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Abstract 22 

Under global warming, grassland wildfire risk has increased substantially. The WRF-23 

SFIRE model was applied to the extreme grassland wildfire that occurred in Inner 24 

Mongolia in 2023, with satellite-derived fire perimeters used to evaluate the effects of 25 

meteorological forcing, land cover, and key driving factors on fire behavior, as well as 26 

to optimize model performance. For meteorological forcing, the FNL 6 h two-way 27 

coupling configuration achieved the highest spatial agreement with observations, with 28 

a recall of 39.1%, whereas ERA5 was more sensitive to short-term meteorological 29 

variability but tended to overestimate fire spread. For land cover, FROM_GLC30 (2017) 30 

showed relatively high overall agreement but tended to overexpand the fire, 31 

GlobeLand30 (2020) produced more conservative simulations, and GLC_FCS30D 32 

(2022) achieved the best overall performance. Fire-atmosphere feedback significantly 33 

enhanced fire spread rate and burned area. Wind speed exerted the strongest influence 34 

on burned area and spread distance, relative humidity mainly controlled spread rate and 35 

flame length, and air temperature played a secondary role. Among the fuel-related 36 

parameters, fuel load mainly affected flame intensity, fuel depth dominated burned area 37 

variation, and fuel moisture effects mainly regulated spread rate. In addition, the 38 

optimized computational configuration, particularly the combined use of PNetCDF and 39 

asynchronous I/O, reduced runtime by 29.3% relative to the baseline case. These results 40 

clarify the differential effects of input data and key driving factors on grassland fire 41 

behavior simulations and provide more reliable support for fire risk warning and 42 
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management. 43 

1 Introduction 44 

Grassland fire is a disturbance process in which combustible biomass ignites and 45 

spreads under favorable burning conditions after exposure to natural or anthropogenic 46 

ignition sources, causing varying degrees of damage to grassland ecosystems (Zhou et 47 

al., 2016). Under the combined effects of climate warming and increasing dry fuel loads, 48 

the global risk of grassland fire has intensified and is expected to further increase under 49 

future climate scenarios (Cao et al., 2024). Because of its rapid onset, fast spread, and 50 

the difficulty of suppression, grassland fire can cause substantial ecological, economic, 51 

and social losses, posing serious challenges to regional safety and emergency 52 

management. A better understanding of fire behavior is therefore essential for 53 

improving grassland fire response. Fire behavior describes the integrated characteristics 54 

of fire development from ignition to extinction, including burned area, rate of spread, 55 

flame height, residence time, fuel consumption, and fire intensity (Zhang et al., 2012). 56 

Grassland fire behavior is governed primarily by topography, fuel, and meteorological 57 

conditions (Ager et al., 2011). Among these factors, meteorological forcing is 58 

particularly important because of its strong spatiotemporal variability and its dynamic 59 

interaction with fire evolution. Fire-induced plume rise and associated inflow can in 60 

turn modify near-surface winds and alter the rate and direction of fire spread. However, 61 

traditional remote sensing products mainly provide static fire information and are 62 

limited in their ability to resolve the dynamic evolution of fire behavior because of 63 

constraints in temporal resolution, spatial resolution, and timeliness. These limitations 64 

reduce their utility for real-time fire analysis and emergency response. Fire spread 65 

models provide an effective alternative by explicitly simulating the key physical and 66 

chemical processes involved in fire propagation, thereby supporting more accurate 67 

identification of high-risk areas and more informed decisions in fire management and 68 

resource allocation. 69 

Depending on whether fire-atmosphere interactions are represented, fire spread 70 

models can be broadly divided into uncoupled and coupled models. Uncoupled models, 71 

such as BEHAVE and other empirical or semi-empirical fire spread models, typically 72 

represent combustion using simplified energy-balance equations, combustion 73 

assumptions, or relationships derived from laboratory and point-ignition experiments, 74 

while treating meteorological variables as prescribed external forcing. This framework 75 

is computationally efficient and flexible in its input requirements, but it cannot 76 

represent feedbacks from the fire to the atmosphere (Burgan and Rothermel, 1984; 77 

Wang, 1992; Linn et al., 2002; Li, 2023). Coupled models, such as CAWFE, 78 

ARPS/DEVS-FIRE, HIGRAD/FIRETEC, and WRF-Fire (WRF-SFIRE), address this 79 

limitation by explicitly representing two-way fire-atmosphere interactions. At each time 80 

step, heat and moisture fluxes calculated by the fire module are passed to the 81 

atmospheric model, allowing the coupled evolution of fire and atmosphere to be 82 

resolved more realistically (Clark et al., 2004; Patton and Coen, 2004; Hu et al., 2012; 83 

Kochanski et al., 2013; Yang and Dong, 2020). Among these models, WRF-SFIRE has 84 
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several advantages. It is built on the mature Weather Research and Forecasting (WRF) 85 

framework, incorporates the Rothermel spread model in a flexible way, and uses a level-86 

set method to represent fire spread and two-way fireline-atmosphere feedback on high-87 

resolution grids. These features make it well suited for simulating fire-induced 88 

circulation, plume development, and their influence on spread pathways over complex 89 

terrain (Cheung et al., 2025). WRF-SFIRE has therefore been widely used in fire 90 

behavior studies, emergency response support, and studies of interactions between fire 91 

and the boundary layer. For example, in a complex terrain fire, the model successfully 92 

reproduced the dynamic interaction between wind and the fire front during the Xintian 93 

forest fire in Hunan Province, highlighting the key role of topographic forcing in 94 

shaping fire spread pathways (Hu et al., 2024). It has also been shown to capture 95 

mesoscale circulations generated by fire-atmosphere feedbacks. In simulations of the 96 

Bridger Foothills Fire in Montana, WRF-SFIRE reproduced lateral spread associated 97 

with a fire-induced vortex, improving understanding of coupled fire-atmosphere 98 

processes (Cheung et al., 2025). In addition, evaluation against the FireFlux II 99 

experimental burn showed that the two-way coupled framework improved the 100 

simulation of convergent flow near the fire head and the rate of spread compared with 101 

conventional one-way coupled approaches (Benik et al., 2023). By further coupling 102 

WRF-SFIRE with WRF-Chem, the WRF-SFIRE-Chem (WRFSC) model has been 103 

developed, making it possible to simulate fire emissions, aerosol radiative effects, and 104 

ozone chemistry simultaneously (Mallia et al., 2025). 105 

 However, the application of WRF-SFIRE to grassland fire remains constrained by 106 

two major challenges. One is the uncertainty associated with the choice of 107 

meteorological forcing and land-cover input data. The other is the high computational 108 

cost of high-resolution simulations, which limits both operational application and large-109 

sample sensitivity analysis. To address these issues, this study investigates three aspects 110 

of WRF-SFIRE performance: input data, controlling factors, and computational 111 

efficiency. We first evaluate different combinations of meteorological reanalysis and 112 

land-cover datasets to identify the most suitable input configuration for the study area 113 

and reduce simulation uncertainty. We then conduct controlled experiments to assess 114 

the sensitivity of key fire-behavior metrics, including burned area, rate of spread, spread 115 

distance, and flame length, to major meteorological variables and fuel properties. 116 

Finally, we examine several approaches for improving computational efficiency, 117 

including compiler selection, parallel strategy, domain decomposition, and I/O 118 

optimization. The overall aim is to improve the applicability of WRF-SFIRE for 119 

grassland fire simulation and to provide more reliable support for fire risk assessment, 120 

early warning, and emergency response.  121 

2 Data and methods 122 

2.1 Case and domain configuration 123 

This study examines an extreme grassland fire that occurred at 07:30 UTC on 1 124 

May 2023 in Prairie Chenbarhu Banner, Hulunbuir, Inner Mongolia, China 125 

(approximately 119.09°E, 49.20°N). The observed burned extent was delineated from 126 

https://doi.org/10.5194/egusphere-2026-3195
Preprint. Discussion started: 22 July 2026
c© Author(s) 2026. CC BY 4.0 License.



4 

 

pre-fire and post-fire remote sensing images (Fig. 1). The pre-fire image was a Level-127 

1A radiometrically calibrated scene acquired by the Wide Field of View (WFV) sensor 128 

onboard GF-6 on 26 April 2023, whereas the post-fire image was a Level-1A 129 

radiometrically calibrated scene acquired by the Wide Field of View 1 (WFV1) sensor 130 

onboard GF-1 on 10 May 2023. Both images had a spatial resolution of 16 m. The 131 

burned area was initially extracted using the Burned Area Index (BAI) and subsequently 132 

refined through visual interpretation to improve boundary accuracy. The final burned 133 

area extended from approximately 118.76°E to 119.58°E and from 49.20°N to 50.00°N, 134 

with a total burned area of about 129,900 ha. 135 

 136 

Fig. 1．Observed burned extent of the 1 May 2023 grassland fire. 137 

The fire occurred over relatively flat terrain, with slopes of 3°-5°, and the surface 138 

vegetation was dominated by graminoid grasses. However, fuel distribution near the 139 

ignition area showed marked spatial heterogeneity. In some areas, hay harvesting in the 140 

previous year had reduced grass height to only 5-20 cm, whereas in undisturbed areas 141 

the grass height reached 60-70 cm, producing a pronounced gradient in fuel availability. 142 

Weather conditions on the day of the fire were highly favorable for rapid fire spread. 143 

Skies were clear, no precipitation had occurred during the previous 7 days, and relative 144 

humidity was as low as 12%-13%. Under the influence of strong southeasterly winds, 145 

the mean wind speed recorded at the Hailar station (49.25°N, 119.7°E) was 9 m/s, 146 

whereas wind speeds over the fire area were estimated to be 14.9-15.4 m/s, with 147 

instantaneous wind speeds reaching 19 m/s (Zhou et al., 2025).  148 

 149 
Fig. 2．Three-level nested domains and the fire case study area. The white outline indicates the 150 

boundary of Prairie Chenbarhu Banner, and the dark red area denotes the burned extent derived from 151 

remote sensing imagery. 152 

A three-level nested grid system was used for the numerical simulations (Fig. 153 
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2．Three-level nested domains and the fire case study area. The white outline indicates 154 

the boundary of Prairie Chenbarhu Banner, and the dark red area denotes the burned 155 

extent derived from remote sensing imagery.). The three domains had horizontal 156 

resolutions of 7.5 km, 1.5 km, and 300 m, with 201, 301, and 471 grid points in both 157 

the west-east and south-north directions, respectively. All domains were configured 158 

with 46 vertical levels, and the model time step was set to 12 s. The parent-to-child grid 159 

ratio and time-step ratio were both set to 1:5:5. In the innermost domain, the fire mesh 160 

was refined to 30 m, which was 10 times finer than the atmospheric grid, to better 161 

resolve fireline processes and allow heat to be released progressively into the 162 

atmosphere (Hu et al., 2024). In addition, unlike WRF-Fire, which interpolates wind 163 

speed from 10 m to 6.096 m above ground level, WRF-SFIRE derives the near-surface 164 

wind used for fire spread from the lowest model level and interpolates it to 6.096 m. 165 

All results presented in this study are based on simulations from the innermost domain. 166 

The simulations covered the period from 00:00 to 18:00 UTC on 1 May 2023, with 167 

ignition initiated at 07:30 UTC in the model. 168 

2.2 WRF-SFIRE configuration 169 

 The core modelling tool used in this study was the coupled WRF-SFIRE system, 170 

which explicitly represents the two-way feedbacks between fire spread and atmospheric 171 

dynamics. In this framework, WRF provides the background meteorological fields as a 172 

non-hydrostatic atmospheric model, whereas fire behavior is simulated by the SFIRE 173 

module based on a level-set method (Mandel et al., 2011, 2014). Fire spread is 174 

calculated using the Rothermel model with Anderson’s 13 fuel categories. Within the 175 

coupled system, near-surface winds simulated by WRF are interpolated to the high-176 

resolution fire grid at each time step, and, together with terrain and fuel properties, drive 177 

fire propagation. At the same time, sensible and latent heat fluxes released by 178 

combustion are fed back into the atmospheric model, thereby dynamically modifying 179 

local meteorological conditions and enabling the full evolution of fire-atmosphere 180 

interactions to be represented. The main physical parameterization schemes are listed 181 

in Table 1. Large-eddy simulation (LES) was applied in the innermost domain to permit 182 

the explicit representation of turbulent eddies (Cheung et al., 2025). 183 

Table 1. Physical parameterization schemes used in the WRF-SFIRE simulations. 184 

Physics option d01 d02 d03 

Microphysics WSM6 (Hong et al., 2004) 

Longwave radiation RRTMG (Iacono et al., 2008)  

Shortwave radiation Dudhia (Dudhia, 1989)  

Surface layer scheme Revised Monin-Obukhov (Jiménez et al., 2012)  

Land surface model Noah (Chen and Dudhia, 2001)  

PBL scheme YSU (Hong and Lim, 2006) / 

Cumulus scheme Kain-Fritsch (Kain, 2004) / 

Diffusion option 2nd-order diffusion 3D diffusion 

Turbulence closure 
Smagorinsky-Lilly closure  

(Lilly, 1962; Smagorinsky, 1963) 

1.5-order TKE closure 

(Deardorff, 1980) 
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Note: / indicates that the corresponding scheme was not used. 185 

2.3 Simulation accuracy improvement experiments 186 

The simulation accuracy improvement experiments were conducted under 187 

otherwise identical conditions by varying the meteorological forcing and land cover 188 

datasets to quantitatively evaluate their effects on simulation results, such as burned 189 

area and fire spread rate. The meteorological forcing datasets used in this study were 190 

the NCEP Final Operational Global Analysis (FNL) and the ECMWF Reanalysis v5 191 

(ERA5) (National Centers for Environmental Prediction et al., 2015; Hersbach et al., 192 

2020). Both datasets had a spatial resolution of 0.25°, with temporal resolutions of 6 h 193 

for FNL and 1 h for ERA5. The experimental settings for different meteorological 194 

forcing conditions are summarized in Table 2. 195 

Table 2. Configurations of meteorological forcing schemes in the simulation accuracy improvement 196 

experiments. 197 

Meteorological 

forcing dataset 

Temporal 

resolution 

Spatial 

resolution 

Fire-atmosphere two-way 

coupling 

FNL 6h 

0.25° 

FD 

FNL 6h noFD 

ERA5 1h FD 

ERA5 1h noFD 

ERA5 3h FD 

Note: FD indicates that fire-atmosphere two-way coupling was enabled, whereas noFD indicates 198 

that fire-atmosphere two-way coupling was disabled. ERA5 3 h denotes the forcing scheme in which 199 

the original 1 h ERA5 data were ingested into the model at 3 h intervals. 200 

Three 30 m global land cover products were selected to construct fuel spatial 201 

distributions and perform comparative analyses: FROM-GLC (2017), GlobeLand30 202 

(2020), and GLC_FCS30D (2022). FROM-GLC (2017) was released by the Tsinghua 203 

University team and generated based on the fusion and classification of multi-source 204 

medium- and high-resolution remote sensing imagery (Gong et al., 2019). 205 

GlobeLand30 (2020) was released by the National Geomatics Center of China and 206 

developed primarily from Landsat imagery, with the integration of other remote sensing 207 

data such as HJ-1 and GF-1 (Chen et al., 2015, 2021). GLC_FCS30D (2022), released 208 

by the Aerospace Information Research Institute, Chinese Academy of Sciences, is a 30 209 

m dynamic land cover product developed using a continuous change detection approach. 210 

It contains 35 detailed land cover classes and can better characterize vegetation 211 

dynamics and their influence on fuel continuity (Zhang et al., 2024). To ensure 212 

comparability among the datasets, all three land cover products were reclassified, 213 

resampled, and reprojected in ArcGIS Pro to unify their spatial resolution and 214 

coordinate reference system. Because the fire module in WRF-SFIRE uses the 215 

Anderson 13 fuel model as the standardized fuel library (Anderson, 1982), all land 216 

cover types in the study area were converted into fuel categories recognizable by the 217 

model prior to simulation (Lai et al., 2020; Wang et al., 2023; Liu et al., 2024). 218 
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Accordingly, separate fuel mapping relationships were established for the three land 219 

cover datasets to generate different fuel spatial distributions, and their effects on fire 220 

behavior simulations were further evaluated. Detailed fuel mapping schemes and the 221 

resulting fuel type distributions are provided in Supplementary Material. The 222 

experimental settings for different land cover datasets are summarized in Table 3. 223 

Table 3. Configurations of land cover datasets and their fuel mapping schemes in the simulation 224 

accuracy improvement experiments. 225 

Land cover dataset 
Spatial 

resolution 

Number of original land 

cover classes 

Number of mapped fuel 

classes 

FROM_GLC (2017) 

30m 

10 4 

GlobeLand30 (2020) 10 4 

GLC_FCS30D (2022) 35 9 

2.4 Key driving factor identification experiments 226 

The key driving factor identification experiments quantified effects of 227 

meteorological and fuel-related variations on fire behavior and identified dominant 228 

controls on fire spread. Under otherwise identical conditions, a single-factor 229 

perturbation approach was adopted, evaluating responses of burned area, fire spread 230 

rate, and fire spatial pattern. For meteorological sensitivity, wind speed, relative 231 

humidity, and air temperature were perturbed at multiple levels, uniformly over the 232 

entire domain and forcing period. Table 4 summarizes the corresponding schemes. 233 

Table 4. Perturbation schemes of meteorological factors in the key driving factor identification 234 

experiments. 235 

Parameter Perturbation scheme Unit Description 

Wind speed ±2, ±4 m·s⁻¹ 
Wind speed decreased or increased by 2 

and 4 m·s⁻¹ 

Relative humidity ±5, ±10 % 
Relative humidity decreased or increased 

by 5% and 10% 

Air temperature ±2, ±4 ℃ 
Air temperature decreased or increased 

by 2 and 4 °C 

 For fuel-related sensitivity, fuel load and depth were adjusted at multiple levels, 236 

with an additional experiment enabling the fuel moisture model for comparison. 237 

Corresponding settings are given in Table 5. 238 

Table 5. Perturbation schemes of fuel-related factors in the key driving factor identification 239 

experiments. 240 

Parameter Perturbation scheme Unit Description 

Fuel moisture model Enable / Fuel moisture model enabled 

Fuel load ×0.25/0.5/1.5/1.75 kg·m-2 
Adjusted to 0.25, 0.5, 1.5, and 1.75 

times the baseline value 

Fuel depth ×0.25/0.5/1.5/1.75 m 
Adjusted to 0.25, 0.5, 1.5, and 1.75 

times the baseline value 
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2.5 Computational efficiency optimization experiments 241 

The computational efficiency optimization experiments were designed to improve 242 

the runtime performance of large-scale WRF-SFIRE simulations and to support high-243 

resolution fire behavior modelling with rapid computational turnaround. Based on the 244 

parallel computing framework shown in Fig. 3, this study systematically optimized 245 

WRF-SFIRE from both the software and parallel configuration perspectives, focusing 246 

on four aspects: compiler selection, parallel computing strategy, grid decomposition, 247 

and storage I/O optimization. All performance tests were conducted using the same 248 

wildfire case, with a simulation duration of 1 h. Each configuration was repeated three 249 

times, and the average runtime was used for analysis. 250 

 251 

Fig. 3. Parallel computing framework and optimization workflow of WRF-SFIRE. 252 

All numerical simulations and computational optimization tests were performed on 253 

a high-performance computing cluster. The hardware platform consisted of 12 compute 254 

nodes, each with dual Intel Xeon Gold 6148 processors (40 physical cores per node) 255 

and 32 GB DDR4-3200 MHz memory in a dual-channel NUMA architecture. A Lustre 256 

distributed file system supported large-scale I/O operations. The software environment 257 

was CentOS Linux 7, with compilation and parallel execution using the Intel compiler 258 

suite and Intel MPI library. Simulations used WRF v4.4 coupled with SFIRE v0.1, 259 

along with PnetCDF (v1.12.3), NetCDF-C (v4.9.0), and NetCDF-Fortran (v4.6.0). 260 

The first optimization aspect focused on compiler selection. To assess the influence 261 

of different Intel compiler toolchains on the parallel performance of WRF-SFIRE, 262 

comparative tests were conducted using three compilation environments: Intel Parallel 263 

Studio XE 2018 with Intel MPI Library 2018 (v18), Intel OneAPI 2021.4.0 with Intel 264 

MPI Library 2021.4.0 (v21), and Intel OneAPI 2022.3.1 with Intel MPI Library 2021.7 265 

(v22). The corresponding WRF-SFIRE compilation settings are provided in 266 

Supplementary Material. 267 

The second aspect of the optimization focused on the parallel computing strategy. 268 

To compare the effects of different resource configurations on the runtime performance 269 

of WRF-SFIRE under pure MPI and MPI+OpenMP hybrid modes, parallel experiments 270 

were designed based on the relationships among the total number of CPU cores 271 

(𝑁𝑐𝑜𝑟𝑒,𝑡𝑜𝑡𝑎𝑙 ), the number of nodes (𝑁𝑛𝑜𝑑𝑒 ), the number of MPI processes per node 272 
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(𝑁𝑀𝑃𝐼,𝑛𝑜𝑑𝑒 ), and the number of OpenMP threads (𝑁𝑂𝑀𝑃 ). Under the MPI mode, 273 

𝑁𝑐𝑜𝑟𝑒,𝑡𝑜𝑡𝑎𝑙 = 𝑁𝑛𝑜𝑑𝑒 × 𝑁𝑀𝑃𝐼,𝑛𝑜𝑑𝑒 . On this basis, two groups of experiments were 274 

designed: one with fixed 𝑁𝑀𝑃𝐼,𝑛𝑜𝑑𝑒, in which 𝑁𝑐𝑜𝑟𝑒,𝑡𝑜𝑡𝑎𝑙 was adjusted by changing 275 

𝑁𝑛𝑜𝑑𝑒, and the other with fixed 𝑁𝑛𝑜𝑑𝑒, in which 𝑁𝑐𝑜𝑟𝑒,𝑡𝑜𝑡𝑎𝑙 was adjusted by changing 276 

𝑁𝑀𝑃𝐼,𝑛𝑜𝑑𝑒. Under the MPI+OpenMP hybrid mode, 𝑁𝑐𝑜𝑟𝑒,𝑡𝑜𝑡𝑎𝑙 = 𝑁𝑛𝑜𝑑𝑒 × 𝑁𝑀𝑃𝐼,𝑛𝑜𝑑𝑒 ×277 

𝑁𝑂𝑀𝑃 . In this mode, 𝑁𝑐𝑜𝑟𝑒,𝑡𝑜𝑡𝑎𝑙  and 𝑁𝑛𝑜𝑑𝑒 were fixed, and the performance 278 

differences among hybrid parallel configurations were evaluated by varying the 279 

combinations of 𝑁𝑀𝑃𝐼,𝑛𝑜𝑑𝑒 and 𝑁𝑂𝑀𝑃. Detailed descriptions of the two parallel modes 280 

are provided in Supplementary Material. 281 

The third aspect of the optimization focused on grid decomposition. WRF-SFIRE 282 

adopts a two-dimensional MPI domain decomposition scheme (see Supplementary 283 

Material), in which the total number of MPI processes (𝑁𝑀𝑃𝐼,𝑡𝑜𝑡𝑎𝑙 = 𝑁𝑛𝑜𝑑𝑒 ×𝑁𝑀𝑃𝐼,𝑛𝑜𝑑𝑒) 284 

is decomposed into the number of MPI process partitions in the west-east direction 285 

(𝑁𝑝𝑟𝑜𝑐,𝑥 ) and the south-north direction (𝑁𝑝𝑟𝑜𝑐,𝑦 ). To ensure that each subdomain 286 

contains a sufficient number of interior grid cells for effective computation while 287 

controlling the communication overhead associated with subdomain boundaries, the 288 

process decomposition in each direction must satisfy 𝑒𝑤𝑒/𝑁𝑝𝑟𝑜𝑐,𝑥 > 10,   𝑒sn/289 

𝑁𝑝𝑟𝑜𝑐,y > 10. Here, 𝑒𝑤𝑒 and 𝑒𝑠𝑛 denote the total numbers of grid cells in the west-290 

east and south-north directions, respectively. Based on these constraints, and under 291 

fixed values of 𝑁𝑐𝑜𝑟𝑒,𝑡𝑜𝑡𝑎𝑙 and 𝑁𝑂𝑀𝑃, comparative tests were conducted for different 292 

two-dimensional MPI decomposition combinations to identify a more efficient grid 293 

decomposition scheme. 294 

The fourth aspect of the optimization focused on I/O optimization. WRF-SFIRE 295 

supports three main data I/O mechanisms: serial I/O (Serial NetCDF), parallel I/O 296 

(PNetCDF), and asynchronous I/O (Asynchronous I/O via Quilt Server). The relevant 297 

principles are described in Supplementary Material. When asynchronous I/O is enabled, 298 

the total number of I/O processes (𝑁𝐼/𝑂) is the product of the number of processes in 299 

each I/O group (𝑁𝐼/𝑂,𝑡𝑎𝑠𝑘) and the number of I/O groups (𝑁𝐼/𝑂,𝑔𝑟𝑜𝑢𝑝). In this case, the 300 

total number of MPI processes satisfies 𝑁𝑀𝑃𝐼,𝑡𝑜𝑡𝑎𝑙 = 𝑁𝑝𝑟𝑜𝑐,𝑥 ×𝑁𝑝𝑟𝑜𝑐,𝑦 + 𝑁𝐼/𝑂. Based 301 

on this, this study compared the performance differences among serial I/O, parallel I/O, 302 

asynchronous I/O, and PNetCDF combined with asynchronous I/O, and further 303 

evaluated their effects on model runtime efficiency from two aspects: asynchronous I/O 304 

process ratio and grouping strategy. The detailed experimental settings are listed in 305 

Table 6. 306 

Table 6. Experimental settings for I/O optimization. 307 

I/O mode Control condition 

Serial I/O NetCDF enabled 

Parallel I/O PNetCDF enabled 

Parallel I/O 
NetCDF enabled, fixed 𝑁𝐼/𝑂,𝑡𝑎𝑠𝑘 

NetCDF enabled, fixed 𝑁𝐼/𝑂 

Asynchronous I/O + Parallel I/O PNetCDF enabled, fixed 𝑁𝑀𝑃𝐼,𝑡𝑜𝑡𝑎𝑙 
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3 Results and discussion 308 

3.1 Simulation accuracy under different input datasets 309 

 310 

Fig. 4. Time series of burned area and fire spread rate under different meteorological forcing 311 

scenarios. FD and noFD indicate simulations with and without fire-atmosphere two-way coupling. 312 

The horizontal dashed line in panel (a) marks the observed burned area (1299 km2) based on field 313 

investigation. 314 

 For the meteorological forcing experiments, clear differences are found in both the 315 

temporal evolution and spatial pattern of fire spread among the scenarios. As shown in 316 

Fig. 4, the burned area increases continuously in all scenarios after ignition at 7.5 h, 317 

indicating a strong potential for sustained spread of grassland fire in the absence of 318 

human intervention. Under the same meteorological forcing, the FD scenarios show 319 

more pronounced acceleration after approximately 12 h, whereas the noFD scenarios 320 

exhibit a more gradual increase. However, during the later stage of the simulation (>17 321 

h), the burned area in the noFD scenarios exceeds that in the FD scenarios. This 322 

difference may be associated with the real-time feedback in the FD scenarios, which 323 

modifies the local wind field and thermal structure, thereby limiting further fire 324 

expansion. In contrast, the absence of this process in the noFD scenarios allows the 325 

influence of the background meteorological forcing to persist. Under the same coupling 326 

configuration, the ERA5-driven scenarios generally produce larger burned areas and 327 

higher spread rates than the FNL-driven scenarios, indicating that meteorological 328 

forcing with higher temporal resolution is more favorable for representing fire spread. 329 
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 330 

Fig. 5. Spatial differences in burned area under different meteorological forcing scenarios. (a) 331 

Simulated fire perimeters at 30 min intervals from 08:00 to 13:00 UTC, with arrows indicating the 332 

direction of fire-front propagation. (b) Comparison of simulated and observed burned-area 333 

perimeters at 13:00 UTC. (c) Simulated burned areas and Recall values at 13:00 UTC, where Recall 334 

is defined as the ratio of the overlapping area to the total observed burned area. 335 

 Fig. 5 further illustrates differences in fire spread under different meteorological 336 

scenarios. Overall, the ERA5-driven scenarios show faster expansion and stronger 337 

northwestward spread, resulting in a more pronounced outward extension. In contrast, 338 

the FNL-driven scenarios produce more confined fire perimeters, with spread directions 339 

closer to the observed pattern. Further comparison indicates that the ERA5-driven 340 

scenarios consistently exhibit excessive expansion on the northwestern side, whereas 341 

the FNL-driven scenarios better constrain the fire extent. Under both meteorological 342 

forcings, the noFD scenarios show a more uniform spread direction, indicating stronger 343 

control by the background meteorological forcing in the absence of two-way fire-344 

atmosphere feedback. By contrast, the FD scenarios more closely reproduce the 345 

observed fire geometry and spread pathway. Quantitatively, although the ERA5-driven 346 

scenarios produce larger burned areas, all Recall values remain below 20%, whereas 347 

FNL 6h (FD) achieves the highest Recall of 39.1% (507.7 km2), indicating the best 348 

agreement with the observed burned area in both extent and location. 349 
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 350 

Fig. 6. Spatial differences in burned area under different fuel distribution scenarios. Land-cover 351 

classes are shown using the official color schemes of the corresponding datasets, whereas fuel types 352 

are displayed according to the standard color scheme of the Anderson 13 fuel models. 353 

 For the land-cover experiments, Fig. 6 shows the spatial differences in burned area 354 

among the three fuel distribution scenarios. In Fig. 6a, the FROM_GLC30 (2017) 355 

scenario is dominated by short grass fuel, with a relatively homogeneous fuel 356 

distribution, and the fire spread generally follows a linear pattern along the prevailing 357 

wind direction. However, this dataset fails to adequately identify the wetland and marsh 358 

areas along the China-Russia border, causing some of these areas to be mapped as 359 

burnable short grass fuel and thereby leading to pronounced overexpansion when the 360 

fire spreads northward. Nevertheless, this scenario shows better overall spatial 361 

agreement with the observed burn scar than the other two scenarios. By contrast, the 362 

GlobeLand30 (2020) scenario shown in Fig. 6b exhibits a more complex fuel structure, 363 

in which tall grass fuel dominates the burned area. Because tall grass fuel is generally 364 

associated with higher fuel load and greater potential fire intensity, this scenario shows 365 

higher overall burn potential. However, the non-burnable areas are highly fragmented, 366 

creating local barriers to fire spread. As a result, the fire front is repeatedly deflected 367 

during propagation, producing a more irregular fire-head shape. At 13:00 UTC, the 368 

overlap area between the simulated and observed burned areas is 352.1 km2, with a 369 
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Recall of only 27.1%. The GLC_FCS30D (2022) scenario shown in Fig. 6c has the 370 

most detailed fuel classification, including multiple fuel types such as low shrub, 371 

understory vegetation, and forest. Its overall spread pattern is similar to that of the 372 

FROM_GLC30 (2017) scenario, but it is able to identify fine-scale non-burnable 373 

patches along the spread pathway. These areas help limit excessive fire expansion to 374 

some extent, particularly near the fire head. 375 

 376 

Fig. 7. Time series of burned area and fire spread rate under different fuel distribution scenarios. 377 

 As shown in Fig. 7a, differences in burned area among the three fuel distribution 378 

scenarios are not significant during the initial stage of the fire, indicating that fire spread 379 

at this stage is mainly controlled by meteorological conditions such as wind speed and 380 

humidity. However, as time progresses, the burned areas gradually diverge, with the 381 

overall ranking of FROM_GLC30 (2017) > GLC_FCS30D (2022) > GlobeLand30 382 

(2020). This difference reflects the critical influence of fuel spatial structure, 383 

particularly the distribution and connectivity of non-burnable areas, on the later-stage 384 

extent of fire spread. In the fire spread rate curves shown in Fig. 7b, the three fuel 385 

distribution scenarios exhibit similar temporal patterns, suggesting that external 386 

meteorological factors still dominate the overall pace of fire spread. However, the 387 

GLC_FCS30D (2022) scenario shows a marked decrease in spread rate during 12–13 h 388 

of the simulation, which is related to the fire front encountering a relatively large non-389 

burnable area. Overall, although meteorological conditions dominate the initial stage of 390 

fire spread, fuel spatial heterogeneity gradually controls the extent and dynamics of fire 391 

spread during the later stage, thereby significantly amplifying the simulation 392 

differences among the datasets. 393 
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3.2 Fire behavior responses to meteorological and fuel perturbations 394 

 Based on the preceding results, FNL 6h (FD) and FROM_GLC30 (2017) were 395 

selected as the baseline configuration for sensitivity experiments to identify the key 396 

driving factors. Four perturbation levels were then applied to wind speed (WS), relative 397 

humidity (RH), and air temperature (TT), and the results are shown in Fig. 8. 398 

 399 
Fig. 8. Spatial variability and sensitivity of key fire-behavior parameters to meteorological factor 400 

perturbations. 401 

 Fig. 8a shows that WS perturbations produce the most pronounced spatial response. 402 

As WS increases, both the fire perimeter and the most advanced fire head shift markedly 403 

toward the northeast; as WS decreases, the main axis of the fire turns toward the 404 

northwest and shows a westward expansion. This indicates that WS perturbations can 405 

alter the dominant spread direction of the fire by modifying the near-surface wind 406 

forcing on the fire head and the relative effect of wind-slope coupling. By contrast, 407 

perturbations in RH and TT have weaker effects on the fire perimeter, and the burned 408 

areas remain more compact, extending mainly in the meridional direction. Fig. 8b 409 

further compares the responses of four key fire-behavior metrics to the three 410 
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meteorological perturbations. Burned area shows a consistent response across all 411 

perturbations, with increases in WS, decreases in RH, and increases in TT all leading 412 

to larger burned areas, indicating that stronger winds and warmer, drier conditions favor 413 

fire spread. Spread rate is most sensitive to RH, decreasing markedly as RH increases 414 

and increasing substantially as RH decreases, whereas the effects of WS and TT are 415 

comparatively weaker. Spread distance varies only slightly overall, suggesting a limited 416 

response to meteorological perturbations. Flame length shows an intermediate 417 

sensitivity, with stronger responses to RH and WS and a weaker response to TT. Fig. 8c 418 

further shows that the dominant meteorological controls vary among fire-behavior 419 

metrics. WS has the strongest effect on burned area and spread distance (30.9% and 420 

13.8%), whereas RH shows the highest sensitivity for spread rate and flame length (85.4% 421 

and 54.5%). In contrast, TT shows the weakest overall sensitivity. 422 

As shown in Fig. 9, additional perturbation experiments were performed for the 423 

fuel moisture model (fuelmc), fuel load (fgi), and fuel depth (fueldepthm) to quantify 424 

the relative responses of fire-behavior parameters to different fuel factor perturbations.425 

 426 

Fig. 9. Sensitivity of key fire-behavior parameters to fuel factor perturbations. 427 

Fig. 9a shows that enabling fuelmc reduces burned area, spread rate, and flame 428 
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length by 4.7%, 20.0%, and 4.5%, respectively, while increasing spread distance by 429 

2.5%. This indicates that the fuel moisture model mainly affects metrics related to fire 430 

intensity, with a relatively limited effect on spatial expansion. The dominant sensitivity 431 

analysis in Fig. 9b further indicates that the overall sensitivity of fuelmc is low. Under 432 

fgi perturbations, fuel load is positively correlated with flame length and burned area, 433 

with flame length showing the highest sensitivity and a variation range of 81.8%. When 434 

fgi increases to 1.75 times the baseline, flame length and burned area increase by 27.3% 435 

and 18.6%, respectively; when fgi decreases to 0.25 times the baseline, flame length 436 

and burned area decrease by 54.5% and 12.6%, respectively. By contrast, the effects of 437 

fgi on spread rate and spread distance are weaker, with variation ranges of 14.6% and 438 

3.6%, respectively. Both metrics increase under moderate fuel loading, but this increase 439 

weakens under high fuel loading, indicating a nonlinear response. By comparison, 440 

fueldepthm shows a stronger nonlinear effect on fire behavior. When fueldepthm 441 

decreases to 0.25 times the baseline, burned area, spread rate, spread distance, and flame 442 

length decrease by 62.5%, 22.5%, 32.8%, and 18.2%, respectively, indicating strong 443 

suppression of both fire spread and fire intensity under shallow fuel conditions. As 444 

fueldepthm increases, fire spread capacity and intensity generally increase. However, 445 

when fueldepthm further increases to 1.75 times the baseline, flame length continues to 446 

increase, whereas the increases in the other metrics weaken or become suppressed. Fig. 447 

9b further shows that fueldepthm has the strongest effect on burned area (94.6%), 448 

followed by spread rate. 449 

3.3 Computational optimization strategies for WRF-SFIRE 450 

Using the three Intel compiler toolchain configurations introduced earlier, the 451 

effects of compiler version on parallel performance of WRF-SFIRE were evaluated. 452 

The results showed that v18 produced the shortest runtime, at 17 min 39 s, whereas the 453 

runtimes of v21 and v22 were 18 min 04 s and 17 min 59 s, representing increases of 454 

2.4% and 1.9%, respectively, relative to v18. Therefore, for complex numerical models 455 

such as WRF-SFIRE, the optimal compiler version should still be identified on the basis 456 

of targeted benchmarking under specific hardware and configuration settings. 457 

Table 7. Effects of node scaling and process density configuration on the parallel efficiency of WRF-458 

SFIRE under pure MPI mode. 459 

Test Case 𝑁𝑐𝑜𝑟𝑒,𝑡𝑜𝑡𝑎𝑙 𝑁𝑛𝑜𝑑𝑒 𝑁𝑀𝑃𝐼,𝑛𝑜𝑑𝑒 Runtime 

Node scaling test 

480 12 

40 

15m22s 

320 8 19m57s 

160 4 32m47s 

80 2 59m20s 

Process density test 

400* 

10 

40 17m39s 

360 36 17m11s 

320 32 18m12s 

300 30 19m12s 

Note: * indicates the base case, and the same notation is used hereafter. 460 
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After identifying v18 as the optimal compiler toolchain, further experiments were 461 

conducted according to the settings listed in Table 7 to evaluate the effects of different 462 

resource configurations on the parallel efficiency of WRF-SFIRE under the pure MPI 463 

mode (Table 7). When 𝑁𝑀𝑃𝐼,𝑛𝑜𝑑𝑒 = 40, increasing 𝑁𝑛𝑜𝑑𝑒 from 2 to 12 reduced the 464 

model runtime from 59m20s to 15m22s, indicating that increasing the number of nodes 465 

is an effective way to improve parallel performance. In contrast, when 𝑁𝑛𝑜𝑑𝑒 = 10, 466 

reducing 𝑁𝑀𝑃𝐼,𝑛𝑜𝑑𝑒 from 40 to 30 resulted in only limited runtime variation (17m39s-467 

19m12s). The best performance was achieved with 36 MPI processes per node. Overall, 468 

cross-node scaling contributed more to performance improvement than adjusting per-469 

node process density, and a per-node load of approximately 90%-95% was more 470 

favorable for mitigating intra-node resource contention. 471 

Table 8. Effects of Different Parallel Configurations on the Parallel Performance of WRF-SFIRE.  472 

Parallel mode 𝑁𝑀𝑃𝐼,𝑛𝑜𝑑𝑒 𝑁𝑂𝑀𝑃 𝑁𝑛𝑜𝑑𝑒 𝑁𝑐𝑜𝑟𝑒,𝑡𝑜𝑡𝑎𝑙 Runtime 

MPI* 40 0 

10 400 

17m39s 

MPI+OpenMP 

20 2 15m43s 

10 4 15m06s 

5 8 18m43s 

Based on the pure MPI tests, the performance advantage of the MPI+OpenMP 473 

hybrid parallel mode was further evaluated, and the results are presented in Table 8. 474 

The results show that, under a fixed total computational resource (𝑁𝑐𝑜𝑟𝑒,𝑡𝑜𝑡𝑎𝑙 = 400), 475 

the hybrid parallel mode outperformed the pure MPI mode in most configurations, 476 

although its performance was sensitive to the combination of MPI processes and 477 

OpenMP threads. The best performance was obtained at 𝑁𝑀𝑃𝐼,𝑛𝑜𝑑𝑒 = 10 and 𝑁𝑂𝑀𝑃 =478 

4, for which the runtime was reduced by approximately 14.5% relative to the pure MPI 479 

mode. This indicates that introducing an appropriate number of OpenMP threads while 480 

reducing the number of MPI processes can help decrease inter-process communication 481 

overhead and improve the utilizationefficiency of shared-memory resources within 482 

each node. However, when 𝑁𝑂𝑀𝑃 was further increased to 8, the runtime increased 483 

markedly and even exceeded that of the pure MPI mode, suggesting that a higher thread 484 

count may introduce additional overhead associated with thread scheduling, 485 

synchronization, and memory access. Overall, the optimal MPI/OpenMP combination 486 

should be determined by specific hardware and model characteristics, and simply 487 

increasing threads does not necessarily improve parallel efficiency. 488 

Table 9. Effects of grid decomposition on the parallel computational efficiency of WRF-SFIRE. 489 

𝑁𝑐𝑜𝑟𝑒,𝑡𝑜𝑡𝑎𝑙 𝑁𝑝𝑟𝑜𝑐,𝑥 𝑁𝑝𝑟𝑜𝑐,𝑦 𝜂 Runtime 

120 

6 20 2.33 22m02s 

8 15 0.88 22m48s 

10 12 0.20 24m30s 

12 10 0.20 25m02s 

15 8 0.88 26m43s 

20 6 2.33 29m20s 

https://doi.org/10.5194/egusphere-2026-3195
Preprint. Discussion started: 22 July 2026
c© Author(s) 2026. CC BY 4.0 License.



18 

 

Note: 𝜂 is the asymmetry index, defined as 𝜂 =
|𝑁𝑝𝑟𝑜𝑐,𝑥−𝑁𝑝𝑟𝑜𝑐,𝑦|

𝑚𝑖𝑛(𝑁𝑝𝑟𝑜𝑐,𝑥,𝑁𝑝𝑟𝑜𝑐,𝑥)
, which quantifies the imbalance 490 

in MPI process allocation between the two directions. Larger 𝜂 values indicate greater imbalance. 491 

On the basis of the theoretical framework and quantitative criteria described in the 492 

previous section and Supplementary Material, the actual impact of grid decomposition 493 

strategy on the parallel computational efficiency of WRF-SFIRE was further evaluated. 494 

Under the constraints of the hardware configuration (𝑁𝑛𝑜𝑑𝑒 ≤ 12,𝑁𝑀𝑃𝐼,𝑛𝑜𝑑𝑒 ≤ 40 ) and 495 

the model grid decomposition rules (𝑒𝑤𝑒/𝑁𝑝𝑟𝑜𝑐,𝑥 > 10,   𝑒sn/𝑁𝑝𝑟𝑜𝑐,y > 10), the total 496 

number of parallel tasks was fixed at 120, and the results are shown in Table 9. When 497 

process allocation was dominant in one direction, highly asymmetric configurations 498 

exhibited higher computational efficiency than near-symmetric configurations. This 499 

finding contrasts with the communication-optimization preference commonly 500 

recommended in the WRF documentation, namely 𝑁𝑝𝑟𝑜𝑐,𝑥 ≈ 𝑁𝑝𝑟𝑜𝑐,𝑦 , and suggests 501 

that WRF-SFIRE has its own specific requirements for process decomposition. In 502 

addition, the two highly asymmetric configurations with 𝜂 = 2.33 showed markedly 503 

different performance. Specifically, the case with 𝑁𝑝𝑟𝑜𝑐,𝑥 = 6  and 𝑁𝑝𝑟𝑜𝑐,𝑦 = 20 , 504 

indicating a larger number of processes in the north-south direction, achieved the 505 

shortest runtime (22m02s), whereas the case with 𝑁𝑝𝑟𝑜𝑐,𝑥 = 20  and 𝑁𝑝𝑟𝑜𝑐,𝑦 = 6 , 506 

indicating a larger number of processes in the east-west direction, produced the longest 507 

runtime (29m20s). These results indicate that the parallel computational load of WRF-508 

SFIRE is sensitive to directional decomposition. Allocating more processes in the 509 

north-south direction than in the east-west direction is therefore beneficial for 510 

optimizing the global communication pattern and computational load distribution, 511 

thereby improving overall computational efficiency.  512 

Table 10. Effects of asynchronous I/O configurations on the parallel computational efficiency of 513 

WRF-SFIRE. 514 

Test Case 𝑁𝐼/𝑂,𝑡𝑎𝑠𝑘 𝑁𝐼/𝑂,𝑔𝑟𝑜𝑢𝑝 𝑁𝐼/𝑂 I/O Ratio 𝑁𝑐𝑜𝑟𝑒,𝑡𝑜𝑡𝑎𝑙 Runtime 

Asynchronous 

I/O process ratio 

0* 1 0 0% 

400 

17m39s 

5 

2 10 2.5% 16m20s 

4 20 5% 17m49s 

6 30 7.5% 16m02s 

8 40 10% 14m38s 

10 50 12.5% 13m49s 

12 60 15% 16m27s 

14 70 17.5% 17m54s 

Asynchronous 

I/O task 

grouping 

1 50 

50 7.5% 400 

/ 

2 25 15m43s 

5 10 13m49s 

10 5 14m19s 

25 2 13m38s 

50 1 / 

Note: Test cases for which valid integrated results could not be obtained are indicated by /. 515 

On this basis, the effect of I/O performance on computational speed was further 516 

evaluated. According to the experimental setup listed in Table 6, the runtime was 517 
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17m39s when NetCDF with serial I/O was used, whereas it decreased to 15m40s when 518 

PNetCDF with parallel I/O was adopted. The advantages of asynchronous I/O were 519 

further investigated, and the results are presented in Table 10. The results in Table 10 520 

reveal two key optimization patterns. First, there exists an optimal proportion of I/O 521 

resources. In the tests of asynchronous I/O process ratio, the best performance was 522 

obtained when the proportion of I/O processes ranged from 7.5% to 12.5%, with 523 

runtimes of 13m49s to 16m02s. Performance deteriorated when the proportion was too 524 

low (≤5%) or too high (≥15%), indicating that computational and I/O resources must 525 

be carefully balanced. Second, the internal grouping layout of I/O processes also had a 526 

marked effect on performance. In the asynchronous task grouping tests, the total 527 

number of I/O processes was fixed at 50, while the number of processes per group and 528 

the number of groups were varied. The optimal performance was achieved with a 529 

configuration of 25 processes per group and 2 groups, which yielded the shortest 530 

runtime of 13m38s. 531 

To further overcome the computational performance bottleneck, asynchronous I/O 532 

was combined with the parallel I/O library PNetCDF for joint optimization. Using the 533 

previously identified optimal grouping configuration (𝑁𝐼/𝑂,𝑡𝑎𝑠𝑘 = 25, 𝑁𝐼/𝑂,𝑔𝑟𝑜𝑢𝑝 = 2) , 534 

additional tests were conducted. Under this combined scheme, the runtime of the 1 h 535 

fire case was reduced to 12m20s, representing an improvement of approximately 9.2% 536 

relative to the best result obtained using asynchronous I/O alone (13m38s), and 29.3% 537 

relative to the baseline serial I/O case (17m39s). These results demonstrate that the 538 

combined asynchronous I/O and PNetCDF strategy effectively alleviated the I/O 539 

bottleneck in WRF-SFIRE and provided a substantial performance gain for high-540 

resolution and long-duration operational simulations. 541 

4 Conclusions 542 

 This study systematically evaluated the effects of meteorological forcing, land-543 

cover-derived fuel distribution, and key fire-related parameters on WRF-SFIRE 544 

simulations of the 1 May 2023 extreme grassland fire in Prairie Chenbarhu Banner, 545 

Inner Mongolia, and further optimized the model performance from the perspectives of 546 

compiler selection, parallel strategy, grid decomposition, and I/O configuration. 547 

The results showed that fire–atmosphere feedback significantly enhanced the 548 

spread rate and burned area by strengthening local winds and promoting low-pressure 549 

development. Among the tested meteorological forcings, the FNL 6h-driven case 550 

achieved the best spatial agreement with the observed burn scar, with a Recall of 39.1%, 551 

whereas ERA5 was more responsive to short-term meteorological variability but tended 552 

to overestimate fire spread. Land-cover data affected the simulations mainly through 553 

their influence on fuel spatial distribution. FROM_GLC30 (2017) produced overall 554 

better agreement with the observed burned area but tended to overexpand the fire 555 

perimeter, GlobeLand30 (2020) gave more conservative results because of weaker fuel 556 

continuity, and GLC_FCS30D (2022) performed better in identifying fine-scale non-557 

burnable patches and suppressing excessive head-fire expansion. Sensitivity 558 

experiments further indicated that wind speed was the dominant meteorological factor 559 
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controlling burned area and spread distance, relative humidity mainly affected spread 560 

rate and flame length, and air temperature played a comparatively weaker role. Among 561 

fuel parameters, fuel load mainly influenced fire intensity, fuel depth dominated burned 562 

area changes, and fuel moisture primarily regulated spread rate. 563 

The computational optimization results demonstrated that the performance of 564 

WRF-SFIRE was jointly controlled by compiler environment, process decomposition, 565 

load balance, and I/O strategy. On the Intel Xeon Gold 6148 platform, Intel 18 showed 566 

the best overall performance. Asymmetric process decomposition, 90%-95% core 567 

utilization, and hybrid MPI+OpenMP parallelization further improved runtime 568 

efficiency and reduced memory pressure. The optimized configuration, particularly the 569 

combined use of PNetCDF and asynchronous I/O, achieved an overall runtime 570 

reduction of 29.3% relative to the baseline case. These results highlight the importance 571 

of both physically realistic input representation and architecture-aware computational 572 

optimization for efficient and reliable grassland fire simulation. Future work should 573 

focus on developing localized fuel parameter datasets, quantifying coupled effects 574 

among multiple environmental factors, and improving the representation of firefighting 575 

intervention in order to enhance model realism and applicability in operational 576 

scenarios. 577 
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