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Abstract 24 

Accurate simulation of near-surface wind speeds over complex terrain is essential for wind energy 25 

assessment, ecological conservation, and hydro-climatic change studies. This study presents a 50-26 

year (1971–2020) evaluation of the RegCM5 regional climate model over the Yellow River Basin, 27 

China. Three dynamical configurations are systematically compared: the traditional hydrostatic 28 

core (Model 1), the MM5-like non-hydrostatic core (Model 2), and the newly introduced Moloch 29 

non-hydrostatic core (Model 3). Driven by ERA5 reanalysis at a 25-km resolution, the simulations 30 

are validated against high-density observations (CN05.1). Results indicate that while all 31 

configurations capture the spatial climatology, they exhibit a systematic positive wind speed bias 32 

(+1.3 to +2.8 m s⁻¹), particularly in the rugged Upper Reaches due to sub-grid  topographic 33 

smoothing. . However, Model 3 (Moloch) consistently outperforms the other configurations, 34 

achieving the lowest bias magnitude and the highest distributional fidelity (Perkins Skill Score). 35 

Regarding long-term trends, all models reproduce the interannual variability driven by large-scale 36 

circulation but fail to capture the magnitude of the observed "terrestrial stilling", highlighting a 37 

critical need to incorporate time-varying land use forcing in future multi-decadal experiments. 38 

Crucially, the study reveals a decisive disparity in computational efficiency. While the traditional 39 

non-hydrostatic core (Model 2) is computationally expensive due to strict CFL stability constraints 40 

(dt=25 s), the Moloch core (Model 3) maintains numerical stability with a significantly larger time 41 

step (dt=200 s). This capability results in a 58% reduction in total runtime compared to Model 2 42 

and a 17% reduction compared to the hydrostatic baseline, without compromising physical 43 

accuracy. Consequently, the Moloch core emerges as the optimal configuration for long-term 44 

regional climate downscaling over complex terrains, effectively bridging the gap between high 45 

physical fidelity and numerical efficiency. 46 

 47 

Keywords: RegCM5; Dynamical Cores; Wind Speed; Yellow River Basin; Computational 48 
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1. Introduction 51 

Near-surface wind speed is a fundamental meteorological variable that governs land-atmosphere 52 

interactions, modulates evapotranspiration rates, and determines wind energy potential. In the 53 

context of global climate change, a widespread decline in surface wind speeds—known as "global 54 

terrestrial stilling"—has been observed over the past few decades, followed by a potential reversal 55 

in recent years (McVicar et al. 2012; Zeng et al. 2019). This phenomenon has profound 56 

implications for the hydrological cycle and renewable energy sectors, particularly in China, where 57 

wind power is a cornerstone of the national strategy to reach carbon neutrality (Ji et al. 2024). 58 

The Yellow River Basin (YRB), revered as China's "Mother River" (Huang He) and northern 59 

China's "ecological shield", constitutes a critical region for hydroclimatic assessments (Li et al. 60 

2024). Spanning from the rugged Tibetan Plateau through the highly erodible Loess Plateau to the 61 

eastern alluvial plains, the YRB features immense topographical complexity that has historically 62 

shaped Chinese civilization while presently sustaining over 12% of the national population and 63 

approximately one-third of China's grain production. In this socio-ecologically coupled system, 64 

near-surface winds are not merely a climatic resource but a pivotal driver of aeolian soil erosion, 65 

dust storm genesis, and air quality degradation (Yang et al. 2024), directly impacting the basin's 66 

ecological conservation strategies, renewable energy development, and sustainable water-soil-food 67 

resource management. Therefore, acquiring accurate, high-resolution, and long-term 68 

spatiotemporal distributions of wind speed is imperative for both regional climate resilience and 69 

national food security. 70 

However, Global Climate Models (GCMs), with their coarse horizontal resolutions (typically > 71 

100 km), struggle to resolve the intricate mesoscale topographic features and local land-surface 72 

processes that dominate near-surface wind regimes. Regional Climate Models (RCMs) have thus 73 

become indispensable tools for dynamically downscaling GCM outputs for bridging the gap 74 

between global forcing and local impact studies. Among these, the International Centre for 75 

Theoretical Physics (ICTP) Regional Climate Model (RegCM) has been extensively employed 76 

and validated over East Asia (Gao et al. 2006, 2017; Park et al. 2016; Gao and Giorgi 2017; Giorgi 77 

2019; Xin et al. 2023; Wu et al. 2024).With the recent transition from RegCM4 to RegCM5, the 78 

model architecture has undergone significant updates. A pivotal development is the introduction of 79 

a new non-hydrostatic dynamical core alongside the traditional hydrostatic one, designed to 80 

enhance simulations at convection-permitting scales (Giorgi et al. 2023; Coppola et al. 2025). 81 

While the theoretical advantages of non-hydrostatic dynamics are clear at very high resolutions, 82 

their added value at mesoscale resolutions (e.g., 10–30 km)—which are computationally feasible 83 

for multi-decadal climatological runs—remains an open question (Prein et al. 2015a). However, 84 

the implementation of advanced non-hydrostatic physics typically incurs a prohibitive 85 

computational penalty. Consequently, the critical trade-off between simulation fidelity and 86 

efficiency is often overlooked in long-term climatological studies (Giorgi 2019; Coppola et al. 87 

2020). 88 

Existing studies evaluating RegCM over China have predominantly focused on temperature and 89 

precipitation (Gao and Giorgi 2017; Pan et al. 2020; Gao 2020; Gu et al. 2020; Nguyen-Xuan et al. 90 

2021; Deng et al. 2023), with relatively less attention paid to the systematic evaluation of wind 91 

speed. Moreover, most comparative assessments of dynamical cores are restricted to short-term 92 

episodes or idealized experiments due to resource constraints (Prein et al. 2015a; Coppola et al. 93 
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2020). Few studies have conducted a long-term (multi-decadal) continuous evaluation of 94 

RegCM5’s diverse dynamical configurations over complex terrains like the YRB. A 50-year 95 

simulation provides a robust observational baseline for climatological validation, enabling the 96 

assessment of models' fidelity in reproducing interdecadal variability and long-term trends such as 97 

the near-surface wind "stilling" phenomenon. 98 

To address these gaps, this study presents a comprehensive evaluation of RegCM5 driven by the 99 

ERA5 reanalysis dataset (Hersbach et al. 2020) over the YRB for the period 1971–2020, with 100 

three primary objectives: (i) to evaluate the long-term performance of RegCM5 in reproducing 101 

spatiotemporal characteristics, interannual variability, and long-term trends (including the 102 

"stilling" phenomenon) of near-surface wind speed over complex terrain; (ii) to systematically 103 

compare the simulation capabilities of three distinct dynamical cores (one hydrostatic and two 104 

non-hydrostatic configurations) in capturing regional wind climatology; and (iii) to analyze the 105 

trade-off between model performance and computational cost, thereby identifying the optimal 106 

configuration that balances physical accuracy with computational economy for long-term climate 107 

downscaling. By providing a rigorous benchmark of RegCM5's performance versus efficiency, 108 

this study aims to offer practical guidance for future regional climate applications in the Yellow 109 

River Basin and analogous complex terrains globally. 110 

To address these gaps, this study presents a comprehensive evaluation of RegCM5 driven by the 111 

ERA5 reanalysis dataset (Hersbach et al. 2020) over the YRB for the period 1971–2020, with 112 

three primary objectives: (i) to evaluate the long-term performance of RegCM5 in reproducing 113 

spatiotemporal characteristics, interannual variability, and long-term trends (including the 114 

"stilling" phenomenon) of near-surface wind speed over complex terrain; (ii) to systematically 115 

compare the simulation capabilities of three distinct dynamical cores (one hydrostatic and two 116 

non-hydrostatic configurations) in capturing regional wind climatology; and (iii) to analyze the 117 

trade-off between model performance and computational cost, thereby identifying the optimal 118 

configuration that balances physical accuracy with computational economy for long-term climate 119 

downscaling. By providing a rigorous benchmark of RegCM5’s performance versus efficiency, 120 

this study aims to offer practical guidance for future regional climate applications in the Yellow 121 

River Basin and similar complex terrains globally. 122 
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2. Data and Methods 123 

2.1 Study Area 124 

 125 

Figure 1 The Location of Study Area and Topography 126 

This study investigates the YRB, the second-largest river basin in China, spanning 127 

approximately between 96°E–119°E and 32°N–42°N. The basin is characterized by a massive 128 

distinct three-step staircase topography, decreasing in elevation from west to east, which creates 129 

significant gradients in climate and surface roughness (Figure.1). Based on hydrological and 130 

topographical characteristics, the YRB is geographically partitioned into three distinct sub-regions: 131 

• The Upper Reaches: Originating from the Bayan Har Mountains on the northeastern 132 

Qinghai-Tibet Plateau, this region is characterized by high elevation (mostly > 3000 m), 133 

complex alpine terrain, and permanent glaciers. It serves as the primary water source but 134 

poses significant challenges for terrain-following coordinates in climate models. 135 

• The Middle Reaches: This section traverses the Loess Plateau, a region renowned for its 136 

fragmented gullies, fragile ecology, and highly erodible soil. The topography here is 137 

undulating with elevations ranging from 1000 to 2000 m. 138 

• The Lower Reaches: Extending to the Bohai Sea, this region comprises the flat alluvial 139 

plain (North China Plain), characterized by low elevation (< 100 m) and high 140 

urbanization density. 141 

2.2 Model Configuration and Experimental Design 142 

In this study, we utilized the latest version of the Regional Climate Model (RegCM5.0), 143 

developed by the International Centre for Theoretical Physics (ICTP) (Giorgi et al. 2023; Coppola 144 

et al. 2025). The model was driven by the ERA5 reanalysis from the European Centre for 145 

Medium-Range Weather Forecasts (ECMWF), which provided the initial and lateral boundary 146 

conditions (LBCs) updated every 6 hours with an exponential relaxation technique applied at the 147 

lateral buffer zone at a grid spacing of 1.5° (Hersbach et al. 2020). All necessary driving data, 148 

including the initial and boundary conditions and surface dataset, were retrieved from the ICTP 149 

data repository at http://clima-dods.ictp.it/regcm4/. 150 

To assess the impact of dynamical formulations on wind speed simulation over complex terrain, 151 

three experimental simulations were designed using different dynamical cores available in 152 



6 

 

RegCM5, while keeping all other physical parameterizations identical. Based on pre-experiment 153 

sensitivity tests for numerical stability, the configurations and their corresponding time steps (dt, 154 

in seconds) are defined as follows: 155 

• Model 1 (Hydrostatic Control): This configuration employs the standard MM4 156 

hydrostatic dynamical core (idynamic=1) (Giorgi et al. 1993). It is based on the primitive 157 

equations with the hydrostatic assumption, which has been the workhorse of regional 158 

climate modeling for decades but theoretically limits the representation of vertical 159 

accelerations at high resolutions. For this simulation, the integration time step was set to 160 

‘dt = 75’. 161 

• Model 2 (MM5 Non-Hydrostatic): This configuration uses the MM5 non-hydrostatic 162 

dynamical core (idynamic=2) (Grell et al. 1994). It solves the fully compressible non-163 

hydrostatic equations, allowing for a more realistic representation of vertical motion and 164 

gravity waves over steep topography. However, to satisfy the strict Courant-Friedrichs-165 

Lewy (CFL) condition imposed by the explicit solving of fast acoustic modes, a 166 

restrictive time step of dt = 25 s was required, rendering this core computationally 167 

intensive. 168 

• Model 3 (Moloch Non-Hydrostatic): This configuration utilizes the newly introduced 169 

Moloch non-hydrostatic core (idynamic=3) developed by the Institute of Atmospheric 170 

Sciences and Climate (CNR-ISAC) (Buzzi et al. 2014; Trini Castelli et al. 2020). This 171 

core is designed to be computationally efficient while maintaining non-hydrostatic 172 

physics. Leveraging its advanced time-splitting or semi-implicit numerical scheme, 173 

Model 3 operated stably with a significantly larger time step(dt = 200), offering a "fast" 174 

alternative for high-resolution simulations (Coppola et al. 2025). 175 

For physical parameterizations, we adopted a configuration specifically tailored for the East 176 

Asian monsoon region. The Community Land Model version 4.5 (CLM4.5) was selected as the 177 

Land Surface Model (LSM), as it provides a more detailed representation of soil hydrology, 178 

vegetation dynamics, and land-atmosphere exchanges compared to the simpler BATS1e scheme 179 

(Oleson et al. 2013). The Planetary Boundary Layer (PBL) was parameterized using the Holtslag 180 

scheme, which is widely recognized for its robustness in wind field simulations (Holtslag and 181 

Boville 1993). Convective precipitation was treated using the Tiedtke scheme over both land and 182 

ocean grid points (Tiedtke 1989), while grid-scale moisture processes were handled by the 183 

Nogherotto-Tompkins explicit moisture scheme (Nogherotto et al. 2016). Air-sea fluxes were 184 

calculated using the Zeng scheme, with roughness lengths parameterized according to the specific 185 

formula option (Zeng et al. 1998). 186 

The simulations were conducted at a grid spacing of 25 km for the continuous period from 1971 187 

to 2020. The year 1970 was used as a spin-up period to allow the soil moisture and atmospheric 188 

fields to reach dynamic equilibrium, and not  included in the analysis. 189 

2.3 Observational Data 190 

For model validation, we employ the CN05.1 observational dataset, a gridded climate product 191 

widely used in climate model evaluation and long-term climate analysis for China (Wu. and Gao. 192 

2013; Wu et al. 2017; Chen et al. 2020; Miao and Wang 2020; Li et al. 2021). This dataset is 193 

constructed from daily observations at over 2,400 national-level meteorological stations, ensuring 194 
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high spatial density and quality control. The station data were interpolated onto a regular 195 

0.25°*0.25° grid using the "anomaly approach" combined with thin-plate spline for climatology 196 

and angular distance weighting interpolation for the anomaly, which effectively retains spatial 197 

variability while minimizing interpolation errors over complex terrain. In this study, we utilize the 198 

daily mean near-surface (10-m) wind speed data spanning 50 years (1971–2020) as the ground 199 

truth for evaluating the RegCM5 simulations. 200 

2.4 Evaluation Metrics 201 

To ensure spatial consistency between the model outputs and observations, the RegCM5 outputs 202 

were bilinearly interpolated onto the regular 0.25°*0.25° grid as the CN05.1 dataset. The model 203 

performance was assessed using a comprehensive set of statistical metrics. The Mean Bias (MB), 204 

Mean Absolute Error (MAE), and Root Mean Square Error (RMSE) were calculated to quantify 205 

the magnitude of simulation errors: 206 
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where i
M  and i

O  represent the simulated and observed values at the -thi  time step or grid 210 

point, and N  is the total number of samples. 211 

To evaluate the temporal synchronization and phase consistency, the Pearson Correlation 212 

Coefficient (R) was employed: 213 
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where M  and O  denote the mean values of the simulation and observation respectively. 215 

Given the importance of capturing the frequency distribution of wind speeds for wind energy 216 

and extreme event analysis, we utilized two advanced metrics: the Index of Agreement (IOA) 217 

(Willmott 1982),and the Perkins Skill Score (PSS) (Perkins et al. 2007).The IOA, proposed by 218 

Willmott, provides a standardized measure of the degree of model prediction error, varying 219 

between 0 (no agreement) and 1 (perfect match): 220 

 
( )

( )

2

1

2

1

1

N

i i
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N

i i
i

M O
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=

=

 −
= −

 − + −
 (5) 221 

The metric PSS measures the overlap between the simulated and observed probability density 222 
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functions (PDFs): 223 

 ( ), ,
1

min ,
m

M j O j
j

PSS Z Z
=

=   (6) 224 

where m  is the number of bins used to construct the PDF, 
,M j

Z  and 
,O j

Z  are the frequencies of 225 

the simulated and observed values in the -thj bin, respectively. The PSS measures the cumulative 226 

minimum value of the two distributions (model and observation, in this paper, which means 227 

RegCM5 output and CN05.1 respectively) across all bins. It ranges from 0 (no overlap) to 1 228 

(perfect overlap), providing a robust metric for evaluating how well the model captures the full 229 

range of wind speed variability, including extremes. 230 

Furthermore, Taylor diagrams were utilized to provide a concise statistical summary of how 231 

well the simulated patterns match observations in terms of their correlation, root-mean-square 232 

difference, and the ratio of their variances (Taylor 2001). Finally, to address the trade-off between 233 

performance and cost, computational efficiency was quantified by tracking the "Computation 234 

Time per Simulated Year" (hours) for each dynamical core configuration. 235 

3. Results and Analysis 236 

3.1. Climatological Characteristics 237 

We first characterize the models' fidelity in reproducing the multi-decadal (1971–2020) mean 238 

wind speed climatology over the complex terrain of the Yellow River Basin (YRB). Figure 2 239 

presents the spatial distribution of annual mean wind speeds from the CN05.1 observations and 240 

the three RegCM5 simulations. From a qualitative perspective, all dynamical configurations 241 

exhibit a high degree of spatial correlation with observations, successfully capturing the dominant 242 

northwest-to-southeast gradient. The models correctly identify the high-wind regimes over the 243 

northwestern highlands (e.g., the Inner Mongolia Plateau and the Ordos Plateau), driven by the 244 

strong pressure gradients associated with the East Asian Monsoon and the exposed terrain. 245 

Conversely, the models accurately reproduce the diminishing wind speeds towards the southeast, 246 

particularly in the sheltered basins (e.g., Weihe River valleys) and the lower alluvial plains. 247 
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 248 

Figure 2 Spatial distribution of the multi-year mean (1971–2020) near-surface wind speed over the Yellow River 249 

Basin. Panels show the CN05.1 observations (a, e, i, m, q), and the corresponding simulations from Model 1(b, f, j, 250 

n, r), Model 2(c, g, k, o, s), and Model 3 (d, h, l, p, t). Rows represent the annual mean and seasonal means for 251 

Spring (MAM), Summer (JJA), Autumn (SON), and Winter (DJF), respectively. 252 

 253 

However, quantitatively, a systematic positive bias is evident across the domain, as visualized in 254 

Figure 3 and quantified in Table 1. For the Whole Basin, the simulations systematically 255 

overestimate the observed annual mean wind speed (2.6 m s⁻¹), with Models 1 and 2 producing 256 

nearly identical values of 4.6 m s⁻¹ (Bias: +2.0 m s⁻¹). Model 3, however, effectively mitigates this 257 

systemic error, yielding a lower annual mean of 4.3 m s⁻¹ (Bias: +1.7 m s⁻¹). This overestimation 258 

is spatially heterogeneous: the Upper Reaches, characterized by rugged terrain, exhibit the largest 259 

biases (up to +2.2 m s⁻¹ in Models 1 and Model 2), likely attributable to the smoothing of sub-grid 260 

topography at the 25-km resolution, which underestimates surface drag. In contrast, the biases are 261 

notably attenuated in the flatter Lower Reaches (+1.3 to +1.5 m s⁻¹). Temporally, the bias follows 262 

the seasonal cycle of wind intensity, being most pronounced in spring (MAM) and weakest in 263 

autumn (SON). Across all seasons and sub-regions, Model 3 consistently maintains the lowest bias 264 

magnitude, suggesting that the Moloch core offers a superior representation of boundary layer 265 

momentum processes compared to the hydrostatic and MM5 cores. 266 
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 267 

Figure 3 Spatial distribution of the wind speed bias (Model minus Observation) for the period 1971–2020. 268 

Columns represent the biases for Model 1 (left), Model 2 (middle), and Model 3 (right). Rows correspond to the 269 

Annual, MAM, JJA, SON, and DJF means. Red shades indicate overestimation, while blue shades indicate 270 

underestimation. 271 

Table 1 Regional Mean Climatology Statistics 272 

Region Source Annual MAM JJA SON DJF 

Whole Basin 

Obs 2.6 3.1 2.5 2.4 2.5 

Model 1 4.6 (+2.0) 5.1 (+2.1) 4.2 (+1.7) 4.3 (+1.9) 4.9 (+2.4) 

Model 2 4.6 (+2.0) 5.2 (+2.1) 4.2 (+1.7) 4.3 (+2.0) 4.8 (+2.4) 

Model 3 4.3 (+1.7) 4.8 (+1.8) 3.9 (+1.4) 4.0 (+1.7) 4.4 (+2.0) 

Upper 

Reaches 

Obs 2.9 3.4 2.8 2.6 2.7 

Model 1 5.1 (+2.2) 5.5 (+2.2) 4.5 (+1.7) 4.7 (+2.1) 5.5 (+2.8) 

Model 2 5.1 (+2.2) 5.6 (+2.2) 4.5 (+1.7) 4.7 (+2.1) 5.5 (+2.8) 

Model 3 4.7 (+1.8) 5.2 (+1.8) 4.2 (+1.4) 4.4 (+1.7) 5.0 (+2.2) 

Middle 

Reaches 

Obs 2.3 2.7 2.3 2.1 2.1 

Model 1 4.2 (+1.9) 4.7 (+2.0) 3.9 (+1.7) 4.0 (+1.9) 4.3 (+2.1) 

Model 2 4.2 (+1.9) 4.7 (+2.0) 3.9 (+1.7) 3.9 (+1.8) 4.2 (+2.0) 

Model 3 4.0 (+1.7) 4.5 (+1.8) 3.8 (+1.5) 3.7 (+1.7) 3.9 (+1.8) 

Lower 

Reaches 

Obs 2.5 3.0 2.3 2.2 2.5 

Model 1 4.0 (+1.5) 4.7 (+1.7) 3.9 (+1.6) 3.6 (+1.5) 3.8 (+1.3) 

Model 2 4.0 (+1.5) 4.8 (+1.8) 3.9 (+1.6) 3.6 (+1.5) 3.7 (+1.3) 

Model 3 3.8 (+1.3) 4.5 (+1.5) 3.8 (+1.6) 3.4 (+1.3) 3.5 (+1.0) 

*Values in parentheses denote the mean bias (Simulation minus Observation). 273 
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3.2. Statistical Evaluation 274 

 275 

Figure 4 Joint probability density scatter plots of daily mean near-surface wind speed for the period 1971–2020. 276 

Panels are organized by Rows (Model 1, Model 2, and Model 3) and Columns (Whole Basin, Upper Reaches, 277 

Middle Reaches, and Lower Reaches). The red dashed line represents the 1:1 identity line, while the black solid 278 

line indicates the linear regression fit. The color scale represents the frequency of occurrence (log scale). Statistical 279 

metrics (R, RMSE, MAE) are embedded in each panel. 280 

Figure 4 presents the joint probability density scatter plots of simulated versus observed daily 281 

wind speeds, illustrating the overall performance of the three RegCM5 configurations over the 282 

Yellow River Basin and its sub-regions. For the Whole Basin, Models 1 and 2 exhibit similar 283 

performance characteristics, sharing relatively higher correlations (R=0.542 and R=0.554, 284 

respectively) but notable errors (RMSE = 2.595 and 2.568 m s⁻¹; MAE = 2.096 and 2.100 m s⁻¹). 285 

Model 3, in contrast, shows a slightly lower correlation (R=0.507) but achieves a superior 286 

performance in terms of error magnitude, with RMSE and MAE reduced to 2.386 m s⁻¹ and 1.873 287 

m s⁻¹, respectively. 288 

Spatially, the model performance is distinct across different topographic units. The rugged 289 

Upper Reaches pose the greatest challenge, where all models show the lowest correlations and 290 

highest errors, likely due to the difficulty in resolving sub-grid orographic drag (Jiménez and 291 

Dudhia 2012). Moving to the flatter Lower Reaches, performance improves universally. 292 

Specifically, for Model 1, the MAE decreases sharply from 2.256 m s⁻¹ in the Upper Reaches to 293 

1.611 m s⁻¹ in the Lower Reaches, accompanied by a rise in R from 0.495 to 0.606. Similarly, 294 

Model 2 shows a parallel improvement (MAE drops to 1.611 m s⁻¹, R rises to 0.612). Model 3 295 

follows this spatial trend (R improves from 0.474 to 0.539; RMSE drops from 2.487 to 1.933 m 296 

s⁻¹). Crucially, even in the "easiest" Lower Reaches, Model 3 achieves the lowest MAE (1.514 m 297 

s⁻¹) despite having a lower correlation (R=0.539) compared to the other two models (R > 0.60). 298 

This suggests that the performance advantage of the Moloch core may be primarily driven by its 299 

effective correction of wind speed magnitude (bias reduction) rather than an improvement in phase 300 
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synchronization. 301 

 302 

Figure 5 Spatial patterns of statistical evaluation metrics for the three RegCM5 configurations over the Yellow 303 

River Basin (1971–2020). Columns correspond to Model 1, Model 2, and Model 3. Rows display (a-c) Bias (m s⁻¹), 304 

(d-f) RMSE (m s⁻¹), (g-i) MAE (m s⁻¹), (j-l) Pearson Correlation Coefficient, (m-o) Index of Agreement (IOA), 305 

and (p-r) Perkins Skill Score (PSS). 306 

Figure 5 explicitly characterizes the spatial heterogeneity of model performance, revealing a 307 

distinct west-to-east gradient in error magnitude that mirrors the underlying terrain complexity. 308 

The error metrics (RMSE, MAE) verify that the most significant deviations occur in the rugged 309 

Upper Reaches, where topographic forcing is strongest, while the best performance is consistently 310 

found in the flat Lower Reaches. Quantitatively, as detailed in Table 2, Models 1 and 2 exhibit 311 

nearly indistinguishable high-error patterns across the Whole Basin (Bias = +2.0 m s⁻¹, RMSE = 312 

2.50 m s⁻¹), indicating that the standard MM5 core provides no statistical advantage over the 313 

hydrostatic core at this resolution.  314 

In contrast, Model 3 demonstrates a pervasive improvement in error reduction. Visually, this is 315 

evident in Figure 5 (c, f, i), where the deep red hues (indicating high Bias and RMSE) are 316 

noticeably lighter compared to Models 1 and 2. Statistically, Model 3 reduces the Whole Basin 317 

Bias to +1.70 m s⁻¹ and RMSE to 2.33 m s⁻¹. More importantly, regarding the shape of the 318 

distribution, Model 3 achieves a superior Perkins Skill Score (PSS) of 0.52 (compared to 0.44 for 319 

Model 1), with the highest scores concentrated in the Lower Reaches (PSS = 0.62). This indicates 320 
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that while Model 3 may have a slightly lower correlation (R=0.48), it is significantly more 321 

effective at reproducing the probability density function (PDF) of the observed wind speeds, 322 

offering a more physically realistic representation of the regional wind climatology. The 323 

superiority of Model 3 is further underscored by the Index of Agreement (IOA), a composite 324 

metric that rigorously penalizes both phase shift and mean bias. By effectively mitigating the 325 

systematic overestimation, Model 3 achieves the highest IOA values, particularly in the 326 

challenging Upper Reaches (0.46 compared to 0.44 for Models 1 and 2). 327 

Table 2 Regional Mean Metrics Summary 328 

Region Model Bias MAE RMSE Corr IOA PSS 

Whole Basin 

Model 1 +2.01 2.10 2.50 0.52 0.46 0.44 

Model 2 +2.02 2.10 2.49 0.53 0.47 0.43 

Model 3 +1.70 1.87 2.33 0.48 0.48 0.52 

Upper Reaches 

Model 1 +2.16 2.26 2.71 0.50 0.44 0.43 

Model 2 +2.21 2.29 2.70 0.50 0.44 0.41 

Model 3 +1.78 1.96 2.45 0.46 0.46 0.51 

Middle Reaches 

Model 1 +1.92 1.99 2.35 0.55 0.48 0.44 

Model 2 +1.89 1.95 2.31 0.55 0.49 0.44 

Model 3 +1.69 1.84 2.26 0.50 0.49 0.51 

Lower Reaches 

Model 1 +1.48 1.61 1.97 0.61 0.60 0.58 

Model 2 +1.49 1.61 1.96 0.62 0.60 0.57 

Model 3 +1.31 1.51 1.92 0.55 0.60 0.62 

 329 

Figure 6 Violin plots of grid-point performance metrics over the Whole Basin: (a) Bias, (b) RMSE, (c) MAE, (d) 330 

Correlation, (e) IOA, and (f) PSS. Statistical significance was assessed using the Kruskal-Wallis (KW) test for 331 

global differences (p-values in headers) followed by pairwise Mann-Whitney (MW) tests. Brackets indicate 332 

pairwise significance results. 333 

To rigorously assess the statistical significance of the inter-model discrepancies, Figure 6 334 

presents the distribution of grid-point metrics analyzed via the non-parametric Kruskal-Wallis 335 

(KW) test, followed by pairwise Mann-Whitney (MW) comparisons to isolate specific model 336 

differences. The KW results confirm global heterogeneity across the three configurations for all 337 
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metrics (p < 0.001, except IOA at p=0.021). However, the pairwise connectivity analysis reveals a 338 

critical structural insight: Model 1 and Model 2 are statistically indistinguishable. As evidenced by 339 

the connecting brackets in Figure 6 (a-c, e), the differences between the hydrostatic (Model 1) and 340 

standard non-hydrostatic (Model 2) cores are non-significant (p=1.000) for Bias, RMSE, MAE, 341 

and IOA, implying that they belong to the same statistical population regarding error distribution. 342 

In sharp contrast, Model 3 significantly diverges from this group, forming a distinct statistical 343 

entity. The MW tests confirm that Model 3 is significantly different from both Model 1 and Model 344 

2 at the 99.9% confidence level (p < 0.001) for the majority of metrics. Specifically, Model 3 345 

demonstrates a statistically significant reduction in error magnitudes (Bias, RMSE, MAE) and a 346 

substantial enhancement in distributional fidelity (PSS), as shown in Figure 6f. Although Model 3 347 

shows a statistically significant decrease in correlation (Figure 6d), its superior performance in 348 

integrated error metrics and probability density matching highlights the Moloch core's unique 349 

capability to correct systematic biases. 350 

3.3. Temporal Stability 351 

To further investigate the robustness of the model performance over the multi-decadal period, 352 

we analyzed the temporal evolution of the IOA and PSS via monthly heatmaps (Figure. 7 and 353 

Figure. 8). These visualizations reveal a clear seasonal rhythm in simulation skill, with generally 354 

higher fidelity observed during the spring and summer transitions compared to the winter months 355 

across all configurations. 356 

 357 

Figure 7 Temporal heatmaps of the monthly IOA for the Whole Basin from 1971 to 2020. Panels correspond to (a) 358 

Model 1, (b) Model 2, and (c) Model 3. The x-axis represents the calendar months (January to December), and the 359 

y-axis represents the years. The color gradient ranges from blue (low agreement) to red (high agreement). 360 
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 361 

Figure 8 Same as Figure 7, but for PSS. 362 

However, the inter-model comparison exposes a stark contrast in temporal stability. Models 1 363 

and 2 are dominated by "cold" hues (blue shades) across the majority of the 1971–2020 timeline, 364 

particularly for the PSS metric (Figure. 8a, b), indicating a persistent struggle to capture the 365 

observed wind speed probability distributions. In contrast, Model 3 exhibits a pervasive 366 

"warming" of skill scores, characterized by the widespread emergence of yellow and orange tones 367 

(Figure. 7c, Figure. 8c). This improvement is not sporadic but systematic: Model 3 maintains high 368 

IOA and PSS values consistently across interannual variations, effectively mitigating the 369 

"performance dropouts" frequently observed in the hydrostatic and MM5 non-hydrostatic 370 

simulations. This confirms that the superiority of the Moloch core is temporally robust, stemming 371 

from a physically more consistent representation of the flow dynamics rather than a coincidental 372 

bias cancellation in specific years. 373 

Figure 9 presents the time series of annual mean wind speed anomalies (relative to the 1971–374 

2020 climatology) for the Whole Basin and its sub-regions. The observational record reveals a 375 

prominent and statistically significant "atmospheric stilling" phenomenon across the YRB. As 376 

quantified in the inset tables, the observed wind speed exhibits a robust downward trend of -0.127 377 

m s⁻¹/10a for the Whole Basin, with the steepest decline occurring in the Lower Reaches (-0.179 378 

m s⁻¹/10a). However, the RegCM5 simulations struggle to capture this multi-decadal weakening 379 

signal. Regardless of the dynamical core, the simulated trends are essentially negligible, ranging 380 

from -0.011 to -0.022 m s⁻¹/10a, which is an order of magnitude smaller than the observations. 381 

This distinct discrepancy suggests that the observed stilling is likely driven by external factors 382 

(e.g., urbanization or vegetation changes) that are not fully represented in the current experimental 383 

design, as the simulations utilized static land use(Vautard et al. 2010; Li et al. 2019), rather than 384 

being a deficiency unique to a specific dynamical core. 385 

Despite the underestimation of the linear trend, the models show a reasonable capability in 386 

reproducing the interannual variability. The phases of simulated anomalies generally align with 387 

observations (i.e., capturing the correct "high" and "low" wind years). Notably, in terms of 388 

temporal correlation for these annual anomalies, Models 1 and 2 (Hydrostatic and MM5) actually 389 

outperform Model 3 (Moloch). For the Whole Basin, Model 2 achieves the highest correlation 390 

(R=0.37), followed by Model 1 (R=0.34), while Model 3 shows a weaker correlation (R=0.24). 391 

This indicates that while the Moloch core is superior in correcting the climatological mean bias (as 392 

shown in Section 3.1), it does not offer an advantage in capturing the low-frequency interannual 393 

fluctuations driven by large-scale circulation anomalies. 394 
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 395 

 396 

Figure 9 Time series of annual mean near-surface wind speed anomalies (m s⁻¹, relative to the 1971–2020 mean) 397 

averaged over (a) the Whole Basin, (b) Upper Reaches, (c) Middle Reaches, and (d) Lower Reaches. 398 
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3.4. Taylor Diagrams 399 

To provide a holistic synthesis of the models' ability to reproduce the spatiotemporal variability 400 

of the wind field, we employ Taylor Diagrams (Figure. 10 and Figure. 11) and the Taylor Skill 401 

Score (TSS) (Table 3). These diagnostics decompose the model errors into three components: the 402 

correlation coefficient (R), the normalized standard deviation (NSD), and the centered root-mean-403 

square difference (CRMSD). 404 

 405 

Figure 10 Taylor diagrams of the three RegCM5 models with respect to the CN05.1 observations for the period 406 

1971–2020. Panels correspond to (a) Whole Basin, (b) Upper Reaches, (c) Middle Reaches, and (d) Lower 407 

Reaches. 408 

Taylor diagrams (Figure. 10) highlight distinct performance characteristics among the 409 

dynamical cores. Models 1 and 2 generally exhibit higher temporal correlation coefficients but 410 

significantly overestimate the wind speed variance, as indicated by their NSD values exceeding 411 

1.25. This implies that the hydrostatic and standard MM5 cores tend to simulate excessive 412 

fluctuation magnitudes. In contrast, Model 3 is situated much closer to the reference unit arc (NSD 413 

= 1.0), demonstrating that the Moloch core reproduces the observed variance with high fidelity. 414 

However, this improvement in variance comes with a slight reduction in temporal correlation 415 

compared to the other configurations. 416 
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 417 

Figure 11 Seasonal Taylor diagrams of the three RegCM5 models with respect to the CN05.1 observations. 418 

Different shapes denote the seasons: Spring (MAM, squares), Summer (JJA, upward triangles), Autumn (SON, 419 

diamonds), and Winter (DJF, inverted triangles). Colors represent Model 1 (blue), Model 2 (orange), and Model 3 420 

(green). 421 

The seasonal dependence of these metrics is quantified in Table 3 and visualized in Figure 11. 422 

Since the Taylor Skill Score (TSS) formula places significant weight on the correlation 423 

coefficient(Taylor 2001), Model 2 consistently yields the highest scores across most seasons and 424 

sub-regions (e.g., Annual Whole Basin TSS: 0.59). However, a notable shift occurs during Winter 425 

(DJF), where Model 3 achieves comparable or superior scores (e.g., TSS = 0.52 for Model 3, and 426 

0.48 for Model 1 in the Whole Basin). This suggests that the non-hydrostatic Moloch core 427 

provides a more robust representation of the flow field under stable boundary layer conditions, 428 

where the hydrostatic assumption often limits model performance. 429 

Table 3 Taylor Skill Scores Summary 430 

Region Model Annual Spring Summer Autumn Winter 

Whole Basin 

Model 1 0.57  0.62  0.57  0.56  0.48  

Model 2 0.59  0.64  0.59  0.58  0.51  

Model 3 0.56  0.61  0.50  0.54  0.52  

Upper Reaches 

Model 1 0.54  0.59  0.59  0.54  0.45  

Model 2 0.57  0.61  0.61  0.57  0.48  

Model 3 0.55  0.59  0.52  0.53  0.50  

Middle Reaches 

Model 1 0.56  0.61  0.51  0.54  0.52  

Model 2 0.58  0.63  0.53  0.55  0.55  

Model 3 0.53  0.58  0.43  0.50  0.52  

Lower Reaches 

Model 1 0.73  0.73  0.62  0.73  0.76  

Model 2 0.74  0.73  0.66  0.74  0.77  

Model 3 0.70  0.71  0.53  0.71  0.76  
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3.5. Numerical Efficiency 431 

Beyond physical fidelity, computational cost is a critical constraint for multi-decadal high-432 

resolution climate downscaling. All simulations were performed on identical Kunpeng 920 nodes 433 

(HiSilicon, 2.6 GHz; 192 cores/node, 4 sockets × 48 cores) to ensure unbiased intercomparison. 434 

Table 4  quantify the wall-clock time overhead: the standard non-hydrostatic MM5 core (Model 2) 435 

incurs the highest computational burden at 5.75 h/year (287.72 h total), approximately double the 436 

hydrostatic baseline (Model 1: 2.92 h/year). This aligns with the theoretical expectation that 437 

explicit treatment of vertical acceleration in non-hydrostatic solvers increases arithmetic intensity. 438 

However, Model 3 (Moloch core) challenges this paradigm by demonstrating remarkable 439 

efficiency. Despite being a non-hydrostatic formulation, it achieves the lowest computational cost 440 

among all configurations, with an average of 2.42 hours per simulated year and a total runtime of 441 

121.24 hours. This represents a 17% reduction compared to the hydrostatic Model 1 and a 442 

substantial 58% reduction compared to Model 2. 443 

Table 4 Numerical Efficiency Statistics 444 

Model Avg Time/Year (h) Total Time (h) Time Step (s) 

Model 1 2.92 146.18 75 

Model 2 5.75 287.72 25 

Model 3 2.42 121.24 200 

Consequently, the Moloch core offers a "win-win" solution for regional climate modeling over 445 

complex terrain: it provides superior physical performance (as evidenced in Sections 3.2 and 3.4) 446 

while simultaneously minimizing the demand on high-performance computing resources. 447 

4. Discussion 448 

4.1. Mechanisms Behind the Systematic Wind 449 

Speed Overestimation 450 

A pervasive feature across all three RegCM5 configurations is the systematic overestimation of 451 

near-surface wind speeds. This "positive wind bias" is a well-documented challenge in regional 452 

climate modeling, particularly over East Asia and complex terrains (Jiménez and Dudhia 2012). 453 

The magnitude of the bias is spatially correlated with topographic complexity, peaking in the 454 

Upper Reaches, as shown in Figure. 5. We attribute this primarily to the smoothing of topography 455 

at the 25-km simulation resolution. In reality, the Upper Yellow River Basin features rugged 456 

terrain with sub-grid orographic obstacles (e.g., ridges, valleys) that exert significant drag on the 457 

atmospheric flow (Yang et al. 2024). However, in the model's "envelope orography," these features 458 

are smoothed out, leading to an underestimation of the turbulent form drag and, consequently, an 459 

overestimation of surface momentum. Although the CLM4.5 land surface model improves surface 460 

heterogeneity representation, the standard parameterization of Sub-grid Scale Orography (SSO) in 461 

RegCM5 may still be insufficient to dampen the flow over the Tibetan Plateau margins. Future 462 

improvements could involve coupling more advanced SSO drag schemes or increasing the 463 

horizontal resolution to convection-permitting scales (< 5 km) to explicitly resolve these 464 
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topographic features (Prein et al. 2015b). 465 

4.2. Numerical Stability and Time Step Constraints: 466 

The Efficiency Key 467 

A critical finding of this study is the immense disparity in computational cost (Figure. 12), with 468 

Model 2 being significantly more expensive than Models 1 and 3. This efficiency gap is 469 

fundamentally rooted in the allowable integration time step (dt) required to maintain numerical 470 

stability. The restrictive time step for Model 2 is characteristic of traditional compressible non-471 

hydrostatic cores, which are strictly limited by the Courant-Friedrichs-Lewy (CFL) condition to 472 

resolve fast-propagating acoustic and gravity waves (Dudhia 1993). In contrast, Model 3 (Moloch 473 

core) employs advanced numerical techniques, such as semi-implicit time integration for vertical 474 

propagation of sound waves, that allow for a time step 8 times larger than that of Model 2 while 475 

preserving stability (Coppola et al. 2020, 2025). This capability to utilize large time steps is the 476 

primary physical reason behind the 58% reduction in simulation time. Our results demonstrate that 477 

for this scale (25 km) simulations, the Moloch core offers a decisive advantage by decoupling 478 

physical fidelity from the strict time-stepping penalties usually associated with non-hydrostatic 479 

dynamics. 480 

4.3. The "Stilling" Paradox 481 

While the models captured the interannual variability driven by large-scale circulation (e.g., 482 

variations in the East Asian Monsoon), they failed to reproduce the magnitude of the observed 483 

terrestrial stilling trend (Figure 9.). This discrepancy strongly suggests that the observed stilling in 484 

the YRB is driven by factors external to the standard RCM physics. The primary suspect is Time-485 

Varying Land Use and Land Cover (LULC). Since the 1980s, China has implemented massive 486 

afforestation programs (e.g., the "Three-North Shelterbelt" and "Grain for Green") in the YRB, 487 

leading to a significant increase in vegetation coverage (Li et al. 2019). Additionally, rapid 488 

urbanization has increased surface roughness length (Vautard et al. 2010). Since our experiments 489 

utilized a static land cover climatology, this anthropogenic increase in surface drag was absent, 490 

leading to a flatter wind speed trend. This highlights the urgent need to incorporate dynamic 491 

vegetation and urbanization modules in multi-decadal RCM simulations to capture anthropogenic 492 

modification of the boundary layer, as suggested by McVicar et al. (2012) and Zeng et al.(2019). 493 

4.4. Implications for Regional Climate Modeling 494 

Strategy 495 

The trade-off analysis (Table 4.) provides a pragmatic guideline for the modeling community. In 496 

the era of high-resolution ensembles (e.g., CORDEX-Flagship Pilot Studies), computational 497 

resources remain a bottleneck (Coppola et al. 2020). Model 3 proved to be the "Goldilocks" 498 

configuration: it offers the advanced physics of a non-hydrostatic core but with the computational 499 

efficiency of a hydrostatic one (or better). By allowing a time step of 200 s, Model 3 enables 500 

researchers to generate decadal-scale simulations at less than half the cost of traditional non-501 
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hydrostatic setups. This implies that for hydro-climate applications over complex terrain in the 502 

YRB, transitioning to efficient cores like Moloch yields a high return on investment, allowing 503 

resources to be reallocated towards generating larger ensembles to quantify uncertainty. 504 

5. Summary and Conclusions 505 

This study evaluates the multi-decadal performance (1971–2020) of three RegCM5 dynamical 506 

configurations in simulating near-surface wind speeds over the complex terrain of the Yellow 507 

River Basin. It is found that while all dynamical cores capture the spatial climatology, a systematic 508 

positive bias exists, particularly in the rugged Upper Reaches due to topographic smoothing; 509 

however, the Moloch non-hydrostatic core significantly mitigates this error and achieves superior 510 

distributional fidelity compared to the standard hydrostatic and MM5-like non-hydrostatic cores. 511 

Regarding long-term trends, the simulations reproduce the phase of interannual variability driven 512 

by large-scale circulation but universally fail to capture the magnitude of the observed "terrestrial 513 

stilling," indicating that this phenomenon is predominantly governed by external time-varying 514 

land surface forcings (e.g., urbanization and vegetation changes) rather than internal model 515 

dynamics. Furthermore, a decisive disparity in computational efficiency is identified: the Moloch 516 

core, leveraging semi-implicit time integration, maintains numerical stability with a time step 517 

eight times larger than the explicit MM5 core. This capability results in a 58% reduction in total 518 

runtime while maintaining or exceeding physical accuracy, thereby offering an optimal 519 

configuration that decouples high physical fidelity from prohibitive computational costs for long-520 

term regional climate downscaling. 521 

References 522 

Buzzi A, Davolio S, Malguzzi P, et al (2014) Heavy rainfall episodes over Liguria in autumn 2011: 523 

numerical forecasting experiments. Natural Hazards and Earth System Sciences 14:1325–524 

1340. https://doi.org/10.5194/nhess-14-1325-201410.5194/nhessd-1-7093-2013 525 

Chen S, Liu W, Ye T (2020) Dataset of trend-preserving bias-corrected daily temperature, 526 

precipitation and wind from NEX-GDDP and CMIP5 over the Qinghai-Tibet Plateau. 527 

Data Brief 31:105733. https://doi.org/10.1016/j.dib.2020.105733 528 

Coppola E, Giorgi F, Giuliani G, et al (2025) The 5th generation regional climate modeling system, 529 

RegCM5: The first convection-permitting european wide simulation and validation over 530 

the CORDEX-CORE domains. Clim Dyn 63:428. https://doi.org/10.1007/s00382-025-531 

07913-3 532 

Coppola E, Sobolowski S, Pichelli E, et al (2020) A first-of-its-kind multi-model convection 533 

permitting ensemble for investigating convective phenomena over Europe and the 534 

Mediterranean. Clim Dyn 55:3–34. https://doi.org/10.1007/s00382-018-4521-8 535 

Deng X, Zhang Z, Zhao F, et al (2023) Evaluation of the regional climate model for the forest area 536 

of yunnan in China. Front For Global Change 5:. 537 

https://doi.org/10.3389/ffgc.2022.1073554 538 

Dudhia J (1993) A Nonhydrostatic Version of the Penn State–NCAR Mesoscale Model: Validation 539 

Tests and Simulation of an Atlantic Cyclone and Cold Front 540 



22 

 

Gao S (2020) Dynamical downscaling of surface air temperature and precipitation using RegCM4 541 

and WRF over China. Clim Dyn 55:1283–1302. https://doi.org/10.1007/s00382-020-542 

05326-y 543 

Gao X, Xu Y, Zhao Z, et al (2006) On the role of resolution and topography in the simulation of 544 

East Asia precipitation. Theor Appl Climatol 86:173–185. https://doi.org/10.1007/s00704-545 

005-0214-4 546 

Gao XJ, Giorgi F (2017) Use of the RegCM system over east asia: Review and perspectives. 547 

Engineering 3:766–772. https://doi.org/10.1016/j.Eng.2017.05.019 548 

Gao XJ, Shi Y, Han ZY, et al (2017) Performance of RegCM4 over major river basins in China. 549 

Adv Atmos Sci 34:441–455. https://doi.org/10.1007/s00376-016-6179-7 550 

Giorgi F (2019) Thirty Years of Regional Climate Modeling: Where Are We and Where Are We 551 

Going next? Journal of Geophysical Research: Atmospheres 124:5696–5723. 552 

https://doi.org/10.1029/2018JD030094 553 

Giorgi F, Coppola E, Giuliani G, et al (2023) The fifth generation regional climate modeling 554 

system, RegCM5. Part I: Description and illustrative examples at parameterized 555 

convection and convection‐permitting resolutions. J Geophys Res: Atmos. 556 

https://doi.org/10.1029/2022jd038199 557 

Giorgi F, Marinucci MR, Bates GT, Canio GD (1993) Development of a Second-Generation 558 

Regional Climate Model (RegCM2). Part II: Convective Processes and Assimilation of 559 

Lateral Boundary Conditions 560 

Grell GA, Dudhia J, Stauffer DR (1994) A description of the fifth-generation Penn State/NCAR 561 

Mesoscale Model (MM5). NCAR TECHNICAL NOTE 562 

Gu H, Wang X, Gu H, Wang X (2020) Performance of the RegCM4.6 for High-Resolution 563 

Climate and Extreme Simulations over Tibetan Plateau. Atmosphere 11:. 564 

https://doi.org/10.3390/atmos11101104 565 

Hersbach H, Bell B, Berrisford P, et al (2020) The ERA5 global reanalysis. Quarterly Journal of 566 

the Royal Meteorological Society 146:1999–2049. https://doi.org/10.1002/qj.3803 567 

Holtslag A a. M, Boville BA (1993) Local Versus Nonlocal Boundary-Layer Diffusion in a Global 568 

Climate Model 569 

Ji L, Li J, Sun L, et al (2024) China’s onshore wind energy potential in the context of climate 570 

change. Renewable and Sustainable Energy Reviews 203:114778. 571 

https://doi.org/10.1016/j.rser.2024.114778 572 

Jiménez PA, Dudhia J (2012) Improving the Representation of Resolved and Unresolved 573 

Topographic Effects on Surface Wind in the WRF Model. https://doi.org/10.1175/JAMC-574 

D-11-084.1 575 

Li Q, Liu X, Zhong Y, et al (2021) Precipitation Changes in the Three Gorges Reservoir Area and 576 

the Relationship with Water Level Change. Sensors 21:. 577 

https://doi.org/10.3390/s21186110 578 

Li X, Jiao Y, Liu J (2024) Changes in Drought Characteristics in the Yellow River Basin during 579 

the Carbon-Neutral Period under Low-Emission Scenarios. Water 16:. 580 

https://doi.org/10.3390/w16071045 581 

Li Y, Chen Y, Li Z (2019) Effects of land use and cover change on surface wind speed in China. J 582 

Arid Land 11:345–356. https://doi.org/10.1007/s40333-019-0095-5 583 

McVicar TR, Roderick ML, Donohue RJ, et al (2012) Global review and synthesis of trends in 584 



23 

 

observed terrestrial near-surface wind speeds: Implications for evaporation. Journal of 585 

Hydrology 416–417:182–205. https://doi.org/10.1016/j.jhydrol.2011.10.024 586 

Miao Y, Wang A (2020) A daily 0.25° × 0.25° hydrologically based land surface flux dataset for 587 

conterminous China, 1961–2017. Journal of Hydrology 590:125413. 588 

https://doi.org/10.1016/j.jhydrol.2020.125413 589 

Nguyen-Xuan T, Lam SL, Giorgi F, et al (2021) Evaluation of the performance of the non-590 

hydrostatic RegCM4 (RegCM4-NH) over southeastern China. Clim Dyn. 591 

https://doi.org/10.1007/s00382-021-05969-5 592 

Nogherotto R, Tompkins AM, Giuliani G, et al (2016) Numerical framework and performance of 593 

the new multiple-phase cloud microphysics scheme in RegCM4.5: precipitation, cloud 594 

microphysics, and cloud radiative effects. Geoscientific Model Development 9:2533–595 

2547. https://doi.org/10.5194/gmd-9-2533-2016 596 

Oleson KW, Lawrence M, Bonan B, et al (2013) Technical description of version 4.5 of the 597 

Community Land Model (CLM) 598 

Pan XD, Zhang L, Huang CL (2020) Future climate projection in northwest China with 599 

RegCM4.6. Earth Space Sci 7:. https://doi.org/10.1029/2019ea000819 600 

Park C, Min S-K, Lee D, et al (2016) Evaluation of multiple regional climate models for summer 601 

climate extremes over East Asia. Clim Dyn 46:2469–2486. 602 

https://doi.org/10.1007/s00382-015-2713-z 603 

Perkins SE, Pitman AJ, Holbrook NJ, McAneney J (2007) Evaluation of the AR4 Climate Models’ 604 

Simulated Daily Maximum Temperature, Minimum Temperature, and Precipitation over 605 

Australia Using Probability Density Functions. https://doi.org/10.1175/JCLI4253.1 606 

Prein AF, Langhans W, Fosser G, et al (2015a) A review on regional convection‐permitting climate 607 

modeling: Demonstrations, prospects, and challenges. Reviews of Geophysics 53:323–608 

361. https://doi.org/10.1002/2014RG000475 609 

Prein AF, Langhans W, Fosser G, et al (2015b) A review on regional convection‐permitting 610 

climate modeling: Demonstrations, prospects, and challenges. Rev Geophys 53:323–361. 611 

https://doi.org/10.1002/2014rg000475 612 

Taylor KE (2001) Summarizing multiple aspects of model performance in a single diagram. 613 

Journal of Geophysical Research: Atmospheres 106:7183–7192. 614 

https://doi.org/10.1029/2000JD900719 615 

Tiedtke M (1989) A Comprehensive Mass Flux Scheme for Cumulus Parameterization in Large-616 

Scale Models 617 

Trini Castelli S, Bisignano A, Donateo A, et al (2020) Evaluation of the turbulence 618 

parametrization in the MOLOCH meteorological model. Quarterly Journal of the Royal 619 

Meteorological Society 146:124–140. https://doi.org/10.1002/qj.3661 620 

Vautard R, Cattiaux J, Yiou P, et al (2010) Northern Hemisphere atmospheric stilling partly 621 

attributed to an increase in surface roughness. Nature Geosci 3:756–761. 622 

https://doi.org/10.1038/ngeo979 623 

Willmott CJ (1982) Some Comments on the Evaluation of Model Performance 624 

Wu J, Gao X, Giorgi F, Chen D (2017) Changes of effective temperature and cold/hot days in late 625 

decades over China based on a high resolution gridded observation dataset. International 626 

Journal of Climatology 37:788–800. https://doi.org/10.1002/joc.5038 627 

Wu. J, Gao. X-J (2013) A gridded daily observation dataset over China region and comparison 628 



24 

 

with the other datasets. Chinese Journal of Geophysics 56:1102–1111. 629 

https://doi.org/10.6038/cjg20130406 630 

Wu J, Gao X-J, Tang X-B, Giorgi F (2024) Projected changes in Köppen‒Trewartha climate zones 631 

under 1.5–4 °C global warming targets over mid-high latitudes of Northern Asia using an 632 

ensemble of RegCM4 simulations. Advances in Climate Change Research 15:185–196. 633 

https://doi.org/10.1016/j.accre.2024.03.008 634 

Xin LIU, Yanming K, Yu XIN, et al (2023) Evaluation of simulation results from two cumulus 635 

parameterization schemes in RegCM4.6 in East Asia. Arid Land Geography 46:23–35. 636 

https://doi.org/10.12118/j.issn.1000-6060.2022.209 637 

Yang T, Niu J, Fan D, et al (2024) Drivers of wind and water erosion for river sediments in a 638 

typical coarse sandy area in the middle reaches of the Yellow River. Science of The Total 639 

Environment 955:177039. https://doi.org/10.1016/j.scitotenv.2024.177039 640 

Zeng X, Zhao M, Dickinson RE (1998) Intercomparison of Bulk Aerodynamic Algorithms for the 641 

Computation of Sea Surface Fluxes Using TOGA COARE and TAO Data 642 

Zeng Z, Ziegler AD, Searchinger T, et al (2019) A reversal in global terrestrial stilling and its 643 

implications for wind energy production. Nat Clim Chang 9:979–985. 644 

https://doi.org/10.1038/s41558-019-0622-6 645 

Data availability 646 

The RegCM5 model source code (version 5.0) is publicly available under the MIT license at 647 

https://github.com/ICTP/RegCM. All necessary driving data, including the initial and boundary 648 

conditions and surface dataset, were retrieved from the ICTP data repository at http://clima-649 

dods.ictp.it/regcm4/. Due to the substantial volume of high-resolution model outputs, the 650 

simulation results are not deposited in a public repository but are available from the corresponding 651 

author upon reasonable request for research purposes. 652 

Acknowledgements 653 

We acknowledge the International Centre for Theoretical Physics (ICTP) for providing the 654 

RegCM5 model code and the associated boundary condition datasets. We are grateful to the 655 

European Centre for Medium-Range Weather Forecasts (ECMWF) for producing the ERA5 656 

reanalysis data. Special thanks are extended to Prof. Jia Wu and Prof. Xuejie Gao for developing 657 

and providing the high-resolution CN05.1 observational dataset. 658 

Funding 659 

This work was supported by Natural Science Foundation of Henan Province (252300421747), 660 

Scientific and Technological Project of Henan Province (252102320001), the Strategic Priority 661 

Research Program of the Chinese Academy of Sciences (No. XDB0740100)，the Science and 662 

Technology Plan Project of Linzhi, Xizang (No. LZZX2025-02)，and the Major Program of the 663 

National Natural Science Foundation of China (No. 42293272). 664 

https://github.com/ICTP/RegCM
http://clima-dods.ictp.it/regcm4/
http://clima-dods.ictp.it/regcm4/


25 

 

Declarations 665 

Conflict of interest The authors declare that the research was conducted in the absence of any 666 

commercial or financial relationships that could be construed as a potential conflict of interest 667 


