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Abstract
[bookmark: _Hlk207557687][bookmark: _Hlk207557356]Pavement temperature affects pavement performance, distress development, and the urban heat island effect. Accurate pavement temperature prediction models support pavement design, maintenance, and mitigation of the urban heat island effect. However, existing numerical models often oversimplify surface boundary and initial temperature conditions, producing notable errors. This study developed an enhanced prediction model through: (1) refined initial temperature conditions, (2) improved surface heat flux calculations, and (3) a new method for estimating effective rainfall mass in rainfall-induced heat flux. The model was validated using typical pavement structures and temperature data from the Long-Term Pavement Performance (LTPP) program. Results indicated that initial conditions had a lasting impact on predictions, especially at deeper layers. Significant relationships were observed between differences in surface heat flux and both the prediction start time and error dissipation. The proposed preconditioned-initial condition improved accuracy for both hot and cold days. The new rainfall-induced heat flux calculation method effectively supplemented surface heat flux estimation during rainfall events, reducing temperature prediction discrepancies. Overall, the enhanced temperature prediction approach developed in this study demonstrated broad applicability across various regions and seasons and achieved higher accuracy than existing methods, even when the impact of initial errors was not significant.
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Introduction
Pavement temperature variations significantly influence pavement performance and accelerate distress development in both flexible asphalt pavements and rigid concrete pavements (Zapata et al. 2007, Chen et al. 2019). In addition, pavements absorb heat in summer and release it back to the surrounding environment, thereby intensifying the urban heat island effect (Shi et al. 2019). Therefore, understanding pavement temperature is critical not only for pavement design (Mendoza-Sanchez et al., 2025) but also for mitigating urban heat islands. Consequently, measurement, monitoring, and prediction of pavement temperature have attracted considerable research attention.
Extensive efforts have been devoted to predicting pavement temperatures. In data-driven approaches, empirical models have been developed to estimate maximum or minimum pavement temperatures, typically on a monthly or yearly scale (Kennedy et al. 1994, Ramadhan et al. 1997, Mohseni and Alaeddin 1998, Diefenderfer et al. 2006). However, such models often fail to adequately capture the influence of dynamic environmental conditions. Artificial intelligence (AI) methods have achieved markedly higher accuracy than empirical models (Rigabadi et al. 2022, Dai et al. 2023, Ghalandari et al. 2023, Huang et al. 2024, Quan et al. 2025). Nevertheless, AI models require large, representative, long-term time-series datasets for training and are limited to the specific pavement structures and material properties on which they were trained, restricting their generalizability. As a result, they cannot be easily generalized. Their accuracy deteriorates when applied to different structures or materials, particularly for subsurface temperatures. Moreover, when observational data are sparse, such as in regions with limited monitoring or during periods of extreme heat or cold, training robust AI models becomes highly challenging.
Physics-driven models include analytical and numerical approaches. Analytical models address pavement heat conduction using mathematical techniques such as separation of variables (Xu and Solaimanian 2010, Wang and Roesler 2014) or integral transform methods (Wang et al. 2009, Alawi and Helal 2012), but they require idealized boundary conditions to achieve convergent solutions. These idealizations reduce prediction accuracy. Numerical models, by contrast, employ the finite difference method (FDM) (Lytton et al. 1993), finite element method (FEM) (Bryce and Ihnat 2022), or finite volume method (FVM) (Alavi et al.2014) to solve the heat conduction equation. In numerical models, boundary conditions are defined through an energy balance equation (Adwan et al. 2021), which links pavement–environment heat fluxes to pavement temperature variations. Because heat flux calculations are grounded in physical laws, numerical models exhibit high generality and allow predictions at any depth. Consequently, they have attracted considerable attention and found widespread application.
However, the boundary condition formulations in traditional numerical models are not fully applicable to pavement scenarios, leading to several limitations. For instance, deficiencies have been identified in the Enhanced Integrated Climatic Model (EICM) (Lytton et al. 1993), which is incorporated into the Mechanistic-Empirical Pavement Design Guide (MEPDG) (AASHTO 2020) to evaluate climatic effects on pavement performance. Specifically, the model has been reported to perform poorly under winter conditions when pavement temperatures fall below air temperatures, due to an inappropriate calculation of convective heat flux (Han et al. 2011). In addition, the EICM’s calculation of pavement longwave radiation incorrectly includes cloud cover (Bryce and Ihnat 2022), even though pavement-emitted longwave radiation is unaffected by cloud cover (Park et al. 2008).
With continued research, boundary condition formulations in numerical models have been progressively refined to improve pavement temperature prediction. The Temperature Estimate Model for Pavement Structures (TEMPS), developed using the FVM (Adwan et al. 2021), addressed several limitations of the EICM but still relied on the Vehrencamp equation to calculate convection coefficients. The Vehrencamp equation, derived from convection data measured over a flat, open, dried lakebed (Vehrencamp 1953), included only a minimal free convection term. Because the environmental conditions of a dried lakebed differ substantially from those of a roadway, this estimation of the free convection term was inappropriate, leading to increased errors in pavement temperature prediction (Dehdezi 2012, Qin and Hiller 2013, Bryce and Ihnat 2022). 
Recent studies have attempted to improve the calculation of pavement convection coefficients. For example, Rajapaksha et al. (2023) adopted a wind-speed-based equation incorporating a fixed free convection term. Bryce and Ihnat (2022) employed a more general Nusselt–Jurges correlation, and Rajapaksha et al (2024) proposed an empirical equation with more than 50 terms based on Fourier analysis. Although these studies aimed to provide unified expressions with fixed parameters, they often neglected local characteristics, yielding only limited improvements in prediction accuracy. Factors such as climate regimes, terrain conditions, and surface characteristics (e.g., surface roughness and vegetation) strongly influence convective processes and heat transfer efficiency (Palyyos 2008). Therefore, physics-based boundary conditions should be corrected using data-driven approaches to account for local conditions; in other words, the empirical parameters used to compute convection coefficients should be locally calibrated.
[bookmark: _Hlk204937749][bookmark: _Hlk204937644]In addition, the initial temperature condition plays a critical role in pavement temperature prediction, as it defines the starting point of the simulation. The net heat flux absorbed by the pavement drives temperature changes from this initial state. Consequently, if the assumed initial condition deviates significantly from the actual temperature, the entire prediction rests on a flawed foundation. Nevertheless, existing studies often rely on overly simplistic assumptions for initial temperature conditions and largely overlooked their effects on prediction accuracy. For example, earlier studies assumed a uniform temperature across the pavement depth (Dehdezi 2012, Hall et al. 2012), using values such as the bottom boundary temperature (Adkins and Merkley 1990), the air temperature (Han et al. 2011), or a fixed value (e.g., 25 °C) (Li et al. 2014). Such assumptions can introduce substantial initial errors because pavement temperatures vary considerably with depth. 
Gui et al. (2007) assumed an initial uniform pavement temperature of 33.5°C and performed iterative computations over a 3-day period to reduce initial errors. However, repeated iterations did not guarantee error reduction. Their results showed that ten iterations reduced the minimum temperature error to 2.29%, but after thirty iterations, the error increased to 5.97%. This occurred because repeated weather input introduced systematic bias: high heat flux inputs tended to raise pavement temperatures, whereas low heat flux inputs tended to lower them. When the relationship between the assumed and actual pavement temperatures was unknown, repeated inputs based on inaccurate assumptions exacerbated prediction errors.
An improved approach for specifying initial temperature conditions, referred to in this study as the air-initial condition, was adopted by models such as the EICM (Lytton et al. 1993), Bryce’s model (Bryce and Ihnat 2022), and the TEMPS (Alavi et al.2014). This approach assumes that, at the initial time, the pavement surface temperature equals the air temperature, while internal pavement temperatures are estimated via linear interpolation between the surface and bottom boundary temperatures. However, the air temperature often deviates significantly from the actual pavement surface temperature, with differences reaching several tens of degrees Celsius. This study found that the air-initial condition still introduced substantial initial errors, which could significantly affect pavement temperature predictions over extended periods.
Rainfall also affects pavement temperature through convective heat transfer and latent heat associated with phase changes of rainwater. These effects can significantly alter pavement temperatures during rainy seasons. Although some studies have proposed theories on the impact of rainfall, their application remains limited because a large portion of rainfall runs off the pavement surface without fully exchanging heat with it (Yavuzturk et al. 2005, Nuijten et al. 2016). Thus, a method is needed to estimate the effective rainfall mass that contributes to heat exchange between pavements and rainfall.
Building on these research gaps, this study aimed to develop an enhanced numerical approach for pavement temperature prediction by: (1) establishing more accurate initial temperature conditions, (2) incorporating improved heat flux calculations, and (3) introducing a new method for estimating the effective rainfall mass contributing to rainfall-induced heat flux. Representative pavement sections from the Long-Term Pavement Performance (LTPP) program were selected as case studies. Regional climate characteristics were captured during the calibration process, enhanced by data-driven methods, and represented through climate parameters. The model’s effectiveness and accuracy were evaluated and demonstrated under representative hot-day and cold-day conditions.
[bookmark: _Hlk112955098]Development of pavement temperature prediction model
This study employed the FDM to develop a new pavement temperature prediction model (hereinafter referred to as the new model), owing to its ease of implementation and computational efficiency in solving heat transfer problems (Williamson 1971, Lytton et al. 1993, Chen et al. 2019, Qi et al. 2023). Representative seasonal monitoring program (SMP) pavement sections from the LTPP database, where measured pavement temperature data were available, were selected for model development and validation. Simplified schematics of the selected SMP sections are presented in Figure 1, including a concrete pavement section in Kansas (20-4054) and an asphalt pavement section in Ohio (39-0901). The depths of the thermistors installed in these sections are listed in Table 1. For each section, Thermistors No. 1, No. 2, and No. 3 measured temperatures near the surface, at mid-depth, and near the bottom of the topmost structural layer, respectively. 
The pavement structures were modeled as one-dimensional systems using the FDM, with depth intervals of 4 or 5 mm, depending on the thickness of each structural layer in the actual pavement section. Heat conduction within the pavement was assumed to occur only in the vertical direction. Heat exchange with the environment was considered at the pavement surface to evaluate environment effects, as illustrated in Figure 2.
Heat conduction governing equations
The Fourier heat conduction equation was used as the governing equation, as shown in Equation (1). To ensure energy conservation within the pavement, the interlayer heat continuity equation had to be satisfied, as shown in Equation (2). The Fourier equation was converted into a one-dimensional finite difference form to accommodate the application of the FDM. The temperature at internal non-interface nodes was calculated using Equation (3), while the temperature at interface nodes was calculated using Equation (4). 
		(1)
		(2)
where  and  are the temperature fields (K) in the  and  layer, respectively,  is the spatial coordinate (m), t is time (s),  and  are the thermal conductivities (W·m-1·K-1) of the  layer and  layer, respectively,  is the density of the  layer (kg·m-3), and  is the specific heat capacity (J·kg-1·K-1) of the  layer. 
		(3)
		(4)
where  is the temperature (K) of the target node at the next time step i+1,  is the thermal conductivity  (W·m−1·K−1) of the nth layer in which the target node is located,  and  are the temperatures (K), respectively, of the two adjacent nodes above and below the target node at the current time step i,  is the temperature of the target node at the current time step i,  is the depth interval (mm),  is the time step size (s),  and  are the specific heat capacity (J·kg−1·K−1) and density (kg·m−3) of the nth layer, respectively, and  is the sum of  and .
The required material parameters include the albedo () and the emissivity (e) of the surface layer, as well as the thermal conductivity (k) and volumetric specific heat capacity () of all pavement layers. The material properties used in this study were assumed to be representative values that reflect general pavement materials. These representative values were essentially the averages of the property ranges reported in previous studies (De Schutter and Taerwe 1995, Kim et al. 2003, Luca and Mrawira 2005, Dehdezi 2012, Chen et al. 2019, Rajapaksha et al. 2024). The material parameters used in this study are summarized in Table 2.
Boundary conditions
In the developed one-dimensional model, the boundary conditions included surface boundary conditions, which governed heat exchange between the pavement structure and the environment, and bottom boundary conditions. When the pavement structure was sufficiently thick, e.g., 3 m (Alavi et al.2014), the bottom boundary temperature had little influence on the prediction results. At a certain depth within the pavement structure, temperature and moisture were minimally affected by external conditions and tended to reach a relatively stable state. Therefore, the bottom boundary temperature was simplified as a constant value (Lytton et al. 1993). To reflect regional climatic characteristics, the bottom boundary temperature of each section was set to the region’s annual average air temperature (12.55 °C for Section 20-4054 and 11.69 °C for Section 39-0901). The surface boundary condition was defined by an energy balance equation. The physical meaning of this equation was that the sum of all heat fluxes considered at the pavement surface equaled the net heat flux transferred to the surface. The heat fluxes considered in the surface energy balance equation of this study included solar radiation flux, longwave radiation flux emitted by the pavement structure, atmospheric longwave radiation flux absorbed by the pavement, heat flux induced by convection, and heat flux induced by rainfall, as shown in Equation (5). Equation (5) was converted into a finite difference form, presented as Equation (6), to calculate the temperature of the surface node. 
		(5)
where,  is the thermal conductivity  (W·m−1·K−1) of the pavement surface layer,  is the net heat flux (W·m−2) at the pavement surface,  is the net solar radiation flux (W·m−2) absorbed by the pavement,  is the net longwave radiation (W·m−2) of the pavement,  is the heat flux (W·m−2) induced by convection (i.e., convective heat flux), and  is the heat flux (W·m−2) induced by rainfall. 
		(6)
where,  is the temperature (K) of the surface node at the time step i+1,  and  are the temperatures (K) of the second node and the surface node at the time step i, respectively, and , , and  are the thermal conductivity  (W·m−1·K−1), specific heat capacity (J·kg−1·K−1), and density (kg·m−3) of the pavement surface layer, respectively. 
The net solar radiation flux absorbed by the pavement was calculated using Equation (7). Equation (8) was used to calculate the net longwave radiation flux at the pavement surface. It involved the atmospheric longwave radiation absorbed by the pavement and the longwave radiation emitted by it. Equation (9) was used to calculate the convective heat flux at the pavement surface, where a generalized form of the Nusselt–Jürges correlation (Palyvos 2008) was applied to compute the convective heat transfer coefficient .
		(7)
[bookmark: _Hlk197445553]where,  is the net solar radiation flux (W·m−2) absorbed by the pavement,  is the absorptivity of the pavement surface for solar radiation, and  is the albedo of the pavement surface.
		(8)
[bookmark: _Hlk186745361]where,  is the long-wave radiation flux (W·m−2) from the atmosphere,  is the long-wave radiation flux (W·m−2) outgoing from the pavement,  is the emissivity of the pavement surface,  is the Stefan-Boltzmann constant (5.67×10-8 W/m2/K4), and Tair and Tsur are the air temperature (K) and pavement surface temperature (K), respectively.
		(9)
where,  is the convective heat transfer coefficient,  is the free convection coefficient,  and  are the forced convection coefficients, and  is the wind speed (m/s). 
Since the temperature of rainfall is not always the same as that of the pavement, heat exchange occurs upon contact. During heavy rainfall, a significant amount of water drains away, and the remaining portion interacts thermally with the pavement. In this study, this portion was defined as the effective rainwater mass. The impact of rainfall on pavement temperature arises from both heat transfer due to the temperature difference between the rainwater and the pavement and heat absorption from the pavement caused by rainwater evaporation. Equation (10) was used to calculate the rainfall-induced heat flux.
		(10)
where  is the heat flux (W·m−2) induced by rainfall,  is the effective rainfall mass coefficient,  is the rainfall mass flux (10-3 m/s),  is the density of water (103·kg/m3),  is the specific heat capacity of water (J·kg-1·K-1), and  is the latent heat of vaporization of water (J/kg). 
The change in latent heat of vaporization with temperature was considered, while the specific heat capacity of water was treated as a typical value of 4,186 J·kg⁻¹·K⁻¹. It was assumed that rainwater first underwent sufficient heat exchange with the pavement to reach the pavement temperature, and then vaporization occurred at that temperature. The latent heat of vaporization of water was calculated using the classic Henderson-Sellers equation, with the rainwater temperature set to the pavement temperature rather than the air temperature, as shown in Equation (11). 
		(11)
where  equals to the pavement surface temperature (K).
In addition, as rainfall increases, a larger proportion of rainwater drains away, resulting in a smaller effective rainwater mass coefficient. This coefficient must remain greater than 0 and less than or equal to 1. Based on these principles, the effective rainwater mass coefficient is defined as a piecewise function of rainfall, as shown in Equation (12). When rainfall is below the critical threshold , the effective rainwater mass coefficient equals to 1, meaning all rainfall is considered effective. When rainfall exceeds the critical threshold, the coefficient gradually decreases with increasing rainfall, initially slowly, and then more rapidly.
		(12)
where  is the rainfall critical threshold.
The weather data used in this study were obtained from the LTPP InfoPave website. Among the available hourly weather data categories, the corresponding SMP weather data were collected from the station closest to the pavement sections used in this study, followed by data from automated weather stations (AWS). The Modern-Era Retrospective Analysis for Research and Applications, Version 2 (MERRA-2) data were derived from satellite observations. Therefore, SMP data were given the highest priority, followed by AWS, and then MERRA-2. When SMP weather data were available and complete, they were used preferentially; otherwise, AWS data were considered, and if those were also unavailable or incomplete, MERRA-2 data were used. Based on this principle, the climate data sources used in this study are summarized in Table 3.
Climate parameters calibration
As previously mentioned, climate patterns vary across regions, and the empirical parameters used to calculate pavement surface heat flux should reflect these regional climatic characteristics and therefore differ accordingly. In this study, the climate parameters for each section were calibrated individually using the measured pavement temperatures during their respective calibration periods. The calibration periods for Sections 20-4054 and 39-0901 were 7/1/1998-7/31/1998 and 7/1/2002-7/31/2002, respectively. 
The root mean-squared error (RMSE), which is one of the most commonly used measures of error for numerical prediction, was calculated using Equation (13). Climate parameter values, including convective parameters and the effective rainwater mass coefficient, were determined by minimizing the RMSE between the predicted and measured near-surface temperatures at the No. 1 thermistor during the calibration periods. Since convection occurs continuously while rainfall events are intermittent, the convective parameters that minimize the RMSE were determined first, followed by the estimation of the effective rainwater mass coefficient.
		(13)
where,  is the number of temperatures,  is the ith predicted temperature, and  is the ith measured temperature. 
The initial temperature conditions of the model during the calibration periods were established based on the measured pavement temperatures, referred to as the measured-initial condition. Specifically, the pavement surface temperature was estimated by linear extrapolation from the known near-surface temperatures. Then, using the estimated surface temperature, the known internal pavement temperatures, and the bottom boundary temperature, the remaining unknown temperatures were determined through linear interpolation. The pavement temperatures predicted by the new model were referred to as ‘predicted-N’ in the figures and tables of this study. The calibrated climate parameters are presented in Table 4. As shown, these parameters differ between Sections 20-4054 and 39-0901, reflecting variations in regional climatic conditions.
Figures 3 and 4 show the near-surface temperature prediction results for Sections 20-4054 and 39-0901 during their respective calibration periods. As shown, the RMSE between the predicted and measured near-surface temperatures was very low, at 1.19 °C and 1.00 °C, respectively, which were significantly lower than the 2.9-3.5 °C range reported in a previous study that also used RMSE as the evaluation metric (Dehdezi 2012). 
The impact of rainfall events on pavement temperature is illustrated in Figure 5, using the example of temperature predictions at a depth of 23 mm in Section 20-4054. ‘Predicted-N NR’ refers to the prediction results obtained without considering the heat flux induced by rainfall. It can be observed that during each rainfall event, the ‘Predicted-N NR’ temperatures were consistently higher than the measured temperatures. Since the ‘Predicted-N NR’ results were based on convective parameters optimized to minimize the RMSE, this suggests that the temperature deviations associated with rainfall events cannot be eliminated through model fitting alone unless the cooling effect of rainfall on the pavement is explicitly included. 
In addition, RMSEs for predicted temperatures at all five known pavement depths were calculated. To facilitate presentation, the measured and predicted temperatures at each pavement depth during the calibration periods were averaged, as shown in Figures 6(a) and 6(b). It is worth noting that the RMSEs presented in Figures 6(a) and 6(b) were calculated based on the full temperature profiles, not the average temperatures. The resulting RMSE values were also low, at 1.26 °C and 1.68 °C, respectively. These results indicated that the calibrated climate parameters not only enabled accurate prediction of near-surface temperatures but also provided strong agreement across the full temperature profile. 
Investigation of initial temperature conditions
Since there was often a significant difference between the air temperature and the actual pavement surface temperature, the air-initial condition introduced substantial initial errors and produced inaccurate predictions for an extended period after the simulation began. An initial temperature condition constructed from measured pavement temperatures was the most accurate and reliable, as exemplified by the measured-initial condition used during the calibration periods of this study. Using the measured-initial condition as a reference, this study investigated a more accurate method for constructing initial temperature conditions based on real weather data, i.e., the preconditioned-initial condition. The preconditioning stage was set to last 240 h prior to the formal simulation. The air-initial condition was used as the starting point for the preconditioning stage, during which the model, driven by actual weather data, adjusted the initial error. The predictions generated during this stage were not included in the formal results. The temperature profile at the end of the preconditioning stage was referred to as the preconditioned profile. However, only the preconditioned profile from 0 to 200 mm was adopted as the preconditioned-initial condition for the formal simulation. The remaining profile, from 200 mm to the bottom of the pavement, was generated by linearly interpolating between the preconditioned temperature at 200 mm and the bottom boundary temperature, thereby introducing a manual correction to the initial error.
Taking the temperature prediction starting at 00:00 on July 1, 1998, for Section 20-4054 as an example, all temperature profiles at the initial time are presented in Figure 7. Although the extrapolated surface temperature from the measured data was only 8.68 °C higher than the air temperature, there was still a substantial discrepancy between the air-initial and measured-initial temperature conditions. The temperature profile of the air-initial condition was lower than that of the measured-initial condition due to the underestimation of the pavement surface temperature in the air-initial condition.
Pavement temperature predictions at depths of 23 mm and 883 mm based on the two initial temperature conditions, generated using the new model, are shown in Figures 8 and 9, respectively. The predictions starting from the measured-initial condition closely matched the measured pavement temperature, while the predictions starting from the air-initial condition deviate significantly below those starting from the measured-initial condition. While the error at 23 mm dissipated within tens of hours, the error at 883 mm persisted for over a month. 
The ability of the new model to correct for the error introduced by the initial temperature condition lay in its surface heat flux calculation method. If the pavement surface temperature was set equal to the air temperature, which was lower than the actual pavement surface temperature, the net longwave radiation term, (Equation 8), the calculated convective heat flux term,  (Equation 9), and the rain-induced heat flux term, ​ (Equation 10), would generally increase in magnitude relative to their actual values, thereby increasing the net surface heat flux,  (Equation 5). This caused pavement temperatures to rise in subsequent simulation steps until the predicted value approached the actual temperature. Conversely, if the pavement temperature was set higher than the air temperature, the opposite process occurred. This mechanism ensured that an unrealistic pavement temperature would gradually converge toward the actual value. 
Figure 10(a) shows the net surface heat flux over the first 72 hours of simulation, which began at 0:00 on July 1, 1998. The simulation starting from the air-initial condition produced a higher surface heat flux than that starting from the measured-initial condition. Figure 10(b) presents the difference between the two surface heat fluxes (Δq) and the corresponding temperature difference (ΔT) at a depth of 23 mm for the simulation starting at 0:00 on July 1, 1998. Both Δq and ΔT decreased rapidly at first, and then more slowly over time, exhibiting similar trends. Figure 10(b) also illustrates the Δq and ΔT results for the simulation beginning at 16:00 on July 1, 1998. The 16:00 simulation had a larger initial ΔT than the 0:00 simulation. Consequently, its ΔT decreased more quickly due to the larger Δq induced by the greater initial ΔT, dropping below the 0:00 simulation’s ΔT within a few hours. Subsequently, the 0:00 simulation generated a relatively larger Δq as its ΔT became comparatively greater, causing its ΔT to decrease more rapidly. This indicates that the relative magnitude of the initial ΔT has a complex, nonlinear relationship with the rate at which ΔT decreases. Nevertheless, it is clear that changes in ΔT were driven by cumulative changes in Δq.
Using the pavement temperature predictions starting from the measured-initial condition as a reference, the time required for the prediction error from the air-initial condition to decrease to within 5% was recorded. The relationship between this error elimination time and the cumulative net surface heat flux over the first three days (3-day ∑Δq) after simulation initiation at different pavement depths is shown in Figure 11(a). As shown, at both the 23 mm and 214 mm depths, the error elimination time exhibited a strong linear relationship with the three-day cumulative net surface heat flux, with R² values exceeding 0.83. Furthermore, the average 3-day ∑Δq of simulations starting at different times showed a pronounced sinusoidal relationship with the simulation start time (initial time), as illustrated in Figure 11(b). This periodic behavior resulted from the diurnal variations in air temperature and pavement temperature. The peak value of the total net heat flux was approximately 3550 W/m². According to Figure 11(a), the time required for the prediction error at a depth of 23 mm to fall below 5% was approximately 50 h. At a depth of 214 mm, this value increased to around 175 h. To account for potential extreme weather events, this threshold for a depth of 214 mm could conservatively be set at 240 h (10 days), which exceeds the observed maximum of 228 h.
Since the error caused by the initial temperature condition diminished over time, introducing an appropriate preconditioning stage before the start of the formal simulation helped reduce the error in the formal results. Taking 00:00 on July 1 as the starting point of the formal simulation stage as an example, 240 h (10-day) of actual weather data from 00:00 on June 21 to 00:00 on July 1, 1998, for Section 20-4054 were selected. The air-initial condition at 00:00 on June 21 was established, and a ten-day temperature simulation was run as preconditioning to adjust the error associated with the air-initial condition. The preconditioned profile was obtained at the end of the preconditioning stage, as shown in Figure 7. It can be observed that, for the preconditioned profile, the temperature profile within the 0-200 mm depth range was close to the measured pavement temperature at 00:00 on July 1. However, the predicted temperatures below 200 mm still exhibited considerable deviation from the measured values. This was because, in the preconditioned profile, the predicted temperatures below 200 mm either fell below the measured temperature due to an initially underestimated air-initial condition (as shown in Figure 7) or rose above it due to an initially overestimated one. In both cases, linearly interpolating the temperature profile between the preconditioned temperature at 200 mm, which closely approximated the actual value, and the bottom boundary temperature helped reduce the deviation and partially correct the error.
The final preconditioned-initial condition is shown in Figure 7. It can be observed that this profile closely approximated the measured-initial condition. The pavement temperature predictions generated from this preconditioned-initial condition are shown in Figures 8 and 9. These results showed that the errors during the formal simulation stage were significantly reduced not only near the surface but also in the deeper pavement layers. This type of preconditioned-initial condition effectively avoided prolonged error periods in deep-layer temperature predictions caused by gradual error correction.
Model validation and comparisons
Predicted temperature results during the validation periods were used to assess the accuracy of the new model. The typical hot-day and cold-day periods were selected based on the available SMP data. The selected typical hot-day and cold-day periods, based on the available LTPP data, along with the corresponding preconditioning periods used to obtain the preconditioned-initial conditions, are summarized in Table 5. The climate parameters obtained from the calibration periods of Sections 20-4054 and 39-0901 were accordingly applied to their respective validation periods. 
Several existing representative models were used for comparison with the new model, including the EICM (Lytton et al. 1993), Bryce’s model (Bryce and Ihnat 2022), and the TEMPS (Alavi et al.2014). Among them, the EICM and Bryce’s models employed the same fixed bottom temperature boundary condition as the new model, whereas the implementation of the TEMPS relies on the TEMPS software developed by the University of Nevada (ARC-UNR 2016), in which the bottom boundary condition was specified as a constant heat flux. Figure 12 shows the RMSE values between the predicted and measured temperatures at all five depths. The EICM did not provide results for the cold day periods, as it was not applicable when the air temperature exceeded the pavement temperature. The results showed that the RMSEs from the new model were lower than those of the existing representative models for both hot-day and cold-day validations across the two sections, indicating that the new model outperformed the others in terms of prediction accuracy. All models showed lower RMSEs on cold days, which was attributed to the lower absolute temperatures and generally smaller temperature variations due to weaker radiation intensity during cold days.
The higher accuracy of the new model was attributed to improved initial temperature conditions and a surface heat flux calculation that more accurately represented regional climatic characteristics. The latter included both convective heat flux and rain-induced heat flux. Two cases were analyzed in detail: the hot-day validation for Section 20-4054 and the cold-day validation for Section 39-0901. The results from Bryce’s model, TEMPS, and EICM are referred to as ‘Predicted-B’, ‘Predicted-T’, and ‘Predicted-E’, respectively.
Figures 13(a) and 13(b) present the initial temperature conditions for the hot-day validation of Section 20-4054 and the cold-day validation of Section 39-0901, respectively. On hot days, the air-initial condition was lower than the measured-initial condition, because the air temperature was lower than the pavement temperature. In contrast, the preconditioned-initial condition, due to the correction of initial errors during the preconditioning phase, aligned more closely with the higher measured temperatures in the shallow layers. The temperature profile below the shallow layers in the preconditioned-initial condition, derived through interpolation between the more accurate shallow-layer temperature and the bottom boundary temperature, was therefore higher than that of the air-initial condition and closer to the measured temperature. This resulted in a noticeable correction of errors across the full depth for the preconditioned-initial condition compared to the air-initial condition. 
On cold days, because the air temperature was higher than the pavement temperature, the air-initial condition was higher than the measured-initial condition. The preconditioned-initial condition, again due to the correction of initial errors during preconditioning, aligned more closely with the lower measured temperatures in the shallow layers. The temperature profile below the shallow layers in the preconditioned-initial condition, obtained by interpolating between the more accurate shallow-layer temperature and the bottom boundary temperature, was lower than that of the air-initial condition and closer to the measured temperature. This resulted in a substantial correction of errors across the full depth for the preconditioned-initial condition compared to the air-initial condition.
Figure 14 presents the near-surface temperature results for the hot-day validation of Section 20-4054. The results showed that the new model provided more accurate pavement temperature predictions than the other models throughout the seven-day period. In the first few hours of the prediction, the results from Bryce’s model, TEMPS, and EICM, which used the air-initial condition, were significantly lower than the measured temperatures due to the low initial values. In contrast, the new model produced predictions that were closer to the measured temperatures during the same period due to the use of the preconditioned-initial condition. According to the earlier investigation of the influence of initial temperature condition errors, the noticeable effect of initial errors (>5%) at the 23 mm depth in Section 20-4054 lasted for a maximum of 50 hours (approximately two days). During the remaining five days, when the influence of initial errors was no longer significant, the higher accuracy of the new model highlighted its precision in surface heat flux calculation. Although Bryce’s model showed improved near-surface temperature prediction compared to EICM and TEMPS, the new model further reduced the prediction error by more than 1.5 °C compared to Bryce’s model in the remaining five-day validation of Section 20-4054. This demonstrates the importance of calibrating region-specific climate parameters. 
Figure 15 shows the validation of the rainfall effect on pavement temperature for Section 20-4054. During the validation period, the ‘Predicted-N NR’ temperatures, which did not account for the heat flux induced by rainfall, remained higher than the ‘Predicted-N’ temperatures during each rainfall event. However, the ‘Predicted-N’ temperatures, which included the rainfall-induced heat flux, were closer to the measured values. These findings are consistent with the calibration stage and confirm the validity of the rainfall-induced heat flux calculation.
Figure 16 presents the temperature results near the bottom of the concrete slab (at a depth of 214 mm) for the hot-day validation of Section 20-4054. The results showed that the other models exhibited more pronounced prediction errors near the bottom of the slab compared with the near-surface region. This occurred because the influence of initial errors persisted longer at greater depths, and the errors introduced by the initial temperature conditions and boundary heat flux calculations remained throughout the entire hot-day validation period. 
Figure 17 presents the near-surface temperature results for the cold-day validation of Section 39-0901. The results showed that the new model provided more accurate pavement temperature predictions than the other models overall. In the first few hours of the prediction, the results from Bryce’s model, TEMPS, and EICM, which used the air-initial condition, deviated further from the measured temperatures than the new model due to their higher initial values. In contrast, the new model produced predictions that were closer to the measured temperatures during the same period, because of the use of the preconditioned-initial condition. 
It is notable that, at the beginning of the prediction period, the new model detected a rainfall event that led to a temperature drop. After the temperature drop, the new model’s predicted temperature profile aligned more closely with the measured temperatures than those of the other models. Although the other models also showed a decrease in temperature during the rainfall event, their boundary conditions did not account for the heat flux changes caused by rainfall. In those models, the observed temperature decrease was driven solely by the drop in air temperature, rather than by direct heat exchange between rainfall and the pavement. However, considering only the indirect effect of the air temperature drop cannot accurately capture the heat exchange between rainfall and the pavement surface, especially the latent heat absorbed from the pavement during rainwater evaporation, which has minimal impact on air temperature. Therefore, accounting for rainfall in the calculation of surface boundary heat flux is an effective measure to improve accuracy.
Conclusions
[bookmark: _Hlk207557329]This study developed an enhanced pavement temperature prediction model, with its main innovations lie in three aspects: (1) refined initial temperature conditions, (2) improved surface heat flux calculations, and (3) a new method for estimating effective rainfall mass in rainfall-induced heat flux. The regional climatic features of different section locations were captured during the calibration periods by fitting measured pavement temperature data and were characterized using climate parameters, including convection coefficients and effective rainfall mass coefficients. The climate parameters obtained for each region were applied separately in their respective validation stages. Typical hot-day and cold-day periods in each region were used as validation periods to assess the model’s performance. Several existing models were also used for comparison with the new model. 
Results indicated that the initial temperature condition had a lasting and significant impact on pavement temperature predictions, especially at deeper layers. Significant relationships were observed between differences in surface heat flux caused by variations in initial temperature conditions and both the prediction start time and error dissipation. The proposed preconditioned initial condition proved to be more accurate than the air-initial condition for both hot and cold days. The proposed rainfall-induced heat flux calculation method effectively supplemented surface heat flux estimation during rainfall events, helping reduce temperature prediction discrepancies. The enhanced temperature prediction model developed in this study demonstrated broad applicability across various regions and seasons and achieved higher accuracy than existing models, even when the impact of initial error was not significant.
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Tables
Table 1. Depth of Thermistors.
	No.
	Depth (mm)

	
	Section 20-4054
	Section 39-0901

	1
	23
	25

	2
	119
	55

	3
	214
	84

	4
	805
	524

	5
	883
	600




[bookmark: _Toc201844324]Table 2. Thermophysical properties inputs.
	Material
	
	e
	k (W·m-1·K-1)
	(J ·K-1·m-3)

	Cement concrete
	0.390
	0.850
	2.250
	2.000×106

	Asphalt concrete
	0.135
	0.875
	1.500
	2.800×106

	Cement treated material
	N/A
	N/A
	2.000
	2.000×106

	Asphalt treated material
	N/A
	N/A
	1.200
	2.000×106

	Crushed stone
	N/A
	N/A
	2.000
	1.600×106

	Grain soil
	N/A
	N/A
	1.000
	2.000×106




Table 3. Climate data input sources.
	Weather data
	Section 20-4054
	Section 39-0901

	Solar radiation
	AWS
	AWS

	Air temperature
	AWS
	SMP

	Wind speed
	AWS
	AWS

	Precipitation
	SMP
	AWS

	Relative humidity
	AWS
	AWS

	Cloud percentage
	MERRA-2
	MERRA-2




Table 4. Calibrated climate parameters.
	Calibrated climate parameter
	Section 20-4054
	Section 39-0901

	Convective parameters
	
	2.024
	2.229

	
	
	0.011
	0.010

	
	
	1.688
	1.740

	[bookmark: _Hlk204420629]Effective rainwater mass coefficient, 
	1.764×10-5
	2.500×10-5





Table 5. Summary of validation periods.
	Section
	Hot-day periods
	Cold-day periods

	
	Preconditioning
	Validation 
	Preconditioning
	Validation

	20-4054
	July 21–31, 1998
	August 1–7, 1998
	February 18–28, 1998
	March 1–7, 1998

	39-0901
	July 21–31, 2002
	August 1–7, 2002
	December 10–20, 1999
	December 20–26, 1999





Figures
	[image: Figure 3.1(a) is a graph showing the simplified schematic of pavement Section 20-4054. From top to bottom, the structure consists of a 0.241 m thick Portland cement concrete layer, a 0.086 m thick cement-treated base, and a 3 m thick grained soil layer. Five thermistors are positioned approximately at the following locations: near the top, middle, and bottom of the first layer; upper-middle of the third layer; and the middle of the third layer.]
	[image: Figure 3.1(b) is a graph showing the simplified schematic of pavement Section 39-0901. The top two layers are asphalt concrete (AC), the third and fourth layers are asphalt-treated layers, the fifth is crushed stone, and the sixth and seventh layers are grained soil. Thermistors for pavement temperature measurement are embedded in the first, second, and fifth layers, with one, two, and two thermistors, respectively.]

	(a) Section 20-4054
	(b) Section 39-0901


Figure 1. (see captions list).
[image: Figure 3.2 is a schematic of one-dimensional pavement modeling. The top of the model involves incident solar radiation, reflected solar radiation, long-wave radiation, convection, and the effect of rain. The topmost node is referred to as the surface node; nodes located within a material layer are called interior nodes; nodes at the interface between different material layers are referred to as interface nodes; and the bottommost node is called the bottom node. The distance between adjacent nodes is uniformly defined as Δz.]
Figure 2. (see captions list).
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Figure 3. (see captions list).
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Figure 4. (see captions list).


[image: ]
Figure 5. (see captions list).
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	(a) Section 20-4054
	(b) Section 39-0901


Figure 6. (see captions list).
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Figure 7. (see captions list).
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Figure 8. (see captions list).
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Figure 9. (see captions list).
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	(a) Net surface heat flux
	(b) Difference of q and temperature


Figure 10. (see captions list).
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	(a) Error elimination time vs. 3-day ∑Δq
	(b) Initial time vs. average 3-day ∑Δq


Figure 11. (see captions list).
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	(a) Section 20-4054
	(b) Section 39-0901


Figure 12. (see captions list).
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	(a) Hot-day for Section 20-4054
	(b) Cold-day for Section 39-0901


Figure 13. (see captions list)
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Figure 14. (see captions list).
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Figure 15. (see captions list).
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Figure 16. (see captions list).
[image: ]
Figure 17. (see captions list).

Figure captions
Figure 1. Simplified schematics of pavement structures.
Figure 2. Schematic of one-dimensional pavement modeling.
Figure 3. Prediction results for Section 20-4054 during its calibration period.
Figure 4. Prediction results for Section 39-0901 during its calibration period.
Figure 5. Example illustrating the impact of rainfall events on pavement temperature in Section 20-4054.
Figure 6. Prediction results for the full temperature profile during the calibration periods.
Figure 7. Temperature profiles at the time of model initialization (00:00 on July 1, 1998).
Figure 8. Prediction results under different initial conditions at 23 mm (Section 20-4054).
Figure 9. Prediction results under different initial conditions at 883 mm (Section 20-4054).
Figure 10. Comparison of predictions based on air-initial and measured-initial conditions.
Figure 11. Relationships involving the 3-day total difference of q after model initialization.
Figure 12. RMSE values during validation periods at all depths.
Figure 13. Initial temperature conditions for validation periods
Figure 14. Near-surface temperature results for the hot-day validation of Section 20-4054.
Figure 15. Validation of the rainfall effect on pavement temperature for Section 20-4054.
Figure 16. Temperature results at a depth of 214 mm for the hot-day validation of Section 20-4054.
Figure 17. Near-surface temperature results for the cold-day validation of Section 39-0901.
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