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Abstract: A two-layer implicit difference scheme is employed in the present study to determine the temperature distribution in an asphalt pavement. The calculation of each layer only needs four iterations to achieve convergence. Furthermore, in order to improve the calculation accuracy a swarm intelligence optimization algorithm is also exploited to inversely analyze the laws by which the thermal physical parameters of the asphalt pavement materials change with temperature. Using the basic cuckoo and the gray wolf algorithms, an adaptive hybrid optimization algorithm is obtained and used to determine the relationship between the thermal diffusivity of two types of asphalt pavement materials and the temperature. As shown by the results, the prediction accuracy achievable with this approach is higher than that of the linear model.
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1  Introduction

As two important factors to be considered in the design of asphalt pavement structure, high temperature stability [1–3] and low temperature crack resistance [4,5] are closely related to the temperature of asphalt pavement [6–8]. It is very important to study the distribution characteristics and change rules of the asphalt pavement temperature field. Road designers can determine the high-temperature stability performance and low-temperature crack resistance performance requirements of asphalt pavement according to different environmental parameters, make the selected pavement materials and structural parameters meet the design requirements. Moreover, Researchers can more easily analyze the mechanism of pavement diseases [9–11], and predict the temperature field of pavement structure according to the change of environmental conditions [12]. These are helpful in predicting the possible quality problems and diseases of the road structure and provide reference for the daily maintenance and quality safety assessment of the road.

Christison et al. [13] conducted continuous temperature monitoring on four different types of asphalt pavements in western Canada. The authors elaborated a linear relational expression between temperature parameters and air temperature-related parameters for structures at different depths through regression analysis. Moreover, they developed a computer program for predicting the pavement temperature field via the finite difference method. The predicted pavement temperature demonstrated a good correlation with the actual value. To accurately calculate the viscoelastic response of asphalt concrete pavement under the action of traffic load and thermal load, Mohammad et al. [14] proposed a fully implicit prediction method for pavement temperature field based on the finite control volume method and achieved an accurate prediction of pavement temperatures. Chandrappa et al. [15] elaborated a pavement temperature model based on meteorological factors and verified the rationality of the model according to the Long-Term Pavement Performance (LTPP) climate database of the US. The elaborated model can estimate the heat fluxes of different pavement materials and structures. Thus, in the design process, selecting the appropriate pavement type can mitigate the urban heat island effect. Qin [16] also proposed a theoretical prediction model for pavement temperature involving many key pavement parameters. The study indicates that increasing the radiant reflectance of the pavement may reduce the pavement temperature more effectively than increasing the thermal inertia of the pavement. This has practical significance for the development of cold pavement. Wang [17] proposed an infinite series method based on measured pavement temperature data to predict the temperature distribution inside the pavement surface that changes with time. The author fitted the pavement temperature by an interpolation trigonometric polynomial function, while the eigenfunction expansion method was used to derive the analytical solution of infinite series. The results showed that the method could accurately and quickly predict the transient temperature distribution of the pavement surface within a short time. Xu et al. [18] proposed a winter pavement temperature field prediction model by combining dynamic and static predictions and introducing an improved BP neural network. The results indicate that the model can accurately predict the pavement temperature for the next three hours. Liu et al. [19] analyzed the correlation between pavement temperature and various meteorological parameters based on the pavement temperature, air temperature, air humidity, wind speed, and rainfall data on the section from Dianjiang to Wanzhou on the G42 Shanghai-Chengdu Expressway. The authors elaborated a pavement temperature prediction model based on neural networks and compared it with the measured data. The comparison results showed that the serial correlation coefficient between the predicted value and the measured value for the elaborated model in a single year was higher than 0.89, and the effect was ideal. The pavement temperature prediction error in the summer was the highest, while the pavement temperature prediction error in the winter was the lowest.

Current research on the temperature field of asphalt pavement is mainly based on the statistical analysis method. Hence, a nonlinear problem caused by the thermal diffusivity of the asphalt pavement material is not taken into account. In this paper, equation dispersing is conducted based on the finite difference method on the ill-posed inverse problem of heat conduction of asphalt pavement structure to reduce the ill-posed factors. Furthermore, the improved global search algorithm is used to perform a nonlinear numerical inversion on the thermal diffusivity of asphalt pavement material. The inversion results are applied to the numerical prediction of the temperature field of high-temperature asphalt pavement, thereby obtaining a relatively good prediction effect.

2  Methods

2.1 Positive Calculation of Pavement Temperature Field

With the development of computer technology, numerical methods have been capable of meeting the required accuracy in most engineering. As such, these methods can be used to solve the nonlinear temperature field of asphalt pavement with consideration of the thermal behavior of pavement material that changes with temperature. The temperature field of asphalt pavement structure in normal use can be considered a one-dimensional nonlinear temperature field without an internal heat source. In this case, the differential equation for the pavement heat conduction is simplified to [20,21].


α(T)∂2T(z,t)∂z2=∂T(z,t)∂t,
(1)

where T and t denote the pavement temperature and time, respectively, 
α(T)
denotes the thermal diffusivity, 
T(z,t)
denotes temperature with time t from the road surface depth z. When considering that the thermophysical properties of pavement materials change with temperature, the value for 
α(T)
in Eq. (1) will change with pavement temperature. In this case, Eq. (1) becomes a second-order homogeneous nonlinear partial differential equation, which is solved in this paper by the finite difference method [22]. The grid lines decompose the definite solution area into discrete point sets.

Using the classical explicit scheme to obtain a stable numerical solution of the temperature field of asphalt pavement will greatly restrict the grid division. If time step 
τ
is reduced in the research process to satisfy the stability conditions, higher requirements on the collection frequency and endurance of the pavement temperature field monitoring equipment will be made. With an increase in the space step 
h
, the accuracy of the numerical results of the pavement temperature field will be decreased. Therefore, although the classical explicit scheme is relatively simple to calculate and easy to program, it is still characterized by some inconveniences.

Contrary to the explicit difference scheme, the implicit difference scheme does not have high stability requirements. Thus, it can lower the restriction on the step ratio 
r
in grid dividing.

The one-dimensional partial differential equation for the heat conduction of asphalt pavement [22]:


Tm,n+1−Tm,nτ−α[θTm+1,n+1−2Tm,n+1+Tm−1,n+1h2+(1−θ)Tm+1,n−2Tm,n+Tm−1,nh2]=0.
(2)

The truncation error can be obtained by performing Taylor series expansion on Eq. (2):


E=α[aτ(12−θ)−h212]∂4Tm,n∂z4+O(τ2)+O(τh2)+O(h4).
(3)

To reduce the truncation error, the first term on the right-hand side of Eq. (3) is preferably taken as zero:


α[aτ(12−θ)−h212]∂4Tm,n∂z4=0,
(4)


θ=12−h212ατ.
(5)

In this case, the truncation error of Eq. (2) is 
O(τ2 + h4)
and its order has been substantially improved. This scheme is called the Douglas format. To ensure that Eq. (2) satisfies the stability condition, only the following inequality needs to be satisfied:


ατ≥16.
(6)

This can be achieved by increasing the time step or reducing the space step. According to the previous stability analysis of the classical explicit scheme, inequality defined by Eq. (6) can be satisfied in the numerical calculation process of the temperature field of asphalt pavement.

For the double-layer asphalt pavement structure, the partial differential equation for the pavement heat conduction will change the thermal diffusivity at the junction of the water-stable base layer and the surface layer. The value of the connected node between two structural layers can be determined according to the values of adjacent nodes with different depths. Common processing methods include the arithmetic mean method and the harmonic mean method. The latter is more in line with the actual situation in extreme case analysis. Moreover, it is more suitable for the stepwise change of thermal diffusivity at the juncture of the pavement structure layers. Therefore, the harmonic mean method is used in this paper to determine the thermal diffusivity at the juncture of two structure layers:


am=2am+1am−1am+1+am−1.
(7)

If thermal diffusivity of pavement material is considered as a function 
α(T)
that changes with temperature, the heat conduction equation becomes a nonlinear partial differential equation. In this case, the Douglas difference scheme can be expressed in the following form [22]:


112Tm+1,n+1−Tm+1,nτ+56Tm,n+1−Tm,nτ+112Tm−1,n+1−Tm−1,nτ=12h2[α(Tm+12,n+1)(Tm+1,n+1−Tm,n+1)−α(Tm−12,n+1)(Tm,n+1−Tm−1,n+1)+α(Tm+12,n)(Tm+1,n−Tm,n)−α(Tm−12,n)(Tm,n−Tm−1,n)]
(8)

The truncation error and stability of the above format are analyzed according to the linear analysis method. For the linear pavement temperature field, the linear equation system can only be solved by using the tridiagonal matrix algorithm. However, for the non-linear pavement temperature field with the thermal diffusivity that varies with temperature, the nonlinear equation system needs to be solved at each time step. Therefore, by letting 
Tm,n+10=Tm,n
, the following equation is used to perform the iterative calculation:


(1−6α(Tm−12,n+1p−1)r)Tm−1,n+1p+(10+6α(Tm−12,n+1p−1)r+6α(Tm+12,n+1p−1)r)Tm,n+1p+(1−6α(Tm+12,n+1p−1)r)Tm+1,n+1p=(1+6α(Tm−12,n)r)Tm−1,n+(10−6α(Tm+12,n)r−6α(Tm−12,n)r)Tm,n+(1+6α(Tm+12,n)r)Tm+1,n,
(9)

where 
p
denotes the iterative index. Thermal diffusivity is determined by the temperature obtained through the previous iterative calculation. Therefore, the linear equation system formed by Eq. (9) can be solved by the tridiagonal matrix algorithm. The iterative method is used to perform calculations until the node temperature of the next time horizon converges. Whether the node temperature converges is determined by evaluating whether the absolute values of the difference between the new value and old value for temperature distribution are all less than the allowable error 
ε
:


|Tm,n+1p−Tm,n+1p−1|<ε.
(10)

When Eq. (10) is satisfied, the iteration ends with 
Tm,n+1=Tm,n+1p
. The space step is taken as 0.0025 m, the time step as 600 s, and the allowable error 
ε
as 1 
×
10−8°C according to the numerical calculation results of the asphalt temperature field under typical daily high-temperature meteorological conditions. The calculation results in this paper indicate that the target accuracy required for the convergence can be achieved by performing iteration four times when calculating each time horizon.

2.2 Inversion Analysis

The swarm intelligence optimization algorithm has been continuously developing in recent years. It has no special requirements for the objective function, and the analytic nature of the objective function is not involved in the algorithm design process. The algorithm attempts to extract the optimal solution of the objective function from different point information obtained through group search. Therefore, the algorithm is widely applied.

Many swarm intelligence optimization algorithms have been developed and applied in various fields, including the genetic algorithm, particle swarm algorithm, and bee colony algorithm. However, these algorithms still have many problems. For example, the aforementioned algorithms have difficulty jumping out of the local optimum point, low convergence rate in the later stage, and relatively complex algorithm structure. Therefore, improving the basic swarm intelligence optimization algorithm can improve the optimization ability and convergence rate of the algorithm in the search process. Moreover, parameters and algorithm structure simplification have been an important research direction in recent years.

In this section, relevant parameters and algorithm structure are simplified based on the basic cuckoo search optimizer algorithm and grey wolf optimizer algorithm. The main goal is to establish an adaptive hybrid optimization algorithm involving the characteristics of the cuckoo search optimizer algorithm and grey wolf optimizer algorithm. First, the two basic algorithms are briefly introduced and analyzed:

(1) Cuckoo search algorithm

Cuckoo Search (CS) algorithm is a new natural heuristic swarm intelligence optimization algorithm proposed by Yang et al. [23,24] in 2010. CS algorithm is based on the parasitic brooding behavior of cuckoos that can be enhanced by Levi flight instead of a simple isotropic random walk algorithm. The algorithm has received extensive attention because it is not complicated, relatively easy to implement, and has fewer adjustable parameters.

The CS algorithm is a balanced combination of global exploration random walk algorithm and local random walk algorithm controlled by parameter 
Pa
. The global random walk algorithm uses Levy flight:


X→(t+1)=X→(t)+αL(β),
(11)

where β is taken as 1.5 and α is the step factor related to three specific problem scales. 
L(β)
satisfies the Levy distribution, which is determined by the following two variables that satisfy the Gaussian distribution [23,24]:


L(β)∼U|V|1/β,
(12)

where 
U∼N(0,σ2),U∼N(0,1)
, and 
σ2=[Γ(1 + β)sin(πβ/2)βΓ((1 + β)/2)2(β−1)/2]1/β
.

The local random walk algorithm can be represented by the following model [23,24]:


X→i(t+1)=X→i(t)+rand⊙H(Pa−ε)⊙(X→j(t)−X→k(t))
(13)

where 
H
is a 
Heaviside
function, 
ε
is a random number in the uniform distribution of the interval 
[0,1]
, and 
X→j(t)
and 
X→k(t)
are two different solutions selected through random permutation.

The CS algorithm has few parameters and is relatively easy to implement. With the local search and global search methods, the CS algorithm has a stronger optimization ability than other algorithms. Random characteristics of Levy flight also make the CS algorithm easier to jump out of local convergence in global search. However, when the CS algorithm optimizes complex objective functions, it still has a low convergence rate, a long computation time for the survival of the fittest, and low optimization accuracy [25].

(2) Grey Wolf Optimizer algorithm

The Grey Wolf Optimizer (GWO) algorithm is a swarm intelligence optimization algorithm proposed in 2014 by Mirjalili et al. [26,27]. This algorithm is an optimization search method inspired by the prey hunting activity of grey wolves. The algorithm has stronger convergence performance, fewer parameters, and is relatively easy to implement.

Grey wolves belong to the canidae living in packs, which strictly adheres to a social dominance hierarchy relationship as shown in Fig. 1.
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Figure 1: Social dominance hierarchy of grey wolves

By calculating the fitness of each individual in the population, the three grey wolves with the best fitness in the wolf pack can be labeled as α, β, and γ. The remaining grey wolves are labeled as 
ω
. Grey wolves can identify potential prey locations. The following model can be used to estimate the distance between individual grey wolves and their prey, as well as to update their location [26]:


D→=|C→⊙X→p(t)−X→(t)|,
(14)


X→(t+1)=X→p(t)−A→⊙D→,
(15)

where 
t
denotes the number of iterations and 
X→p and X→(t)
represent the position vectors of the prey and the grey wolf, respectively. The two coefficient vectors are determined by the following equations [26]:


A→=2a→⊙r→1−a→,
(16)


C→=2r→2,
(17)

where the value of 
a→
decreases linearly from 2 to 0 with an increase in the number of iterations, and 
r1→ and r2→
are random vectors in the range of 
[0,1]
.

The search process of the GWO algorithm is similar to the hunting process, which relies on α, β, and γ with better fitness in the population to guide other grey wolves and surround their prey. The positions of α, β, and γ in the wolf pack are saved in each iteration. The remaining grey wolves randomly update their positions near the prey under the guidance of the current optimal three wolves according to the following equations [27]:


{D→α=|C→1⊙X→α(t)−X→(t)|, X→1=X→α−A→1⊙D→αD→β=|C→2⊙X→β(t)−X→(t)|, X→2=X→β−A→2⊙D→βD→γ=|C→3⊙X→γ(t)−X→(t)|, X→3=X→γ−A→3⊙D→γ
(18)


X→(t+1)=X→1+X→2+X→33
(19)

Grey wolves mainly rely on the information of α, β, and γ to search for their prey. They start to search for the location information of their prey in a scattered manner. Then, they gather to attack their prey. The dispersion model is elaborated by making the random value of 
A→
greater than 1 or less than −1. In this case, the grey wolves can move in the opposite direction of their expected prey, thereby increasing the strength of the GWO optimization ability in the global search. The coefficient vector 
C→
in the algorithm is a random vector composed of random values in a closed interval from 0 to 2. This coefficient vector can provide a random prey weight, which helps the GWO algorithm exhibit random search behavior in the optimization process to avoid the algorithm falling into the local optimum.

The GWO algorithm has a simple structure, favorable robustness, and is relatively easy to implement. The grey wolf hunting mechanism increases the convergence rate of the algorithm. However, the global search ability of the GWO algorithm is still not as good as that of the CS algorithm. This is particularly true in the later iteration stage. Due to the loss of population diversity, the entire grey wolf population is prone to falling into local convergence [28,29].

In the swarm intelligence algorithm, global search and local search modes are employed. Both of them require a certain amount of computing resources, while the bias to either will affect the optimization ability of the algorithm. Therefore, when the algorithm structure is designed, it is necessary to balance the relationship between the two and simplify it as much as possible. In this paper, the characteristics of GWO and the CS algorithms are combined to establish an improved CS-GWO hybrid swarm intelligence optimization algorithm. The random nest-abandoning behavior of cuckoos after being discovered by the host is introduced to the GWO algorithm to improve global searchability. Moreover, the Levy flight mechanism is used to improve the algorithm’s ability to jump out of local convergence, which is represented by the following model:


X→1(t+1)=X→(t)+aL(β),
(20)

where 
α
denotes the step factor and 
L(β)
satisfies the Levy distribution with the value of 
β
taken as 1.5.

In the GWO algorithm, Eq. (20) represents the case when three alpha wolves with optimal positions issue an instruction for hunting. Hence, a probability 
Pa
exists that the remaining 
ω
wolves do not follow the instruction. However, the Levy flight mechanism is simulated to perform a global random walk, thereby improving the global search ability of the algorithm and avoiding the entire population from falling into local convergence in the later iteration stage. The remaining 
ω
wolves will round up their prey according to the position information of the alpha wolf. Model parameters can be simplified, and position information can be updated according to the following equations:


X→2(t+1)=X→α+X→β+X→δ3+r→⊙D→αβ+r→⊙D→βδ+r→⊙D→δα,
(21)


{D→αβ=X→α−X→βD→βδ=X→β−X→δD→δα=X→δ−X→α,
(22)

where 
r→
denotes a different random vector consisting of random values in the closed interval of 0 to 2. The grey wolf uses Eq. (21) to search the finite area near the three alpha wolves. The size of the search range is determined by the mutual distance between the alpha wolves, thus effectively accelerating the convergence rate in the later iteration stage. In combination with Eqs. (20) and (21), the overall position update for the 
ω
grey wolf can be expressed as follows [26]:


X→(t+1)=H(Pa−ε)X→1(t+1)+H(ε−Pa)X→2(t+1),
(23)

where 
H
denotes a 
Heaviside
function and 
ε
denotes a random number in the uniform distribution of interval 
[0,1]
.

For each iteration, the 
ω
wolves at the bottom layer follow the principle of survival of the fittest in global exploration and involvement in the hunting process. When the fitness of a new position increases, the position is changed. Otherwise, the grey wolf will return to its original position.

The algorithm flowchart is shown in Fig. 2.
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Figure 2: Algorithm flowchart

To evaluate the optimization ability and anti-premature convergence ability of the improved CS-GWO hybrid optimization algorithm and two basic optimization algorithms, the Sphere unimodal and the Rastrigin multimodal test functions are selected in this paper, respectively. The function expressions can be expressed as Eqs. (24) and (25).


f1(x)=∑i=1nxi2,
(24)


f2(x)=∑i=1n[xi2−10cos(2πxi)+10].
(25)

The population size is uniformly set to 30 to ensure the fairness of the algorithm test. The algorithm is iterated 100 times and 1000 times in one-dimensional and multi-dimensional cases, respectively, with the probability of 
Pa=0.5
. Optimization intervals of the Sphere test function and the Rastrigin test function are [−100, 100] and [−10, 10], respectively, and the corresponding optimization steps 
a
are 10 and 1, respectively. The test results are shown in Table 1.

[image: images]

Since all test algorithms have random factors, the optimal values obtained in Table 1 are all taken as average values of the ten test results to reduce the error caused by randomness. Under the same test conditions, the improved optimization algorithm proposed in this paper can always obtain better results than the other two basic optimization algorithms. To further analyze the algorithm convergence, three algorithm convergence diagrams for the Rastrigin test function under the 10-dimensional condition are given as Fig. 3.

[image: images]

Figure 3: 10-dimensional Rastrigin test function algorithm convergence

As shown in Fig. 3, the basic CS algorithm can jump out of the local convergence in the middle and late stages of iterations. However, its convergence rate is too low. Although the basic GWO algorithm has a higher convergence rate in the early iteration stage, it falls into premature convergence after 100 iterations. Compared with the GWO and CS algorithms, the improved CS-GWO hybrid optimization algorithm proposed in this paper achieves a better convergence rate and can jump out of local convergence.

In the previous studies on the temperature field of asphalt pavement, the thermal performance parameters of pavement material were regarded as constants. Although this simplifies the calculation, it also affects the calculation accuracy. Since the test method for measurement is not simple and economical enough in practical application, an improved swarm intelligence optimization algorithm is selected in this paper to invert and analyze the variation laws on the thermophysical parameters of asphalt pavement materials with temperature, thereby obtaining more accurate numerical calculation results. The following maximum value range is taken for the thermal parameters of asphalt pavement materials to determine the inversion interval [30–32].

Compared with the base material, thermophysical parameters for asphalt mixture have a larger variation range, and their thermal conductivity is greatly affected by temperature. The research in [31] indicated that the thermal conductivity of asphalt mixture and cement-stabilized macadam could be fitted to a first-order linear function that varies with temperature in the actual temperature range of the asphalt pavement structure. Thus, a relatively high degree of fitting can be obtained. The research from [32] showed that the temperature of the asphalt mixture was also linearly related to thermal diffusivity. Therefore, considering the low-temperature sensitivity of specific heat capacity and density of asphalt pavement materials, the first-order linear function form for the change of thermal diffusivity of asphalt mixture and cement-stabilized macadam material with temperature is inverted in this paper. The differential equation for the inverse heat conduction problem of a one-dimensional structural layer of asphalt pavement can be expressed as:


α(T)∂2T(z,t)∂z2=∂T(z,t)∂t Hi−1<z<Hi,t>0,
(26)

where 
α(T)
denotes the functional form of the thermal diffusivity to be inverted. The structural parameters, boundary conditions, and initial temperature distribution of the model are fitted by high-order polynomials using the measured values for the experimental pavement structure layer. The inverted optimization objective function is determined as follows:


S=1MN∑i=1M∑j=1N(Tij∗−Tij|α(T)=AT+B)2,
(27)

where 
M
denotes the measured number of nodes in the temperature field of the asphalt pavement structure layer, for which the value is taken as five in this paper. Parameter N denotes the number of time nodes for temperature acquisition within 24 h, the value for which is taken as 144. Parameters 
T∗ and T
denote the measured temperature and the numerically calculated temperature, respectively. Parameters A and B denote the parameters to be inverted, for which the inversion interval is determined by the value range of thermal diffusivity in Table 2 and the temperature variation range of the actual asphalt pavement structure. With the referent measured data, the daily variation interval for the temperature field of the high-temperature asphalt pavement is taken as range of 20 to 80 in this paper.

[image: images]

The inversion flow chart for the thermal diffusivity of asphalt pavement materials based on the improved CS-GWO hybrid swarm intelligence optimization algorithm in this paper is finally obtained as Fig. 4.

[image: images]

Figure 4: Flowchart for thermal diffusivity inversion of asphalt pavement materials

3  Results and Discussion

In this paper, the temperature at different depths of the test asphalt pavement and the external meteorological data are collected for research [33]. The monitoring experiment was carried out in September 2020 under the high temperature and no rain weather, and the data collection was carried out continuously for 24 h on a daily basis. Select the data with temperature greater than 55° from the observation points as the measured data for predictive analysis.

In combination with the monitored asphalt pavement structure parameters and temperature field data, the algorithm optimization probability 
Pa
calculated through inversion in this paper is taken as 0.5. The optimization step sizes are taken as 0.4 
×
10−7 and 0.2 
×
10−7, in the range of asphalt pavement surface layer and base layer, respectively. The number of populations in the algorithm is set to 15. In the numerical calculation, the space step and time step are taken as 0.0025 m and 600 s, respectively. The actual monitoring data on the temperature field of asphalt pavement under the weather with high temperature and no rain is employed. The numerical inversion based on the improved CS-GWO hybrid swarm intelligence optimization algorithm is conducted on the thermal diffusivity of the base material and surface material of experimental asphalt pavement, respectively. Numerical inversion results of thermal diffusivity of pavement materials and the convergence diagram of the objective function on three typical high-temperature days are shown in Table 3.

[image: images]

According to Table 3, the inversion results of the same asphalt pavement based on the measured data of the temperature field on different dates are roughly the same, which indicates the accuracy of the inversion results. The linear relationship of thermal diffusivity of the surface material and the base material of experimental asphalt pavement with temperature can be determined according to the average values of coefficients A and B obtained by inversion, as shown in Eqs. (28) and (29).


α1(T)=3.439×10−9T+6.076×10−7,
(28)


α2(T)=2.060×10−9T+6.155×10−7.
(29)

The measured data of pavement temperature field are used as the single value condition of the calculation model to evaluate the accuracy of the numerical inversion and calculation method applied in predicting the actual temperature field of asphalt pavement. After determining the single value condition, the nonlinear numerical calculation is performed based on the inversion results for the thermal diffusivity of pavement material. The calculation results for the temperature field of asphalt pavement at two different depth positions, the accurate solution calculation results for the temperature field of double-layer pavement, and the measured values are selected for comparison, as shown in Figs. 5 and 6, Table 4.

[image: images]

Figure 5: Comparison of predicted temperature results at 0.05 m depth on September 12
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Figure 6: Comparison of predicted temperature results at 0.15 depth m on September 12

[image: images]

Due to errors in the upper boundary conditions of the calculation model, the numerical calculation results for most time points in a single day in Figs. 5 and 6 are closer to the measured values than the calculation results of the exact linear solution. For the three typical high-temperature days in Table 4, the predicted mean absolute deviation of the numerical solution model is 0.297°C lower than that of the exact solution model at a depth of 0.05 m. At a depth of 0.15 m, the predicted mean absolute deviation of the numerical solution model is 0.287°C lower than that of the exact solution model. The numerical prediction of the temperature field based on the finite difference method has higher accuracy than the linear exact solution prediction when considering the change in the thermal diffusivity of pavement material.

It can be considered that the numerical prediction of temperature field based on finite difference method is more accurate than the linear exact solution when considering the change of thermal diffusion coefficient of pavement materials. Compared with the previous calculation methods based on empirical constants, the numerical prediction model of nonlinear asphalt pavement temperature field elaborated based on numerical inversion and finite difference method has better effect.

4  Conclusions

Contrary to the previous calculation methods for temperature fields that only consider thermophysical parameters of pavement materials as constants empirically, the improved CS-GWO hybrid swarm intelligence optimization algorithm was proposed in this paper. The algorithm is used for numeric inversion of thermal diffusivity of pavement materials. Then, the nonlinear numerical prediction of the asphalt temperature field is performed based on the finite difference method. The following conclusions are drawn:

(1)   In this study, the implicit difference scheme of pavement temperature field is derived by Taylor series expansion method. According to the structural parameters of the experimental pavement, the position of the temperature sensor and the stability conditions of the difference scheme, the space step and the time step of the temperature field numerical calculation are determined, the temperature field is discretized, and the nonlinear numerical calculation method of the pavement temperature field is determined.

(2)   The Levy flight mechanism and the wolf pack hunting mechanism were employed to optimize the algorithm structure and the optimal position updating formula. Then, an improved CS-GWO hybrid swarm intelligence optimization algorithm was proposed. An optimization test was performed on the improved algorithm via the Sphere unimodal test function and the Rastrigin multimodal test function with different dimensions. The test results show that the improved algorithm proposed in this paper is better than the CS algorithm and the GWO algorithm in terms of convergence rate and optimization ability.

(3)   On three typical high-temperature days, at a depth of 0.05 m, the predicted mean absolute deviation of the numerical solution model is 0.297°C lower than that of the exact solution model. At a depth of 0.15 m, the predicted mean absolute deviation of the numerical solution model is 0.287°C lower than that of the exact solution model.

This study can be used to accurately predict the temperature field of high-temperature asphalt pavement. Consequently, the relationship between the external environment, the asphalt pavement quality, and safety risk level in high-temperature seasons can be obtained.
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Table 1: Comparison of algorithm optimization results

N=1 N =10
Algorithm Theoretical optimal value
fix) L (x) fi(x) H(x)
CS 2.45E-04 2.49E-03 5.78E+03 1.19E+02 0
GWO 1.38E—15 2.57E-08 1.05E+02 5.63E+01 0
CS-GWO 4.61E—193 0 5.33E-204 0 0
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Table 3: Numerical inversion results of thermal diffusivity of pavement materials

Date The number Surface material Base material Svm/CC
of optimizations A, B, A, B,
50 1.758E-9  6.667E-7 1.145E-9 6.495E-7 1.094
September 11 100 3.542E-9  6.296E-7 1.913E-9 6.265E-7  0.960
200 3.510E-9  6.023E-7 2.062E-9 6.163E-7 0.864
50 2.878E-9  6.975E-7 1.832E-9  5.900E-7 1.268
September 12 100 2.425E-9  6.629E-7  2.126E-9  6.122E-7 1.014
200 3.372E-9  6.098E-7  2.138E-9  6.098E-7  0.845
50 3.663E-9  5.624E-7  1.253E-9 6.218E-7 1.204
September 13 100 3.638E-9  6.254E-7 1.510E-9 6.453E-7 0.946
200 3435E-9 6.107E-7 1.981E-9  6.205E-7  0.841
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Table 4: Calculated mean absolute deviation of the temperature field (°C)

Date September 11 September 12 September 13

Depth (M) 0.05 0.15 0.05 0.15 0.05 0.15
Exact solution model 1.13 1.19 1.06 1.19 1.14 1.17
Numerical solution model 0.85 0.89 0.78 0.85 0.81 0.95
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Table 2: Thermophysical parameters for two types of asphalt pavement materials

Pavement material

Thermal conductivity

Specific heat capacity

Thermal diffusivity

W/(M-K) J/(KgK) 107° M?/S
Asphalt mixture 0.6~2.0 700.0~1100.0 0.4~1.1
Cement stabilized macadam 1.0~1.6 600.0~-900.0 0.5~0.9






OEBPS/Images/copy.png





OEBPS/Images/fdmp-logo.png





OEBPS/Images/FDMP_25270-fig-5.png
temperature(°C)

551

501

~Measured value
“ Linear exact solution
~~Numerical solution

2 4 6 8 10 12 14 16 18 20 22 24
time(h)





OEBPS/Images/FDMP_25270-fig-3.png
optimal value

-- CS algorithm
++ GWO algorithm
— Improved CS-GWO algorithm

0 100 200 300 400 500 600 700 800 900 1000
iterations/times






