, including Levenberg-Marquardt, Bayesian regularization, and scaled conjugate
gradient algorithms.

Collected Data Target Density
7—ﬂ NDG Density

Input
o _rempenstue |———> -
ANN-Predicted
Input A Density
| woswe | e
Input
EDG Density

v
Figure 6. The training process of the ANN model.

Errors

3.3. Levenberg-Marquardt (LM) Algorithm

In this study, three commonly used learning algorithms are applied to train the ANN
model. The first one is the LM algorithm whose key parts involve updating the weight
vector w and calculating the performance function F(w) by the following equations [12]:

1 N 2 1 T
Fw) = 5 L viw) = ;v (w)v(w) (1)
Wi = Wi+ AL g 2)
A = Hy + pyl 3)

where v is the error vector containing all the errors v; between the ANN-predicted density
and the NDG density reading. N is the dimension of v. wy, is the weight vector in the kth
iteration step. Hy is the Hessian matrix of F(wy) and g is the gradient of F(wy). Ay is
the approximate Hessian matrix, and its inverse matrix is used to determine the search
direction with gy. Iis an identity matrix and y is a coefficient.

However, computing the second derivative of F(wy) to form the Hessian matrix is
very computationally intensive. A simpler Jacobian matrix is introduced to approximate
the Hessian matrix as well as the gradient [12,26]. The relations between them, along with
the elements of the Jacobian matrix, are described by the following equations:

_ovi(w) . ;
Jij aw]- (i=1,...,.N)(j=1,...,n) 4)
Hy = J (wi)J (wio) (5)
g = J" (wi)v(wy) (6)
Wit = Wi — (JT(Wi)J(wie) + D) 71T (W) v(w) 7)

3.4. Bayesian Regularization (BR) Algorithm

Derived from the LM algorithm, the BR algorithm is designed to mitigate the overfit-
ting issue and enhance the generalization capability of the ANN model [13]. Unlike the LM
algorithm, which focuses solely on optimizing the performance function, the BR algorithm
aims to balance the performance function and the total sum of squared weights through
the following equations:

N n

Fop(w) = PF(w) +aS(w) = B ) vi(w)+a) w ®)
i=1

i=1
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where F,,(w) is the objective function required to be optimized. S(w) is the total sum of
squared weights. &, B, and 7y are the three coefficients to balance S(w) and F(w). tr(A) is
the trace of A.

In the BR algorithm, both the equations in this subsection and Section 3.3 are used.
Firstly, the coefficients « and B are set randomly, the coefficients vy is set as N. Secondly,
F(w), S(w) and F,,(w) are calculated through Equation (8). Thirdly, J, g and A are
calculated through Equations (4), (6) and (9), respectively. Fourthly, the weight vector w
is updated through Equation (2). Fifthly, the coefficients «, 8, and < are updated through
Equations (10)—(12). Finally, the steps mentioned above are repeated until the optimized
weights and errors are calculated.

Compared to the LM-ANN model, the BR-ANN model generally exhibits superior
generalization capability, indicating similar performance on both the training and test data
sets. However, due to the increased complexity involved in calculating both F(w) and
S(w) parts and the extra 3 coefficients, the training time of the BR-ANN model tends to be
longer than that of the LM-ANN model.

3.5. Scaled Conjugate Gradient (SCG) Algorithm

Unlike the LM algorithm, which relies on the Jacobian matrix, the SCG algorithm
determines the search direction using a series of conjugate vectors [14]. The conjugate and
weight vector are updated according to the following equations:

W1 = Wi + CkPk (13)
Pk = —8k + MPr-1 (14)
Agl 8k
= (15)
Agi_1Pk-1

where p is the conjugate vector. ¢ and A are two coefficients to support establishing the
conjugate vector and training the model.

Compared with the other two models, the SCG-ANN model requires the shortest
training time. This is because operations on conjugate vectors are less computationally
intensive than on Jacobian matrices. Additionally, the model is less prone to the overfitting
issue, leading to a better generalization capability. However, this also implies that the
model’s accuracy may be compromised.

3.6. Collected Data and Input Data

In addition to the learning algorithms, the collected data are also important for the
ANN training process. A total of 290 data samples were collected with the support of
Fulton Hogan technicians. Before the measurements, the entire asphalt pavement was
divided into 29 engineering lots. Approximately 10 locations (ranging from 8 to 11 locations
depending on the lot) were randomly selected in each lot, with one location selected per
300 m?2. These selected locations were marked for reference. The NDG and EDG were
then set up and calibrated according to the properties of the pavement materials and were
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put on the same locations to get the density readings. Additionally, the EDG could also
measure temperature and moisture at the same time.

The collected data samples are separated into three types of input data: training,
validation, and test input data (comprising 60%, 20%, and 20% of the data, respectively).
The training data are directly utilized to train the ANN models. The validation data are
employed to validate the performance of the models during the training process and to
promptly halt the process to prevent potential overfitting issues, which could lead to poor
generalization capability. The test data are not utilized for training the model; instead, they
are considered as new data to test and evaluate the performance of the models. How to
apply the distinct performances of a model with three types of input data in this approach
is discussed in the next section.

4. Methodology

The proposed ANN approach includes the optimization of the ANN structure and the
evaluation of the optimized models. The optimization process starts with the ANN model
having 3 neurons in its hidden layer. Subsequently, the number of neurons increases by 1
in each step until it reaches 30. The ANN model is trained 100 times at each step, and the
average performance is recorded. The performances of an ANN model is mainly indicated
by the root mean squared error (RMSE) between the ANN-predicted density and the NDG
density reading;:

Z?:1 (Xz‘ - Yi)z
n

RMSE = (16)

where X and Y are the NDG density reading and ANN-predicted density, respectively. n is
the total number of densities.
Another performance index is the correlation coefficients (R values):

f TR -Y)

= (17)
VEL (X = X2, - V)2

where X; and Y; are the NDG density reading and ANN-predicted density, respectively. X
and Y are the average values of X; and Y;, respectively. n is the total number of densities.

In detail, the optimization and evaluation of the ANN models proceed in the following
manner: Firstly, the average accuracy of the models is assessed by comparing the RMSEs of
the three models with the corresponding training and test data. The RMSE of the model
with the test data is particularly significant in determining the accuracy, although that of
the one with the training data is also considered. Secondly, the average generalization
capability of the models is evaluated based on two conditions. The first condition is
whether the RMSE of the model with the test or validation data continuously increases
as the number of neurons grows. The second condition is whether the two differences
continuously increase as the number of neurons grows. The two differences refer to the
difference between the RMSEs of the model with the training and test data, as well as
the difference between the RMSEs of the same model with the training and validation
data. Thirdly, the average training time of each model is analyzed. Finally, the optimized
LM-ANN, BR-ANN, and SCG-ANN models are selected based on the aforementioned
optimizations and evaluations. Their performances are determined by both their RMSEs
and their R values.

5. Results and Discussion

The average performances of the three models with different numbers of neurons are
illustrated in Tables 1-3 and Figures 7-12. These figures are made based on the results in
those tables to better describe the accuracy, generalization capability, and training time of
the three models, respectively.
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Table 1. The average performance of the LM-ANN model.

LM-ANN Model

The Number of
Neurons in Each Training RMSE (kg/m?)
Hidden Layer Time (s) Training Validation Test
3 0.086 46.25 47.44 48.70
4 0.078 43.83 45.23 48.16
5 0.078 42.10 43.62 46.38
6 0.075 40.96 4291 45.79
7 0.075 40.14 42.18 45.06
8 0.076 39.56 42.13 44.84
9 0.077 39.12 4217 44.71
10 0.077 38.63 42.09 44.75
11 0.079 38.32 42.07 44.75
12 0.080 38.00 42.09 44.48
13 0.081 37.73 42.19 44.43
14 0.082 37.42 42.04 44.19
15 0.085 37.18 4217 44.29
16 0.087 36.90 42.14 44.20
17 0.092 36.71 42.26 4437
18 0.098 36.42 42.25 44.34
19 0.104 36.26 42.39 44.50
20 0.111 36.10 42.53 4471
21 0.123 35.88 42.57 44.73
22 0.130 35.71 42.58 44.66
23 0.141 35.63 42.81 44.89
24 0.152 35.42 42.96 45.02
25 0.169 35.20 43.01 45.29
26 0.184 34.99 43.05 4527
27 0.204 34.83 43.19 45.31
28 0.224 34.65 43.36 45.32
29 0.250 34.50 43.48 45.39
30 0.279 34.36 43.71 45.55
Table 2. The average performance of the BR-ANN model.
The Number of BR-ANN Model
Ne}lrons in Each Training RMSE (kg/m?)
Hidden Layer Time (s) Training Validation Test

3 0.095 40.92 40.36 42.10
4 0.092 41.12 40.87 42.36
5 0.093 41.25 40.84 42.73
6 0.093 41.13 40.80 42.34
7 0.094 40.85 40.73 42.10
8 0.097 40.52 40.61 41.80
9 0.098 40.25 40.50 41.54
10 0.100 39.99 40.39 41.39
11 0.102 39.75 40.25 41.43
12 0.103 39.43 40.25 41.43
13 0.105 38.98 40.37 41.56
14 0.108 38.59 40.34 41.49
15 0.113 38.32 40.36 41.49
16 0.116 38.00 40.43 41.57
17 0.123 37.79 40.47 41.84
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Table 2. Cont.

BR-ANN Model

The Number of
Neurons in Each Training RMSE (kg/m?)
Hidden Layer Time (s) Training Validation Test
18 0.132 37.46 40.54 42.01
19 0.143 37.25 40.67 42.15
20 0.154 37.00 40.77 42.19
21 0.170 36.77 40.81 42.16
22 0.183 36.56 40.94 42.41
23 0.200 36.37 41.09 42.43
24 0.223 36.12 41.11 42.45
25 0.248 35.92 41.27 42.58
26 0.277 35.73 41.32 42.70
27 0.310 35.57 41.40 42.81
28 0.346 35.37 41.37 42.84
29 0.388 35.22 41.55 43.02
30 0.447 35.06 41.54 43.10
Table 3. The average performance of the SCG-ANN model.
The Number of SCG-ANN Model
Ne}lrons in Each Training RMSE (kg/m?)
Hidden Layer Time (s) Training Validation Test

3 0.070 48.77 47.61 50.32
4 0.068 46.29 45.28 47.95
5 0.067 45.59 44.61 47.36
6 0.067 44.40 43.85 46.03
7 0.066 43.70 43.35 45.73
8 0.066 43.14 43.01 45.28
9 0.066 42.84 42.61 44.96
10 0.066 42.39 42.30 44.58
11 0.066 41.98 41.94 44.04
12 0.066 41.58 41.74 43.82
13 0.066 41.25 41.57 43.61
14 0.067 41.03 41.39 43.58
15 0.067 40.81 41.36 43.45
16 0.067 40.61 41.38 43.39
17 0.067 40.41 41.34 43.32
18 0.067 40.23 41.27 43.22
19 0.068 40.09 41.37 43.35
20 0.068 39.93 41.38 43.41
21 0.068 39.78 41.52 43.51
22 0.068 39.63 41.59 43.62
23 0.069 39.50 41.59 43.68
24 0.069 39.41 41.75 43.90
25 0.070 39.30 41.85 43.97
26 0.070 39.20 41.92 43.98
27 0.070 39.16 41.98 44.08
28 0.070 39.09 42.04 44.20
29 0.071 39.00 4223 44.46
30 0.071 38.90 42.32 44.52
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Figure 7. The RMSEs of the three models with the corresponding training data.
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Figure 12. The training time of the three models.

5.1. The Average Accuracy of the Three Models

Firstly, the average accuracy of the three ANN models is analyzed. The RMSEs of
them with the corresponding training data are depicted in Figure 7. In terms of the LM-
ANN model, the RMSE is 46.25 kg/m?3 at the beginning of the optimization. It gradually
decreases to 39.12 kg/m3 as the number of neurons increases to 9. Subsequently, it decreases
gradually at a lower rate, reaching 34.36 kg/m? by the end of the optimization. Regarding
the BR-ANN model, the RMSE is 40.92 kg/m?3 at the start of the optimization. It initially
increases to 41.25 kg/ m3 as the number of neurons grows to 5, then begins to decline,
reaching 39.43 kg/m? as the number goes up to 12. Eventually, it decreases at a similar rate
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as the RMSE of the LM-ANN model, reaching 35.06 kg/m? when the optimization goes
to the end. As for the SCG-ANN model, the RMSE is 48.77 kg/m3 when the optimization
begins. It reduces to 41.25 kg/m? as the number of neurons rises to 13. Subsequently, it
continues to decline steadily at lower rates (less than 0.22 kg/m? per neuron), reaching
39.78 kg/m? when the number of neurons is 21. Finally, it decreases at lower rates (less than
0.15 kg/m3 per neuron) to 38.90 kg/m> when the model contains 30 neurons in each hidden
layer. Comparing the three models, the RMSE of the SCG-ANN model is consistently the
largest throughout the optimization process. The gap between it and that of the LM-ANN
model is approximately 2.5 kg/m> when the number of neurons is less than 4. However,
this gap ranges between 3.43 and 4.54 kg/m? when the number exceeds 5. Conversely, the
RMSE of the BR-ANN model is the smallest if the number of neurons is less than 6. There
is a minor gap (ranging from 0.70 to 1.43 kg/m?) between those of the LM-ANN and the
BR-ANN model when the number exceeds 6.

The RMSEs of the three models with the corresponding test data are illustrated in
Figure 8. When the optimization begins, the RMSE of the LM-ANN model is 48.70 kg/m>.
It slumps to 44.71 kg/m? as the number of neurons increases to 9. Subsequently, it stabilizes
briefly before experiencing a slight decrease to 44.19 kg/m? as the number goes up to 14.
Finally, it creeps up to 45.55 kg/m3 by the end of the optimization. In terms of the BR-ANN
model, the RMSE gradually increases from 42.10 to 42.73 kg/m? as the number of neurons
rises from 3 to 5. It then slightly decreases to 41.39 kg/m3 as the number climbs to 10 and
fluctuates between 41.43 and 41.57 kg/m?3 as the number varies from 11 to 16. Lastly, it
continues to rise to 43.10 kg/m? as the optimization goes to the end. As for the SCG-ANN
model, the RMSE dives from 50.32 to 43.82 kg/m? as the number of neurons rises from 3
to 12. It then decreases at the rates around 0.1 kg/m? per neuron to 43.22 kg/m? as the
number of neurons rises from 12 to 18. Eventually, it gradually grows to 44.52 kg/m?
as the number goes up to 30. Comparing the three models, the RMSE of the LM-ANN
model is initially smaller than that of the SCG-ANN model, with a gap of approximately
1.6 kg/ m3. However, if the number of neurons exceeds 10, the RMSE of the LM-ANN
model surpasses that of the SCG-ANN model, with the increasing gap to 1.03 kg/m? by the
end of optimization. Conversely, the RMSE of the BR-ANN model is the smallest among
the three RMSEs. The difference between those of the LM-ANN and BR-ANN models
decreases from approximately 6.6 to 3.0 kg/m?, then slightly increases to 3.4 kg/m?3 as the
number of neurons increases from 3 to 10. Finally, it gradually decreases to 2.45 kg/m? as
the optimization goes to the end.

In summary, the two figures illustrate the totally different results. In the first figure,
the RMSE of the LM-ANN model with the training data is the smallest when the number
of neurons is more than 6. The reason is that the LM algorithm can optimize the weights
of the ANN model by calculating the approximate Hessian matrix. The matrix contains
enough information to improve the possibility of reaching the optimal search direction
during the training process. Thus, the LM-ANN model has a good accuracy. The RMSE of
the BR-ANN model is larger than the former one since the accuracy of the BR-ANN model
is reduced to improve the generalization capability. The RMSE of the SCG-ANN model is
the largest among the three RMSEs. The reason is that the conjugate vectors contain less
information than the approximate Hessian matrix. Hence, reaching the optimal search
direction is harder, resulting in a worse performance of the SCG-ANN model. In the second
figure, the RMSE of the BR-ANN model with the test data is the smallest. The RMSE of the
SCG-ANN model is smaller than that of the LM-ANN model when the number of neurons
is larger than 10. Since the test data are not used to train the ANN models, these results are
affected by both of the accuracy and the generalization capability of the ANN models. The
latter performance of the models is discussed in the next subsection.

5.2. The Average Generalization Capability of the Three Models

Secondly, the generalization capability of the three models is evaluated. That of the
LM-ANN model with three types of input data is depicted in Figure 9. At the start of the



Metrology 2024, 4

318

optimization, the difference between the RMSEs of the model with training or validation
data is minimal (approximately 1.2 kg/m?). This difference creeps up to around 3 kg/m?
as the number of neurons rises to 9. After that, it increases rapidly, reaching 9.35 kg/m?
eventually. This phenomenon occurs since the RMSE of the model with the training data is
decreasing while that of the one with the validation data is increasing during this period.
The difference between the RMSEs of the model with the training or test data follows a
similar trend. Therefore, the generalization capability of the LM-ANN model is acceptable
if the number of neurons is less than 9.

The generalization capability of the BR-ANN model is demonstrated in Figure 10.
If the number of neurons is less than 9, the RMSEs of the model with the training and
validation data are approximately equal. However, their gap starts to widen as the number
of neurons exceeds 9, reaching 6.5 kg/m? at the end of the optimization. On the other hand,
the gap between the RMSEs of the model with the test and validation data is 1.74 kg/m? at
the beginning of the optimization. The RMSE of the one with the test data then follows
a similar trend to that of the one with the validation data, resulting in a consistent gap
throughout the optimization process. Additionally, both two RMSEs keep increasing if the
number of neurons exceeds 16. Therefore, the generalization capability of the BR-ANN
model performs excellently when the number of neurons is less than 16.

The generalization capability of the SCG-ANN model is illustrated in Figure 11. When
the optimization starts, the RMSE of the model with the training data exceeds that of the
one with the validation data, with a gap of approximately 1.2 kg/m3. Between 9 and
13 neurons, the two RMSEs are close. However, as the number of neurons increases from
14 to 30, the RMSE of the model with validation data overtakes the one with the training
data, resulting in a gap widening from around 0.4 to 3.4 kg/m?. Similarly, the RMSE of the
model with the test data follows a similar trend to that of the one with the validation data,
with a stable gap of 2.1 kg/m? when the number of neurons exceeds 11. Additionally, both
two RMSEs begin to creep up as the number of neurons rises to 18 or more. Overall, the
generalization capability of the SCG-ANN model is excellent, good, and still acceptable
when the number of neurons is in the range of 2 to 8, 9 to 18, and 19 to 30, respectively.

In summary, the generalization capability of an ANN model is highly affected by the
learning algorithm. When the three ANN models hold the same number of neurons, the
gap between the RMSEs of the LM-ANN model with the training and the test data is larger
than that of the BR-ANN or SCG-ANN model. Thus, the LM-ANN model performs the
worst generalization capability. Theoretically, the LM algorithm is designed to improve
the accuracy rather than the generalization capability of the trained model. To reach the
goal, the features of the training data may be over-explored. Since the test and validation
data are not used in the training process, some of their features may be ignored. Hence,
the LM-ANN model with the test or validation data performs worse than the LM-ANN
model with training data. Conversely, the BR algorithm can enhance the generalization
capability by balancing the performance function and the total sum of squared weights.
Commonly, a true model holds a smooth surface. One way to make the surface smoother
is to reduce the coefficients of the model. In an ANN model, a similar way is to reduce
the weights. Hence, reducing the total sum of squared weights commonly makes the
ANN model close to the true model, resulting in an excellent generalization capability.
Furthermore, the SCG-ANN model also holds a good generalization capability. Compared
with the approximate Hessian matrix, the conjugate vectors contain less information of the
performance function. Although the features of the training data can still be over-explored,
the possibility becomes less.

5.3. The Average Training Time of the Three Models

Thirdly, the training time of the three models, described in Figure 12, is analyzed.
At the beginning of optimization, the training time of the LM-ANN model is 0.086 s. It
decreases to 0.075 s as the number of neurons increases to 6, then rises to 0.082 s as the
number goes up to 14 neurons. Subsequently, its growth rate accelerates, reaching 0.279 s
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by the end of optimization. For the BR-ANN model, the training time remains slightly less
than 0.1 s if the number of neurons ranges from 3 to 10, then it increases to 0.108 s when the
number of neurons reaches 14. Following a similar trend to the LM-ANN model but with
a higher growth rate, it reaches 0.447 s at the end of optimization. As for the SCG-ANN
model, its training time decreases slightly from 0.070 to 0.066 s, then remains constant, and
finally, increases back to 0.071 s as the number of neurons grows from 3 to 7, from 8 to
13, and from 14 to 30. Overall, establishing an ANN model with too many neurons in its
hidden layer is not efficient, except for the SCG-ANN model.

In summary, the training time of the SCG-ANN model is the shortest since the least
computation is required in the training process. On the contrary, the training time of the
BR-ANN model is the longest since both the approximate Hessian matrix and the additional
coefficients parts are required to be calculated.

5.4. The Performances of the Optimized Models

Ultimately, the optimized models are selected based on the aforementioned analysis,
and their performances are evaluated. The two optimized LM-ANN models are the ones
with 9 and 14 neurons in each hidden layer. The performances of the two optimized models
are illustrated in Table 4. As for the first model, the R value of the model with the training
data is higher than that of the model with the validation or test data (0.943 compared
with 0.923 or 0.924, respectively). The RMSE of the model with the training data is the
smallest, while that of the model with the test data is the greatest (37.61 kg/m? compared
with 43.32 kg / m3 ). Moreover, that of the model with the validation data is 41.73 kg/ m3.
Regarding the second model, the R value of the model with the training data is the highest,
followed by that of the model with the validation data (0.953 and 0.942, respectively). The
R value of the model with the test data is 0.916, which is acceptable. On the other hand,
the RMSE of the model with the test data is the greatest, while that of the one with the
training data is the smallest (41.54 compared with 34.25 kg/m?3). That of the one with the
validation data is 40.61 kg/m?. Comparing the two optimized models, the performance of
the LM-ANN model improves as the number of neurons rises from 9 to 14. However, the
RMSEs of the models with the corresponding validation and test data are all more than
40 kg/ m?3. Hence, none of the LM-ANN models is sufficiently accurate.

Table 4. The performance of the optimized LM-ANN models.

LM-ANN Models

The Number of
Neurons in Each R Value RMSE (kg/m?)
Hidden Layer Training  Validation Test Training  Validation Test
9 0.943 0.923 0.924 37.61 41.73 43.32
14 0.953 0.942 0.916 34.25 40.61 41.54

The three optimized BR-ANN models hold 5, 10, and 16 neurons in each hidden layer,
respectively. The performances of the three optimized models are demonstrated in Table 5.
Regarding the first model, its three R values range from 0.930 to 0.945. The RMSE of the
model with the validation data is acceptable, while the RMSEs of it with the training and
test data are great (36.06 compared with 38.26 and 39.42 kg/m?3). As for the second model,
the R values of the model with the training and test data are reasonable, and that of it with
the validation data is acceptable (0.937, 0.954, and 0.912). Its three RMSEs are 38.52, 37.95,
and 37.82 kg/m?, respectively. Since the RMSE of the model with the validation or test
data is smaller than that of it with the training data, the generalization capability of it is
considered good. In terms of the third model, the R values of the model with the training
and validation data are good and approximately the same (0.947 and 0.945, respectively).
Even if the R value of the model with the test data, which is the lowest (0.919), is still
sufficient. Similarly, although the RMSE of the model with the validation or test data is
slightly higher than that of the model with the training data, they are still acceptable (38.55
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and 37.52 compared with 36.41 kg/m?3). Overall, both the performances of the second and
third BR-ANN models are acceptable. The generalization capability of the former one is
better, while the accuracy of the latter one is higher.

Table 5. The performance of the optimized BR-ANN models.

The Number of BR-ANN Models

Neurons in Each R Value RMSE (kg/m?)
Hidden Layer Training  Validation Test Training  Validation Test
5 0.938 0.930 0.945 38.26 36.06 39.42
10 0.937 0.912 0.954 38.52 37.95 37.82
16 0.947 0.945 0.919 36.41 38.55 37.52

The three optimized SCG-ANN models contain 8, 14, and 18 neurons in each hidden
layer, respectively. The performances of the three optimized models are illustrated in
Table 6. In terms of the first model, the R value of the model with the test data is 0.951,
which is excellent. Additionally, the other two R values are reasonable and similar (0.928
and 0.930, respectively). However, all three RMSEs of it are relatively large (41.44, 39.86,
and 37.08 kg/m?3, respectively). As for the second model, the R values of the model
with the training and validation data are excellent and roughly the same (0.948 and 0.947,
respectively). The last R value is 0.931, which is also reasonable. Moreover, its three RMSEs
are 36.81, 35.33, and 34.97 kg/ m?3, which are relatively small. Hence, both the accuracy
and generalization capability of the second model are outstanding. Regarding the third
model, its three R values are 0.947, 0.940, and 0.952, which are all excellent. The RMSEs of
it with the training and validation data are 35.17 and 36.86 kg/m?, which are acceptable.
Nevertheless, the last RMSE is 38.11 kg/m3, which is slightly large but acceptable. Overall,
the performance of the second model is excellent, and that of the third is also good.

Table 6. The performance of the optimized SCG-ANN models.

SCG-ANN Models

The Number of
Neurons in Each R Value RMSE (kg/m?)
Hidden Layer Training  Validation Test Training  Validation Test
8 0.928 0.930 0.951 41.44 39.86 37.08
14 0.948 0.947 0.931 36.81 35.33 34.97
18 0.947 0.940 0.952 35.17 36.86 38.11

Overall, the four sufficient models include the last two BR-ANN models and SCG-
ANN models. Their performances are then compared with the original performance of
the EDG. The R value and the RMSE of the original EDG density readings are 0.920 and
44.86 kg/m3, respectively. As for the second BR-ANN model, although the R value of the
model with the validation data is lower than 0.920, that of the model with the training
or test data is much higher than 0.920. In addition, the three RMSEs are all smaller than
44.86 kg/m3. Hence, the overall performance of this model is better than the original
performance. Similarly, in terms of the third BR-ANN model, the R value of the model with
the test data is slightly lower than 0.920, while the other R values are significantly higher
than 0.920. Moreover, its three RMSEs also perform better. Thus, the overall performance
of this model is also better. Regarding the two SCG-ANN models, their performances are
obviously excellent.

In summary, the two LM-ANN models are considered inappropriate. Conversely,
the last two BR-ANN and SCG-ANN models have reliable accuracy and generalization
capability and can be utilized to improve the performance of the EDG measurement.
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6. Conclusions

EDG and NDG are the two devices commonly used in the non-destructive measure-
ment of asphalt pavement density. However, the accuracy of EDG is lower than that of
NDG since the former one is affected by temperature and moisture. This paper presents
an ANN approach to enhance the accuracy of EDG. The EDG density, temperature and
moisture are the three input variables for training the ANN models. The NDG density is
regarded as the target density. Three learning algorithms are used in the training process,
including the LM, BR, and SCG algorithms. The accuracy of the LM-ANN model is the
best when the training data are input. Furthermore, the generalization capability of the
BR-ANN model is the best and the training time of the SCG-ANN model is the shortest.
The performance of the optimized ANN model is then analyzed. The optimized LM-ANN
model is not sufficiently accurate. Nevertheless, totally four BR-ANN and SCG-ANN
models provide acceptable performance and all of them can greatly improve the original
performance of the EDG.
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