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Abstract: The PU mixture considered here is a new kind of pavement material with excellent road
performance, which lacks study into its dynamic mechanical and viscoelastic properties. In this study,
the dynamic modulus of the polyurethane (PU) mixture was fitted by using five master curve models,
five shift factor equations, and four error minimization methods. According to test results, the log-log
plot form was able to more effectively display the differences between master curves. The solver
method, the sum of square error minimization (<0.02), proved to be more appropriate and accurate
with higher fitting parameter results. The line of equality statistic and Pearson linear correlation
analysis results demonstrated that WLF and Kaelble equations were appropriate for five master curve
models with trend line R? values higher than 0.98. The GLS and SCM model with the WLF equation
had the most accurate master curve fitting results. The dynamic modulus master curve shape of the
PU mixture did not follow the traditional smooth “S” shape and did not show the ultimate dynamic
modulus at extreme frequency. The viscoelasticity of the PU mixture is quite different from that of the
asphalt mixture. This study recommended the most accurate error minimization method, the master

check for . . . . . ]
updates curve model, and shift factor equations for characterizing the dynamic properties of the PU mixture.
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doi.org/10.3390/ coatings13050835 When an asphalt mixture is subjected to dynamic loading and the amplitude of
Academic Editor: Sharareh Shirzad the dynamic loading can maintain the strain within 100 pe, the asphalt mixture will

exhibit a complex linear viscoelastic behavior [1-5] due to the combination of a viscoelastic
asphalt binder and an aggregate skeleton. Before analyzing the material response [6,7]
and pavement design [8,9], it is very critical to evaluate the rheological property of the
asphalt mixture. The asphalt mixture’s dynamic modulus and corresponding phase angle
measurements will reveal important details about how the behavior of the material changes

® over time and loading [10,11].
In some circumstances (for example, excessively high temperature or extremely low

loading frequency), it is difficult to measure the dynamic modulus of the asphalt mix-
ture due to the limitations of the experimental equipment. In consideration of the time—
This article is an open access article  te€Mperature superposition principle (TTSP), it is essential to construct the master curve to
distributed under the terms and  €Xtrapolate the dynamic modulus to temperature and frequency ranges that are unavail-
conditions of the Creative Commons  able at the laboratory level [12,13]. The test results can be extended to a wider extensive
Attribution (CC BY) license (https://  time—temperature space from certain loading frequencies and temperature ranges [14].
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The master curve is widely used to describe the viscoelastic and dynamic character-
istics of the asphalt mixture. The master curve can be utilized to depict the fundamental
dynamic properties of viscoelastic materials, including the dynamic modulus and phase
angle. The dynamic modulus and phase angle could constitute the basis for understand-
ing pavement load response and help to understand the behavior of the material under
different temperatures and loading frequencies [8-11].

The laboratory-measured dynamic modulus of asphalt mixture is always shown in the
form of the master curve over a wide range of temperatures and loading frequencies. A con-
tinuous master curve model could be used to fit the experimental test data into mathematical
models [17]. The logistic sigmoidal equation [18,19], Weibull’s equations [20], the modified
Christensen—Anderson-Marasteanu (CAM) model [21], the Havriliak-Negami (HN) [22], and
2 Springs, 2 Parabolic creep elements, and 1 Dashpot (252P1D) models [17,23] were reported
to develop different models for describing the dynamic modulus in master curve form.
The widely accepted mathematical formulation for calculating the master curve of the
asphalt mixture is the standard logistic sigmoidal-shaped (SLS) model due to its simplicity.
Several advanced types of research were carried out to modify the SLS function [24-27].
The generalized logistic sigmoidal (GLS) model can be applied to fit asymmetric data, but
the SLS model is more accurate for symmetrical test data [28,29]. Dickerson and Witt [30]
established the relationship between a complex modulus, the phase angle, and the load-
ing frequency of an asphalt binder and built the master curve of the dynamic modulus
and phase angle by using independent parameters. Based on the simplification of the
Dickerson and Witt model, Christensen and Anderson [11] developed the Christensen—
Anderson (CA) model. Based on the CA model, Marasteanu and Anderson [21] established
the Christensen—Anderson—-Marasteanu (CAM) model, which fits the test data within ex-
tremely low or extremely high frequencies [21,31]. The study [32] employed five distinct
master curve models to predict the dynamic modulus and corresponding phase angle for
three different kinds of asphalt mixture, and recommended a model that combined the
CAM model and sigmoidal model. Reference [33] adopted three master curve models and
five kinds of shift equation factors to compare the prediction accuracy for four kinds of
asphalt mixtures, and the SLS model and the Williams-Landel-Ferry equation produced
the bestfitting results. Study [29] adopted two master curve models and three kinds of
shift factor equations to construct the master curve model of the dynamic modulus, and
the GLS model was proved to predict more precisely.

Some research work [23,34-38] compared different shift factor equations and ana-
lyzed the precision of dynamic modulus master curve models. Study [39—41] used the
Williams-Landel-Ferry (WLF) equation and the Arrhenius equation to construct the dy-
namic modulus master curve. Study [42] proved that the Arrhenius shift factor equation
had a lesser degree of freedom than the Polynomial and WLF shift factor equations, which
led to the prediction accuracy of the Arrhenius shift factor equation decreasing especially
at low temperatures. Reference [32] compared five different shift factor equations for fitting
and predicting the experimental dynamic modulus and phase angle, and recommended
a proper shift factor equation for generating the master curve. Study [33] adopted three
shift factor equations and provided recommendations for the selection of the proper master
curve model. References [43—45] utilized the Polynomial shift factor equation to construct
the master curve of the asphalt mixture. Study [46] compared three shift factor equations
(i.e., Arrhenius, WLE, log-linear) in the SLS model to build the master curve.

Several fitting techniques, such as the Artificial Neural Network (ANN), regression
modeling, and modified least-square fitting approach, were employed in conjunction
with analogical and numerical solutions to produce better fitting results and improve the
precision of the prediction [8,35,47-49].

The dynamic modulus is widely used as an important input parameter in pavement struc-
ture design software, such as the Mechanistic-Empirical Pavement Design Guide (MEPDG).
The dynamic modulus master curve reflects the dynamic mechanical performance and vis-
coelastic property of the asphalt mixture and is widely used in the area of asphalt mixture
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and as an effective way to evaluate the asphalt mixture. Many studies [50,51] improved
or modified the asphalt with a warm mix additive or other additives to improve the vis-
coelastic property under higher temperatures. The PU mixture which possesses good road
performance [52,53] is a new kind of pavement material, the dynamic mechanical perfor-
mance and viscoelastic properties of which should be captured and used to understand the
performance of pavement structure with PU mixture layers before applying the PU mixture
in pavement structure design, material selection, and performance prediction. Therefore,
the dynamic modulus master curve study is one of the most important fundamental studies
of the PU mixture. There is research [54] about the dynamic modulus master curve of the
dense PU mixture, although only the SLS model was analyzed in this literature, and the
SLS model exhibited a high level of goodness—of-fit. For this reason, there is an urgent
need to study the construction of the dynamic modulus master curve of the PU mixture
to provide more accurate information about the dynamic mechanical performance and
viscoelastic of the PU mixture.

This paper aimed to adopt five different master curve models and five shift factor
equations for fitting the dynamic modulus master curve of the PU mixture. Four different
error-minimizing processes which would be used for obtaining the regression parameters
of master curve models and shift factor equations were used in this paper. The results
obtained were graphically and statistically analyzed and compared. This paper attempted
to compare the different formulations and their effectiveness in the prediction of the
dynamic modulus of the PU mixture. Finally, a simple and effective master curve model,
shift factor equation, and error-minimizing processes are recommended for adjusting the
dynamic modulus master curve for the entire range of reduced frequencies of the PU
mixture for the following study.

2. Materials and Methods
2.1. Material

The PU mixture used in this study had dense gradation with basalt aggregate, and the
gradation of the PU mixture was shown in Figure 1. The X and Y axes were in a 0.45 power
scale and arithmetic scale, respectively.
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Figure 1. Gradation of PU mixture.

The optimum ratio of PU to aggregate was 5.3%, and the PU binder was supplied by
Wanhua Chemical Group Co., Ltd. (Yantai, China). The PU binder would be solidified
under wet conditions.

The specimen fabricating and dynamic modulus test both followed the procedure and
requirements in the literature [55]. The fabricating of the specimens was as follows: the
aggregate, filler, and PU binder were mixed at room temperature, and the PU mixture was
kept at room temperature (below 30 °C) for 1.5 h before the compacting procedure. Then,
the PU mixture was compacted 100 times by the Superpave gyratory compactor (SGC)
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(Pine Test Equipment, Inc., Grove City, OH, USA), the dimensions of the specimen being
about 170 mm in height and 150 mm in diameter. After compaction, the specimens were
cured at 35 °C and 70% RH conditions for 5 days. After being cured, the specimens were
cored and sawn into dimensions of 150 mm in height and 100 mm in diameter as required
by AASHTO: TP-79 (2010).

The dynamic modulus test was performed on the Asphalt Mixture Performance Tester
(AMPT), the control mode was strain control, and the loading waveform was sinusoidal.
The strain of the specimens during the test procedure should be kept within 75-125 ue. The
test temperatures were set at 5, 15, 25, 35, 45, and 55 °C, and the loading frequencies were
set at 25,20, 10, 5,2, 1, 0.5, 0.2, and 0.1 Hz. The average dynamic modulus value of two
replicates was used for the construction of the master curve.

2.2. Methodology

The dynamic modulus, which is measured at multiple temperatures and frequencies
in the linear viscoelastic range, could be horizontally shifted to establish a single smooth
and continuous master curve at the arbitrary reference temperature. The master curve
which was constructed based on the theoretical base of TTSP was used to predict the
viscoelastic behavior and to analyze the dynamic mechanical properties of the asphalt
mixture at different loading frequencies and temperatures. 20 °C was adopted as the
reference temperature in this study.

2.2.1. Dynamic Modulus Fitting Model

The dynamic modulus master curve of asphalt mixture could be described by certain
mathematical models. In this paper, five models were adopted and shown as follows:

Model 1: Standard logistic sigmoidal model.

The Standard logistic Sigmoid model (SLS) [18] was introduced to (1) characterize
the linear viscoelastic behaviors of the asphalt mixture with varying temperature and
frequency; (2) fit the measured dynamic modulus, (3) construct the modulus master curve.
The SLS model is given by Equation (1).

o

log(E*) =0+ T

@
where E* is the dynamic modulus in MPa; f; is the load frequency at the reference tempera-
ture in Hz; J, «, B, and vy are the fitting parameters. 6 and J + « represent the minimum and
maximum value of E*; f and -y are the shape parameters of the model curve, which describes
the shape of the SLS model as depicted in Figure 2. Equation (1) is a standard log function
that provides a symmetrical shape to the evolution of dynamic modulus [9,29,48,56].
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Figure 2. Graphical interpretation of the SLS model.
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Model 2: Generalized logistic sigmoidal (GLS) model.

The SLS model presents a symmetrical shape and provides an excellent fit to symmetric
measured data, but it is unable to fit non—symmetric curves acceptably. Due to the random
heterogeneous characteristic of the asphalt mixture [25,57], the dynamic modulus results
tend to exhibit an asymmetric pattern in most cases. Therefore, the GLS model was
introduced by [58] to better characterize and fit the asymmetric development of dynamic
modulus data. It is the general form of sigmoidal function applicable to fit asymmetric
curves as can be seen in Equation (2).

DC/

[1 + A-eﬁ’ﬂ-lg(ﬂ)]%

Ig(E*) = ¢+ ()

where &', &/, B/, and 7/ are the fitting parameters; A is the additional fitting parameter
to take into account the asymmetric shape of the function; ¢’ and &' + &’ represent the
minimum and maximum value of E¥; f and 7 describe the shape of the GLS model as
depicted in Figure 3.
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Figure 3. Graphical interpretation of GLS model.

Model 3: Christensen Anderson and Marasteanu model (1999) (CAM).

The Christensen-Anderson-Marasteanu (CAM) model was originally developed by
Christensen (1998) [1] to describe the thermal rheological properties of the asphalt binder.
Equation (3) presents the original CAM model for dynamic modulus.

log(E*) = log(Eg) — %-log[l + (1010g<fr>*’0g<fc>)v] 3)

where Eg is the Glassy modulus of asphalt mixture ranging from 45 to 50 GPa; f; is the load
frequency at the reference temperature in Hz; while v, w, and ¢, are the fitting parameters.

It also should be mentioned that the CAM model (1999) [21,59] does not contain
the sigmoidal structure in its mathematical expression. Equations (1) and (3) present an
exponential-based function that provides a smooth “S”—shaped curve for data fitting. On
the other hand, the CAM model presents [21] a combination of logarithm and exponential
functions as can be seen in Equation (3) resulting in a deviation from an “S”-shaped pattern.
Therefore, the shape of both dynamic modulus master curves may be remarkably different
compared to those generated using Models 1 and 2.

Model 4: Modified CAM model.

Zeng and their co—authors introduced a modified version of the CAM model (Equa-
tion (4)) to better fit the dynamic modulus experimental data [60]. The modified CAM
model consists of a power-law function within which additional fitting parameters were
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introduced to generate master curves both for the asphalt binder and mixture. The master
curve could be drawn by model fitting according to Equation (4).

o

E'(fi) =6+ @

I+ (fe/ fr)7)
where § and J + « are the equilibrium and glassy dynamic moduli, which represent the
minimum and maximum modulus, respectively, estimated as regression; f- is the location
parameter with a dimension of frequency in Hz; while v and w are fitting parameters and
describe the shape of the model as shown in Figure 4.
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Figure 4. Graphical interpretation of modified CAM model.

It also should be mentioned that the CAM model (1999) [21,59] does not contain
the sigmoidal structure in its mathematical expression. Equations (1) and (2) present an
exponential-based function that provides a smooth “S”—shaped curve for data fitting. On
the other hand, the CAM model [21] presents a combination of logarithm and exponential
functions as can be seen in Equation (3) resulting in a deviation from an “S”-shaped pattern.
Therefore, the shape of dynamic modulus master curves may be remarkably different
compared to those generated using Models 1 and 2.

Model 5: Sigmoidal CAM Model (SCM model).

Given the mathematical limitations of the CAM models, a further modified version
of the latter [21] is introduced in this paper by combining the simplicity and reasonable
physical meaning (i.e., w means the velocity of phase angle and v represents the relaxation
spectrum) of the CAM model with the benefit of the sigmoidal function. The model is
named the Sigmoidal CAM Model (SCM) and can be described according to Equation (5).

1
log(E*) = log(Eg) + @.
0 (1 + ez~log(f,)+tc)

©)

1
v

where Eg¢, v, w, z, and {. are consistent with the parameters of Model 3 (CAM model).

The SCM shows a similar basic mathematical structure to the modified sigmoidal
function (see Equation (3)) while incorporating the conventional parameters of the original
CAM model: glassy modulus; Eg, in GPa; parameter v, related to shape, slope, and limit
value of the dynamic modulus; and parameters z, w, and ¢..

2.2.2. Shift Factor Equation

The dynamic modulus master curve construction requires that the data obtained at
different temperatures and frequencies be related to each other to form a unique curve
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of material stiffness. The shift factor is a function of temperature, which reflects the
translation of the modulus curve at each temperature to form the master curve. The shift
factor describes the temperature dependency of the dynamic modulus and the general
form is given in Equation (6). It can be used to shift the dynamic modulus at different
test temperatures to the reduced frequency of the master curve by applying the TTSP to
constructing the master curve model. The reduced frequency f, is the equivalent frequency
of the experimental temperature concerning the reference temperature. Moreover, the
reduced frequency can be obtained by Equation (6) once the shift factor is obtained.

fr=far (6)

log(fr) = log(f) + log(ar) ?)

where: log(f) is the frequency in experiment temperature; log(f;) is the reduced frequency
in reference temperature.

Five commonly used shift factor equations were adopted in this research: the log-linear
equation, polynomial equation, Arrhenius equation, WLF equation, and Kaelble equation.

Equation (1): Log-linear equation.

The log-linear equation is one of the most popular temperature—shifting methods for
asphalt mixtures. Christensen and Anderson [11] suggested that below 0 °C, log(c) varies
linearly with temperature for many binders, and this same relationship has been deemed
suitable for asphalt mixture at low to intermediate temperatures [61]. The log-linear
equation for calculating the shift factor is:

log(ar) =C-(T—T,) (8)

where o is the shift factor, T is the temperature, T, is the reference temperature, and C is
the constant which is determined by analysis of the measured data.
Equation (2): Polynomial equation.
The polynomial equation can fit the shift factors well over a wide range of temperatures
and is expressed as:
log(ar) = a-(T = T,) + b-(T — T,)? )

where 2 and b are regression parameters.
Equation (3): Arrhenius equation.
The Arrhenius equation for calculating the shift factor is presented in Equation (10):

log(ar) = 2t (ot 1
g\ar) = 19.147142 T 4+ 273.15 T, +273.15

(10)

where C is a constant. The Arrhenius equation has only one constant to be determined and
can describe the behavior of the material below T [62].

Equation (4): Williams-Landel-Ferry equation.

The Williams-Landel-Ferry (WLF) equation is widely used to describe the relation-
ship between shift factor and temperature above Ty and thereby assess the shift factor of
asphalt mixtures:

—-C1-(T-Ty)
oster) = & =)

where C; and C; are two regression parameters.

Equation (5): Kaelble equation.

The Kaelble equation is a modification of the WLF equation and can describe the
relationship between shift factor and temperature below T, as given in Equation (12).

(11)

—C(T—T,)

12
Co+|T— Ty (12)

log(ar) =

where C; and C; are two regression parameters.
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2.3. Goodness—of-Fit Statistics

The fundamental purpose of the regression—based model development process is to
minimize the sum of the error from the prediction by comparing the predicted results with
the measured results. The optimization process involves the determination of regression
parameters in such a way that the development equation provides the minimum sum of
the error, which is the difference between the predicted and measured results.

To construct the master curves deriving from the measured data, the nonlinear least—
squares regression analysis was integrated into Microsoft Excel (Microsoft office 2019)
Solver for the error-minimization process. The adjustment of the constants is carried out in
such a way that the dynamic modulus master curve overlaps as closely as possible with
the measured results.

To evaluate the divergence of fit between the five dynamic modulus models and
minimize the error between predicted and measured dynamic modulus, “goodness—of-
fit” is used in this study. Four different solver methods were applied to determine the
“goodness—of-fit” [33]: the first (1) used Se/Sy (the ratio of the standard error (Se) to the
standard deviation (Sy)) minimization, the second (2) used R? maximization, the third
(3) used the Sum of Square Error (SSE) minimization, and the fourth (4) used Error?
minimization.

The standard error of estimation and standard error of deviation is defined as
follows [63]:

Se = ¢ (11)~T2|fi—x,-|2 (13)

n—p

1 n
Sy = \/(n_l)Zlfi -5 (14)

where x; is the measured dynamic modulus in MPa, %; is the predicted dynamic modulus
in MPa, and ¥; is the mean value of the measured dynamic modulus in MPa.

The standard error ratio and coefficient of determination (R?) were used to evaluate
the goodness—of-fit between measured and predicted values. To compute the error, the R
of a given model can be obtained using Equation (15):

(n—p—-1)52

(n—1)-53

R? = (15)

where 7 is the sample size, and p is the number of parameters to be estimated.
The Sum of Square Error (SSE) between measured values after shifting as shown in
Equation (16) was used for the fitting procedure.

SSE = Z (‘E*|m€asur:d - |E*|p;edicted)2 )
(|E |measured)

where |E*[,,,.;q,req iS the experimental measured dynamic modulus in MPa, and |E*|,,,gicteq
is the predicted dynamic modulus predicted by different master curve models and shift
factor equations in MPa. The SSE parameter could represent the relative error between the
predicted and experimental measured dynamic modulus.

To define the optimal results of master curves, the coefficients of the models and shift
factor equations were fitted to minimize SSE.

A simultaneous minimization approach can be performed to fit the experimental
results as can be seen in Equation (17).

2
2
Error® = 2 “E*‘measured - |E*|predicted:| (17)

n
i=1
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log(E")

where the parameters of this equation are the same as mentioned above. The Error?
parameter reflects the absolute error between the predicted and experimental-measured
dynamic modulus.

3. Results
3.1. Analyzing Master Curve Scale Type

The relationship between the dynamic modulus and loading frequency could be plotted
in many scale types, e.g., logarithmic scale [64,65], arithmetic scale [66], and semi-logarithmic.

On the logarithmic scale, the loading frequency on the x—axis and the dynamic modu-
lus on the y-axis is in log form. On the arithmetic scale, the loading frequency on the x—axis
and the dynamic modulus on the y—axis are in natural numbers. On the semi-logarithmic,
one of the axes is in log form, the other axis is in natural numbers.

The SLS model was adopted as an example to compare the difference between different
scale types. The master curves fitted by the SLS model results which were plotted in
different scale types are shown in Figure 5.

50 35,000 ) .
Logarithmic scale Arithmetic scale
30,000 |
45p
25,000 |
40 % 20,000
il =
35 7 Arrhenius 15,000
“T ,_,"/’ // - = —Kaelble Arrhenius
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e ---- Polynpomial |} | log-linear
. ==~ WLF == Polynomial
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25 L L L L L L L L L L 1 1 1 1 1
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log(f) flHz
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(c) (d)

Figure 5. SLS model results at different scale types. (a) logarithmic scale; (b) arithmetic scale; (c) x axis
in logarithmic scale; (d) y axis in logarithmic scale.
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3.2. Analyzing the Influence of the Solver Method on the Fitting of the Dynamic Modulus

Master Curve

3.2.1. The SLS Model Fitting Results Analysis

The dynamic modulus master curve fitting results of the SLS model along with five
different shift factor equations and four solver methods are plotted in Figure 6. For further
comparison, the fitting results of five different shift factor equations under the same solver
method are shown in a single plot.
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45 |
40 |
*’\
%
=
3.5 |
Y Arrhenius
2 - — — Kaelble
sof2 s log-linear
/ 8
—-—- Polynomial
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log(f)
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45 |
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*'\
%
kS as Arrhenius
~T — — — Kaelble
S/ log-linear
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log(f)
(c)
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25 | I [N U ST N T ST T R |
-100 8 6 4 -2 0 2 4 6 8 10

log(f)
(d)

Figure 6. The master curve of SLS model fitting results with different shift factor equations. (a) Se/Sy

minimization; (b) R? maximization; (¢) SSE minimization; (d) Error? minimization.

3.2.2. The GLS Model Fitting Results Analyzing

Figure 7 shows the results of dynamic modulus master curve fitting using the GLS
model along with five different shift factor equations and four solver methods. For further
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comparison, the fitting results of five different shift factor equations under the same solver
method are shown in every single plot.
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Figure 7. The master curve of GLS model fitting results with different shift factor equations. (a) Se/Sy

minimization; (b) R? maximization; (c¢) SSE minimization; (d) Error? minimization.

3.2.3. The CAM Model Fitting Results Analysis

In Figure 8, the results of the CAM model’s dynamic modulus master curve fitting are
presented together with five shift factor equations utilizing four alternative solver methods.
Under the same solver method, the fitting results of five different shift factor equations
were plotted in a single plot to compare the effect of the solver method on different shift

factor equations.
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Figure 8. The master curve of CAM model fitting results with different shift factor equations.

(a) Se/Sy minimization; (b) R? maximization; (c) SSE minimization; (d) Error? minimization.

3.2.4. The Modified CAM Model Fitting Results Analysis

Figure 9 shows the results of dynamic modulus master curve fitting using the modified
CAM model along with four different solver methods and five distinct shift factor equations.
For analyzing the effect of the solver method on different shift factor equations, the fitting
results of different shift factor equations under the same solver method were plotted in a

single picture.
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Figure 9. The master curve of modified CAM model fitting results with different shift factor equations.

(a) Se/Sy minimization; (b) R? maximization; (¢) SSE minimization; (d) Error? minimization.

3.2.5. The SCM Model Fitting Results Analysis

The dynamic modulus master curve fitting results of the SCM model along with five
different shift factor equations under four solver methods were plotted in Figure 10. The
fitting results under each solver method were shown in a single picture for comparing the
effect of the solver method on different shift factor equations.
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Figure 10. The master curve of SCM model fitting results with different shift factor equations. (a) Se/Sy
minimization; (b) R> maximization; (c) SSE minimization; (d) Error? minimization.

3.3. Analyzing the Influence of Shift Factor Equation on the Fitting of Dynamic Modulus

Master Curve

3.3.1. The SLS Model Fitting Results Analysis

The measured and predicted dynamic moduli fitted by the SLS model for different shift
factor equations are compared in Figure 11. The linear fitting results of each shift factor
equation were also obtained. In Figure 11, the red squares represent the spot of the predicted
dynamic modulus by the SLS model corresponding to the measured dynamic modulus.
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Figure 11. Comparison of predicted and measured dynamic modulus for different shift factor equations.

(a) Log-linear equation; (b) Polynomial equation; (c) Arrhenius equation; (d) WLF equation; (e) Kaelble

equation; (f) shift factors at different temperatures.

3.3.2. The GLS Model Fitting Results Analysis

Figure 12 showed the measured dynamic modulus versus the predicted dynamic modu-
lus fitted by the GLS model for different shift factor equations. The line of equality (LOE) and
linear fitting method were combined to compare the prediction accuracy of different shift
factor equations. In Figure 12, the red squares represent the spot of the predicted dynamic
modulus by the GLS model corresponding to the measured dynamic modulus.
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Figure 12. Comparison of predicted and measured dynamic modulus for different shift factor equations.

(a) Log-linear equation; (b) Polynomial equation; (c) Arrhenius equation; (d) WLF equation; (e) Kaelble

equation; (f) shift factors at different temperatures.

3.3.3. The CAM Model Fitting Results Analysis

Figure 13 compares the measured and predicted dynamic modulus fitted by the CAM
model for different shift factor equations. For an accurate comparison, the LOT and linear
fitting methods were adopted to compare the predicted and measured data. In Figure 13,
the red squares represent the spot of the predicted dynamic modulus by the CAM model
corresponding to the measured dynamic modulus.
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Figure 13. Comparison of predicted and measured dynamic modulus for different shift factor equations.
(a) Log-linear equation; (b) Polynomial equation; (c) Arrhenius equation; (d) WLF equation; (e) Kaelble
equation; (f) shift factors at different temperatures.

3.3.4. The Modified CAM Model Fitting Results Analyzing

Figure 14 gives the comparison between the measured and predicted dynamic modu-
lus fitted by the modified CAM model for different shift factor equations. The LOE and
linear fitting methods were used to analyze the prediction accurately. In Figure 14, the red
squares represent the spot of the predicted dynamic modulus by the modified CAM model
corresponding to the measured dynamic modulus.
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Figure 14. Comparison of predicted and measured dynamic modulus for different shift factor
equations. (a) Polynomial equation; (b) Arrhenius equation; (c) WLF equation; (d) Kaelble equation;
(e) shift factors at different temperatures.

3.3.5. The SCM Model Fitting Results Analysis

The comparison of the measured dynamic modulus was plotted against the predict-ed
dynamic modulus fitted by the SCM model for different shift factor equations in Figure 15.
The prediction accuracy was evaluated by the LOE and linear fitting methods. In Figure 15,
the red squares represent the spot of the predicted dynamic modulus by the SCM model
corresponding to the measured dynamic modulus.
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Figure 15. Comparison of predicted and measured dynamic modulus for different shift factor equations.

(a) Log-linear equation; (b) Polynomial equation; (c) Arrhenius equation; (d) WLF equation; (e) Kaelble

equation; (f) shift factors at different temperatures.
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3.4. Comparing Master Curves with Recommended Models and Shift Factor Equations
3.4.1. Comparing the WLF Shift Factor Equation Fitting Results

In this section, the predicted dynamic modulus of different master curve models
with the WLF shift factor equation is compared with the measured dynamic modulus in
Figure 16. The prediction statistics results are organized in Table 1. According to the results
of the analysis, the models with the highest prediction accuracy are recommended.
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Figure 16. Comparison of predicted and measured dynamic modulus with different master curve
models (WLF shift factor equation).

Table 1. The linear fitting results of different master curve models with the WLF shift factor equation.

Model Fitting Equation R? SSR
SLS Y =1.22209 x X — 0.89234 0.97731 0.02109
GLS Y =0.99342 x X + 0.02578 0.99099 0.00546
CAM Y =0.99358 x X + 0.02529 0.98791 0.00735
Modified CAM Y =0.97923 x X + 0.08122 0.9821 0.01063
SCM Y =0.99285 x X + 0.02817 0.99103 0.00543

3.4.2. Comparing the Kaelble Shift Factor Equation Fitting Results

In this section, the predicted dynamic modulus of different master curve models with
the Kaelble shift factor equation is compared with the measured dynamic modulus in
Figure 17. The prediction statistics results are organized in Table 2. The models which had
the highest prediction accuracy are recommended in the following section.
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Figure 17. Comparison of predicted and measured dynamic modulus with different master curve

models (Kaelble shift factor equation).
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Table 2. The linear fitting results of different master curve models with the Kaelble shift factor equation.

Model Fitting Equation R? SSR
SLS Y =0.99894 x X + 0.00113 0.98073 0.01193
GLS Y =0.98504 x X + 0.05867 0.98511 0.00892
CAM Y =0.98472 x X + 0.05988 0.98347 0.00992
Modified CAM Y =0.98568 x X + 0.05642 0.98459 0.00925
SCM Y =0.98597 x X + 0.055 0.98534 0.0088

3.5. Comparing the Master Curves under Different Models

The master curves for different models with the WLF shift factor equation at the
reference of 20 °C were plotted in Figure 18.
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Figure 18. Master curve models of different models with WLF shift factor equation.

4. Discussion
4.1. Analyzing Master Curve Scale Type

From Figure 5b—d, it can be observed from the plots that the lines under different shift
factor equations at low frequencies were close and difficult to distinguish when the loading
frequency (f in Hz) and the dynamic modulus (E* in MPa) were in arithmetical scale, or the
dynamic modulus was in logarithmic scale and the loading frequency was in arithmetic
scale. Hence, it was not suitable to compare the difference between different shift factor
equations using these two scale types.

From Figure 5d, it can be noted that the lines under various shift factor equations at
low frequency were closer than those at high frequency and closer than those in Figure 5a.
Therefore, the log-log plots of dynamic modulus and loading frequency were adopted
in this paper to illustrate the difference in dynamic modulus at lower frequencies and
higher temperatures.

4.2. Analyzing the Influence of the Solver Method on the Fitting of the Dynamic Modulus
Master Curve

4.2.1. The SLS Model Fitting Results Analysis

Observing the master curves plotted in Figure 6 indicated that there was scattering
and variability in the master curves fitted by different solver methods. The scatter is
minimal at a relatively intermediate frequency range. The master curve fitted by the SLS
model combined with different shift factor equations and solver methods was similar at
the intermediate frequency range (10~3-10° Hz), which was smaller than that of asphalt



Coatings 2023, 13, 835

22 of 31

mixtures [2]. When the loading frequency is higher than 10 Hz or lower than 102 Hz, the
master curves exhibit some differences.

Based on the R?> maximization solver method, the master curve of the Polynomial
shift factor equation was different from others. For the Error? minimization solver method,
the master curve of the log-linear shift factor equation was significantly higher than the
others. Comparing the fitting results of four parameters (i.e., R?, Se/ Sy, Error?, SSE values)
calculated by four different solver methods, the fitting results calculated by the SSE and
Se/Sy minimization solver methods were more accurate than the other two solver methods,
i.e., the Se/Sy values calculated by the SSE and Se/Sy minimization solver methods
were smaller than that of the R> maximization and Error? minimization solver methods.
Therefore, the SSE and Se/Sy minimization solver methods are recommended for the SLS
model for dynamic modulus master curve fitting.

4.2.2. The GLS Model Fitting Results Analysis

From Figure 7, the difference of dynamic modulus master curves fitted by various
shift factor equations is not distinct at the intermediate frequency range. For the GLS
model, when the R? maximization solver method was used, the master curve of the Kaelble
shift factor equation differed from those fitted by the other three solver methods. It was
difficult to use the shapes of master curves to distinguish the effect of solver methods.
The fitting results (values of R2,Se/ Sy, Error?, SSE) of the R? maximization solver method
were relatively weaker than the other solver methods, i.e., the Se/Sy and Error? values
of the R? maximization solver method were bigger than that of the other three methods.
Therefore, the Se/Sy, SSE, and Error? solver methods are recommended for the GLS model
for dynamic modulus master curve fitting.

4.2.3. The CAM Model Fitting Results Analysis

For the CAM model in Figure 8, when the R? maximization solver method was applied,
the master curve of different shift factor equations had higher discreteness than the other
solver methods. For the Error? minimization solver method, the master curve of the WLF
shift factor equation was higher than the others. The master curves fitted by Se/Sy and SSE
minimization solver methods were similar. At the same time, the fitting results (values of
R2, Se/ Sy, Error?, SSE) of the R? maximization and Error? minimization solver methods
were not as good as the other two solver methods, i.e., the Se/Sy and Error? values of the
R? maximization and Error? minimization solver methods were bigger than those of the
other two solver methods. Therefore, the Se/Sy and SSE solver methods are recommended
for the CAM model for dynamic modulus master curve fitting.

4.2.4. The Modified CAM Model Fitting Results Analysis

As shown in Figure 9, when the R? maximization, Error?, and Sy /Sy minimization
solver methods were used for the modified CAM model, the master curve of different shift
factor equations had higher discreteness than the SSE minimization solver method. The
parameters fitted by four different solver methods would also prove the results above,
e.g., the R? value of the SSE minimization solver method was bigger than the other three
solver methods and the Sy /Sy value of the SSE minimization solver method was smaller
than the other three solver methods. Therefore, the SSE minimization solver method is
recommended for the modified CAM model for dynamic modulus master curve fitting.

4.2.5. The SCM Model Fitting Results Analyzing

When the R? maximization and Error? minimization solver methods were utilized,
the master curve of different shift factor equations had higher discreteness than the other
solver methods for the SCM model in Figure 10. These results could also be proven by
the parameter values (i.e., R?, Se/ Sy, Error?, SSE values); the Se/Sy and SSE values of
the SSE and Se/Sy minimization solver methods were smaller than that of the other two
solver methods. Therefore, the SSE and Se/Sy minimization solver methods are recom-
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mended for the SCM model for dynamic modulus master curve fitting by graphical and
statistical comparison.

Based on the graphical comparison and statistical analysis of the fitting results of
four solver methods under different master curve models and shift factor equations, the
recommended solver method is that the SSE minimization (<0.02) should be used as the
solver method, the solver methods of Se/Sy (<0.02) and Error? (<0.02) minimization, and
R? maximization (>0.99) could be used as the added bounds. This combination would
produce the optimum master curve fitting results for all master curve models.

4.3. Analyzing the Influence of Shift Factor Equation on the Fitting of Dynamic Modulus
Master Curve

4.3.1. The SLS Model Fitting Results Analysis

The line of equality methods and trend line statistics, i.e., trend line R? and trend line
slope, were employed to statistically evaluate the accuracy of the model in determining
predicted results from measured results. The trend line slope values higher than one and
lower than one represent over—estimation and underestimation of the dynamic modulus.

An indicator of the overall bias of a prediction model is how closely its unconstrained
linear trend line matches the line of equality (LOE). The prediction is more precise the closer
the data point is to the LOE. In other words, it indicates how the unconstrained intercept
and slope are quite close to 0 and 1, respectively. The bias will be lower [62,66,67] the
closer the intercept is to zero and the slope is to unity. The slope of the linear relationship
between predicted and measured results with the intercept set close to zero was used to
evaluate the deviation of the model’s predictions from the measured values. The R? value
of the linear relationships provides information about the variability of the predicted results
explained by each model, and it can be used to indicate the overall accuracy of the model.
The degree of correlation between predicted and measured results increased as the R? value
approached 1.

According to Figure 11, the SLS model with different shift factor equations gener-
ally produced prediction results that were close to the measured results, and a relatively
good correlation was discovered between measured and predicted results. However,
the prediction accuracy varied with shift factor equations. It showed that based on the
trend line R? values, the fitting accuracy of different shift factor equations was ranked as
Polynomial < log-linear < Arrhenius < WLF < Kaelble and the trend line R? values in-
creased from 0.96027 to 0.98073. The Kaelble shift factor equation had the strongest R?
value and showed the best goodness—of—fit statistics for the SLS model, which was able to
predict the dynamic modulus that was more accurately matched with the measured values.
This result may be explained by the equation form of the Kaelble shift factor equation,
which had two regression parameters and the most complicated equation form. The data
generated by the Kaelble shift factor equation were generally distributed along the line of
equality (LOE), which also confirmed the conclusion. The trend line slope of the Kaelble shift
factor equation was closer to one than the other shift factor equations, and all the trend line
slopes of different shift factor equations were somewhat smaller than one, indicating that the
SLS model with different shift factor equations would underestimate the measured dynamic
modulus.

The shift factors for different shift factor equations at different temperatures are
presented in Figure 11f. It was observed from the plot that the shift factors changed slightly
at high or low temperatures, and the shift factor equations had relatively little influence on
the shift factor values.

Statistical analysis was performed to examine the accuracy of the predicted dynamic
modulus predicted by different master curve models and shift factor equations. The Pearson
linear correlation analysis was introduced for comparing the correlation between the
measured and predicted dynamic modulus. If the p-value is less than 0.01 (i.e., significance
level), the two compared groups are statistically equivalent; otherwise, they can be assumed
to be statistically different. According to the relevant research results, the smaller the p-value,
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the better the fitting effect and the more credible the regression equation. When p-value < 0.01,
there is a very significant correlation between predicted and measured results. According to
the SPSS analysis, the p-values of all five shift factor equations were all smaller than 0.01.
Hence, there is a statistically acceptable correlation between the measured and predicted
dynamic modulus at a 99% significance level. The Kaelble shift factor equation had the
highest Pearson correlation index.

According to the statistical and graphical analysis, the Kaelble shift factor equation for
the SLS model was able to predict the dynamic modulus most accurately with the highest
trend line R? value and Pearson correlation index.

4.3.2. The GLS Model Fitting Results Analysis

The spots fitted by the log-linear shift factor equation were away from the LOE, so
the log-linear shift factor equation was not suitable for the GLS model. Excluding the
log-linear shift factor equation, it was found that the fitting accuracy of different shift factor
equations was ranked as Arrhenius < Kaelble < Polynomial < WLF based on the trend line
R? values, and the trend line R? values increased from 0.97795 to 0.99099. According to
the goodness—offit ranking criteria, the fitting results of R? values showed that all four
equations considered fit the data satisfactorily. For the GLS model, the WLF shift factor
equation showed the best agreement between predicted and measured results and was able
to predict dynamic modulus more precisely. The data spots generated by the WLF shift
factor equation were clustered tightly along the LOE as shown in Figure 12d. The WLF
shift factor equation displayed a slope close to 1 (0.99342) as compared to the other shift
factor equations, and all the trend line slopes of different shift factor equations were slightly
smaller than 1, which means that the GLS model with different shift factor equations would
underestimate the measured dynamic modulus. It could be found from Figure 12f that the
shift factors for different shift equations at different temperatures exhibited a pattern of
regularity similar to that of the SLS model. For the GLS model, the shift factor equations
had an insignificant influence on the shift factor values.

According to the Pearson linear correlation analysis, the p-values of all four shift
factor equations (except the log-linear shift factor equation) were all smaller than 0.01.
Therefore, there was a statically good correlation between the measured and predicted
dynamic modulus at a 99 % significance level. The WLF shift factor equation had the
highest Pearson correlation index. Therefore, according to the statistical and graphical
analysis of the comparing results of the GLS model with different shift factor equations,
the WLF shift factor equation for the GLS model was able to predict the dynamic modulus
most accurately with the highest trend line R? value and Pearson correlation index.

4.3.3. The CAM Model Fitting Results Analysis

As observed in Figure 13, the trend line R? values of different shift factor equations
increased from 0.96976 to 0.98791, and the fitting accuracy for all shift factor equations
was ranked as log-linear < Arrhenius < Kaelble < Polynomial < WLF based on the trend
line R? values. The WLF shift factor equation had the strongest R? value for the CAM
model, indicating a high—level explanation for the variability among measured dynamic
modulus. The scatter among the data generated by the WLF shift factor equation was less
insignificant than that produced by the other equations. The trend line slope of the WLF
shift factor equation was closer to one than that of the other shift factor equations, and
all the trend line slopes of different shift factor equations were slightly smaller than one,
which means that the CAM model with all shift factor equations would underestimate
the measured dynamic modulus. The shift factors for different shift factor equations at
different temperatures are represented in Figure 13f. It was observed from the plot that the
shift factors exhibited higher variation at high or low temperatures and less variation at
intermediate temperatures. Therefore, the shift factor equations were able to influence the
shift factor values more significantly at high or low temperatures.
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Based on the Pearson linear correlation analysis results, the p-values of each of the
five shift factor equations were all smaller than 0.01. Therefore, there was a statically good
correlation between measured and predicted dynamic modulus at a 99% significance level.
The WLF shift factor equation had the highest correlation index. Therefore, according to the
statistical and graphical analysis of the comparing results of the CAM model with different
shift factor equations, the WLF shift factor equation for the CAM model was able to predict
the dynamic modulus most accurately with the highest trend line R? value and Pearson
correlation index.

4.3.4. The Modified CAM Model Fitting Results Analysis

When the log-linear shift factor equation was used in the modified CAM model,
there were no appropriate fitting results. From Figure 14, the fitting accuracy of different
shift factor equations for the modified CAM model was ranked as Arrhenius < WLF
< Polynomial < Kaelble based on the trend line R? values. The trend line R? values
increased from 0.97793 to 0.98459. The Kaelble shift factor equation demonstrated the best
goodness—of-fit statistics for the modified CAM model and was able to predict dynamic
modulus more accurately in comparison to the measured values. The data spots generated
by the Kaelble shift factor equation were generally distributed along the LOE. All the trend
line slopes of different shift factor equations were slightly smaller than one, and the Kaelble
shift factor equation’s slope was closer to one than those of the other shift factor equations.
This indicated that the modified CAM model with different shift factor equations would
underestimate the measured dynamic modulus. From Figure 14e, the shift factors at various
temperatures showed very little variation, therefore, the shift factor equations had little
effect on the shift factor values for the modified CAM model.

According to the Pearson linear correlation analysis, the p-values of the four shift factor
equations were all smaller than 0.01. Therefore, there was a statistically good correlation
between the measured and predicted dynamic modulus at a 99% significance level. The
Kaelble shift factor equation had the highest correlation index. Therefore, according to
the statistical and graphical analysis of the comparing results of the modified CAM model
with different shift factor equations, the Kaelble shift factor equation for the modified CAM
model was able to predict the dynamic modulus most accurately with the highest trend
line R? value and Pearson correlation index.

4.3.5. The SCM Model Fitting Results Analyzing

From Figure 15, it can be seen that the fitting accuracy of different shift factor equations
was ranked as log-linear < Arrhenius < Kaelble < Polynomial < WLF based on the trend
line R? values. The prediction R? values dramatically improved from 0.96752 to 0.99103. For
the SCM model, the WLF shift factor equation showed the best goodness—of-fit statistics
and was able to predict dynamic modulus more accurately. The WLF shift factor equation
demonstrated the best goodness—of-fit. The data spots generated by the WLF shift factor
equation were well linearly distributed along the LOE. Compared to the other shift factor
equations, the trend line slope of the WLF shift factor equation was closer to one and
showed improved accuracy. All the trend-line slopes of different shift factor equations
were slightly smaller than one, demonstrating that the measured dynamic modulus would
be underestimated by the SCM model with shift factor equations. The shift factors for
different shift equations at different temperatures showed a pattern of regularity resembling
that of the SLS model. The same conclusion could be drawn that the shift factor equations
had little influence on the shift factor values for the SCM model.

The p-values of all five shift factor equations were all smaller than 0.01 according to the
Pearson linear correlation analysis. Hence, there was a statically good correlation between
measured and predicted dynamic modulus at a 99% significance level. The WLF shift
factor equation had the highest correlation index. Therefore, according to the statistical
and graphical analysis of the comparing results of the SCM model with different shift
factor equations, the WLF shift factor equation for the SCM model was able to predict
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the dynamic modulus most accurately with the highest trend line R? value and Pearson
correlation index.

Based on the statistical and graphical analysis above, the WLF and Kaelble shift factor
equation, which indicated excellent goodness—-of-fit and had a greater degree of freedom,
are recommended for shifting the dynamic modulus at different test temperatures and
obtaining the dynamic modulus master curves. This finding was consistent with the
conclusion in reference [29] and different from the conclusion in reference [33]. The trend
line, LOE, and Pearson linear correlation analysis proved to be effective ways to analyze
the fitting results of different master curve models with different shift factor equations.

4.4. Comparing Master Curves with Recommended Models and Shift Factor Equations
4.4.1. Comparing the WLF Shift Factor Equation Fitting Results

It was discovered from Figure 16 and Table 1 that the spots predicted by the SLS model
were located away from the LOE, and the trend line R? value of the SLS model linear fitting
was the smallest, the slope was much larger than 1. The GLS and SCM model had almost
identical fitting results, e.g., the trend line R? values were 0.99099 and 0.99103, and the SSR
values were 0.00546 and 0.00543 respectively. At the same time, the slopes were 0.99342
and 0.99285. Therefore, the GLS and SCM models had better goodness—of-fit than the other
models, and so the GLS and SCM models can characterize the asymmetry of the dynamic
modulus master curve. This finding was in line with the literature [29,68].

The R? values of models used for PU mixtures were much higher than that for asphalt
mixtures, for example, in reference [69], the R2 values ranged from 0.851 to 0.858 for SLS,
GLS, and SCM models. Therefore, the SLS model exhibited the worst-fit statistic, and
the dynamic modulus values predicted by the GLS and SCM models appeared to fit the
measured data better than the ones predicted by the other models.

4.42. Comparing the Kaelble Shift Factor Equation Fitting Results

It was observed from Figure 17 and Table 2 that the spots predicted by the SLS and
SCM models were distant from the LOE. The R? value and slope of different model linear
fittings were close, the trend line R? values of all models were all slightly higher than 0.98,
and the SLS model had the smallest trend line R? value and the highest SSR value. The
slope of the SLS model was closer to 1; at the same time, the slopes of the other models
were similar and slightly smaller than that of the SLS model. As a result, different master
curve models exhibited similar fitting results, and the fitting results had a slight difference,
and the fitting results, e.g., trend line R? value and trend line slopes, were smaller than
those of the WLF shift factor equation.

According to the statistical and graphical analysis of the comparing results, the WLF
shift factor equation in conjunction with the GLS and SCM models showed the best accuracy
of prediction for the dynamic modulus of PU mixtures. The fact that the GLS and SCM
models have more parameter freedoms than the other models may help to explain this.

4.5. Comparing the Master Curves under Different Models

Based on visual inspection of the plots, it can also be learned from Figure 18 that the
CAM and modified CAM models were found to have greater dynamic modulus values than
the SLS, GLS, and SCM models at a high and low frequency based on visual examination
of the plots. The master curve of the SCM model was lower than the master curves of
the SLS and GLS models at a lower loading frequency (10~ Hz), the SLS and GLS model
were in good agreement. This phenomenon could be explained by the fact that the loading
frequency range in the dynamic modulus test was narrower (only from 25 Hz to 0.1 Hz, or
1.398 to —1 in log form) compared with the frequency of the master curve. Therefore, it
was difficult to tell the difference between the master curves of the SLS and GLS models
during the loading frequency range. The shape of the SLS model was similar to the results
of the dense PU mixture in [54].
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The dynamic modulus master curve of the PU mixture did not follow the traditional
smooth “S” shape commonly reported in [70] and did not flatten out at higher or lower
frequency as much as the master curve of asphalt mixture fitted by the SLS, GLS, and
SCM models [32,71]. The “S” shape of the asphalt mixture dynamic modulus master curve
could reflect the mechanical properties of the full loading frequency range. For the asphalt
mixture, the dynamic modulus would tend to be limited when the loading frequency is
low enough or high enough [72,73], and this feature is very important for the viscoelastic
property of the asphalt mixture. The “S” shape of the asphalt mixture dynamic modulus
master curve means that the asphalt mixture would exhibit elastic properties at higher
frequency (or low temperature) but exhibit viscous properties at a lower frequency (or
high temperature). The dynamic modulus of the PU mixture did not present the ultimate
dynamic modulus at high or low loading frequency; this phenomenon was not consistent
with the findings in the literature [32]. All five models in the literature [32] reached a low—
temperature threshold for the dynamic modulus of the asphalt mixture when considering
the asymptotic limits.

The ultimate dynamic modulus of the asphalt mixture is only related to the mixture
gradation, which depends on the volume characteristic [42,74]. It is important to research
both the ultimate dynamic modulus and the critical factors which could determine the
ultimate dynamic modulus. Asphalt is considered the source of the viscoelasticity of the
asphalt mixture [75]. Therefore, the dynamic modulus is the intrinsic material property of
the PU mixture [54], and the viscoelastic property of the PU mixture is different from that
of the asphalt mixture.

5. Conclusions

This paper focused on the dynamic modulus master curve of a PU mixture with
dense gradation. To fit the dynamic modulus master curve, five master curve models
including the SLS, GLS, CAM, modified CAM, and SCM models and five shift factors
i.e., the log-linear, Arrhenius, Kaelble, Polynomial, and WLF equations were combined.
The parameters of the master curve and shift factor equations were obtained through
the regression process by using four kinds of error minimization methods, i.e., the solver
method. The effect of various models, shift factors, and solver method combinations on
the goodness—of—fit statistics was examined and compared in this study. According to the
discussion, the following recommendations for the model, shift factor, and solver method
combination with the best prediction accuracy of dynamic modulus were made:

(1) By comparing the log-log plot, arithmetic plot, and semi-log plot results, it was
found that the log-log plot clearly showed the difference between different dynamic
modulus curves at low and high loading frequencies. It is recommended for fitting the
dynamic modulus master curve and the analysis of the dynamic modulus of the PU mixture.

(2) Different solver methods generate different master curves; by comparing fitting
results (i.e, R?,Se/ Sy, Error?, and SSE values) of the master curves constructed by different
shift factor equations under different solver methods, the SSE and Se/Sy minimization
solver methods are suggested for the SLS, CAM, and SCM model; the Se/Sy, SSE, and
Error? minimization solver methods are proposed for the GLS model; the SSE minimization
solver methods are recommended for the modified CAM model.

(3) The SSE minimization solver method is recommended as the solver method, which
could be set as <0.02; the Se/Sy minimization (<0.02) and Error? minimization (<0.02),
and R? maximization (>0.99) were used as the added bound. This proved to be the most
accurate solver method for the dynamic modulus master curve fitting.

(4) The accuracy between the measured results and the predicted results that were
regressed by the SSE minimization solver method could be statistically analyzed using the
line of equality methods and trend line statistics.

(5) For five master curve models, the p-value of the Pearson linear correlation analysis
proved that the measured results had a significant correlation with the predicted results for
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five shift factor equations. However, the log-linear shift factor equation failed to provide
satisfactory fitting results in the GLS and modified CAM models.

(6) For the SLS and modified CAM models, the trend line R? values increased from
0.96027 to 0.98073, from 0.96752 to 0.99103, respectively; the Kaelble shift factor equation
had the strongest trend line R? values, and its trend line slope was closer to 1.

(7) For the GLS, CAM, and SCM models, the trend line R? values increased from
0.97795 to 0.99099, from 0.96976 to 0.98791, and from 0.96752 to 0.99103, respectively. The
WLF shift factor equation had the highest trend line R? values, and its trend line slope was
closer to 1.

(8) The GLS and SCM models combined with the WLF shift factor equation showed
the greatest predictive accuracy for PU mixture dynamic modulus.

(9) The shape of the dynamic modulus master curve of the PU mixture did not follow
the traditional smooth “S” shape as shown in the asphalt mixture; the master curve of
the PU mixture did not flatten out at high or low frequency. The viscoelasticity of the PU
mixture is different from that of the asphalt mixture.

The study determined the best axis plot form, solver method, shift factor equation,
and master curve model for the dynamic modulus master curve of the PU mixture, and
the dynamic modulus master curves of the PU mixture were constructed and compared
with that of the asphalt mixture. It has been established that the viscoelasticity of the
PU mixture was proved to be different from the asphalt mixture. This paper provides
fundamental study and information about the dynamic modulus master curve and the
viscoelastic property of the PU mixture. The results of this study supply information for the
dynamic modulus of the PU mixture when the pavement structure consists of PU mixture
layers and could help to ascertain the optimum pavement layer thickness which could
resist permanent deformation at higher temperatures. This study also makes it possible
to design a pavement structure with the parameters at a higher temperature instead of
parameters at 15 °C which is used in the current pavement structure design procedure; this
change could improve the accuracy of pavement structure design. There were no studies
into the suitable dynamic modulus master curve mathematical equation for the PU mixture;
the innovation of this paper was to determine the suitable master curve models for the PU
mixture and partially fill the gap in the dynamic mechanical study of the PU mixture.

This paper only studied and compared the dynamic modulus of the PU mixture with
dense gradation; the factors that may influence the dynamic modulus of the PU mixture,
e.g., aggregate gradation, aggregate type, and PU content, need to be studied and analyzed
in future research. In addition, it is important to study the ultimate dynamic modulus of
the PU mixture which is related to the viscoelasticity of the PU mixture. In this paper, only
five traditional mathematical equations introduced from the asphalt mixture master curve
construction were compared and analyzed for the applicability of the equations for the
dynamic modulus master curve of the PU mixture. This is only the first step in analyzing
the dynamic modulus master curve of the PU mixture. The study of the dynamic modulus
of the PU mixture is a complicated systematic work, and the next stop should be to use the
neural network methods to develop new mathematical equations which are more suitable
for the dynamic modulus master curve of the PU mixture.
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