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Abstract 
 
High-resolution regional/local weather forecasting has long been a simulation challenge due to 
its large computational requirements. In contrast to a conventional rectangular grid, the Model 
for Prediction Across Scales - Atmosphere (MPAS-A) utilizes a Spherical Centroidal Voronoi 
Tessellation (SCVT), which allows the resolution to vary through local refinement. However, 
MPAS-A uses a global timestep (determined by the CFL condition on the smallest mesh cell) 
that substantially limits the resolution variation. The hierarchical time-stepping (HTS) feature 
implemented in ClusterTech Platform for Atmospheric Simulation (CPAS) relaxes this restriction 
by applying different time-steps to mesh cells of different sizes. This new feature enables 
extreme variable-resolution meshes, higher computational efficiency, and an increase in 
forecast accuracy in the area of interest. This study evaluates the model results using HTS. 
Based on the initial condition from the National Centers for Environmental Prediction (NCEP) 
0.5o × 0.5o Global Forecasting System (GFS) data, MPAS-A integrations with and without HTS 
were computed using MPAS's standard variable-resolution meshes (92-25 km and 60-3 km). 
This was done for three weather scenarios, namely (i) passage of a cold front (ii) heavy rainfall 
associated with summer monsoon and (iii) passage of a tropical cyclone. Simulation results are 
validated via comparison to NCEP GFS Final (FNL) Operational Global Analysis, and the Tropical 
Rainfall Measuring Mission precipitation data (TRMM3B42V7), as well as surface observations 
from World Meteorological Organization (WMO) weather stations. In terms of Taylor's skill 
scores, simulation results with and without HTS show comparable performance for all cases, 
indicating the validity of HTS.  
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1. Introduction 
Conventional local weather forecasting relies on the use of regional Numerical Weather 
Prediction (NWP) models. Lateral boundary conditions (LBC) obtained from the latest 
meteorological observations or another lower-resolution model must be ingested into the 
model periodically. This poses a challenge in maintaining consistency between different 
computational grids and model physics, in both space and time. Moreover, the LBC error 
propagates into the area of interest as time progresses. Therefore, the forecast duration of 
these limited area models is highly suppressed. An alternative option is a global model. This 
suffers from high computational cost, making complex and high-resolution local weather 
forecast impractical. To reduce computational resources, MPAS-A makes use of a SCVT, where 
local refinement is achieved via variable-resolution meshes. The official release of MPAS-A uses 
a constant global time-step determined by the smallest mesh size. This, however, limits the 
resolution variability as the existence of a high-resolution region would make the 
computational resource requirement prohibitively large. CPAS adds a new option to MPAS-A's 
dynamic core and allows different time-step levels to be assigned to mesh cells of different 
sizes. This new feature not only reduces the required computational resources but also enables 
the use of extreme variable-resolution meshes.  
 

We present the experimental setup and model configurations in section 2. The predictive 
performance of CPAS using HTS is validated by considering three weather conditions over 
southern China in 2018: (i) passage of a cold front (ii) heavy rainfall and (iii) passage of a tropical 
cyclone. Moreover, the performance with various scale and mesh variability is verified by 
considering two meshes having x4 (92-25 km) and x20 (60-3 km) resolution variations. One 
important note is the choice of the convective parameterization scheme (CPS) in the 60-3 km 
mesh. As disabling the convection scheme in the high-resolution region is generally accepted, 
MPAS-A offers a 'convection-permitting' physics suite where the scale-aware Grell-Freitas 
convection scheme (commonly known as GF scheme) is used. This, however, poses limitations 
on the choice of parameterization schemes. We developed a scale-aware convection scheme 
such that the convective parameterization is disabled if the mesh cell is smaller than a certain 
threshold.  
 

In section 3 and 4, we will present the results and analyze the data over 5.5-day simulations. 
The model results are validated through comparison with WMO observation data and NCEP FNL 
reanalysis data using Taylor's skill score, as well as TRMM3B42V7 (hereafter “TRMM”) 
precipitation data using the Method for Object-Based Diagnostic Evaluation.  
 

Lastly, we will summarize the main findings and conclude the model performance in section 5.  
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2. Experiment Setup 
A. Case Description  
 

Case 1: Cold front on 8 Jan 2018  
A cold front moved across southern China on 8 Jan 2018 bringing strong wind and rainfall in the 
Guangdong province. The daily mean temperature dropped to below 10oC on 9 Jan, and the 
daily mean relative humidity dropped to below 46% on 10 Jan. While the low temperature 
maintained, a cold weather warning was issued between 8-14 Jan.  
 

 
Case 2: Heavy rainfall on 13 Jun 2018  
Heavy showers and thunderstorms associated with a trough were observed on the coast of 
Guangdong province on 12-13 Jun 2018. There was a notable rise of daily mean relative 
humidity from 59% to 94% between 11-13 Jun. The heavy showers on 13 Jun brought more 
than 100 mm of total rainfall over Hong Kong.  
 

 
Case 3: Tropical cyclone on 16 Sep 2018  
The super typhoon Mangkhut passed across southern China between 15-17 Sep 2018. 
Hurricane winds associated with heavy rainfall brought widespread destruction over southern 
China. Gusts up to 200 km/h and more than 150 mm of total rainfall were recorded generally 
over Hong Kong. Mangkhut caused immense disastrous damage to coastal areas of Guangdong 
province. There were at least 6 casualties when making landfall in southern China. More than 
3.3 million people in Guangdong, Guangxi, Hainan, Guizhou and Yunnan were affected.  
 
 
B. Model Configurations  
Two standard variable resolution meshes 92-25 km and 60-3 km were used, respectively 
containing 163,842 and 835,586 mesh cells. Fig. 1 shows the mesh resolutions, and span of the 
circular refinement region. In this study, the refinement region was centered in Hong Kong. The 
model was configured with 55 vertical levels and the model top was set to 30 km. In this study, 
the Moderate Resolution Imaging Spectroradiometer (MODIS) was used as the land use 
classification, and topographical data was obtained from Global Multi-resolution Terrain 
Elevation Data 2010 (GMTED2010). NCEP GFS (0.5o × 0.5o regular grid) served as the initial 
conditions, where the initialization time for cases 1 to 3 were respectively UTC 00 5 Jan 2018, 
UTC 00 11 Jun 2018 and UTC 00 12 Sep 2018. All cases were simulated over 5.5-day, and the 
first 12 hours was regarded as the spin up time. Simulation results obtained from the remaining 
5-day were then extracted and analyzed.  
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Figure 1 Mesh resolutions of the global 92-25 km (left) and 60-3 km (right) meshes with the 

refinement region centered at Hong Kong 
 

In non-HTS runs, a constant global time-step of 6.25s was used. Comparatively, different time-
step levels (or HTS levels) were assigned to cells of different sizes in HTS runs. The higher the 
HTS levels, the smaller the time-step of the corresponding regions. As shown in Fig.2, the 92-25 
km and 60-3 km mesh corresponding to x4 and x20 resolution variations, were respectively 
divided into three and five HTS levels: (i) 225s (red), (ii) 112.5s (green), (iii) 56.25s (blue), and (i) 
100s (red), (ii) 50s (green), (iii) 25s (blue), (iv) 12.5s (cyan), (v) 6.25s (pink).  

 
Figure 2 The HTS levels assigned on the 92-25 km mesh (left) and 60-3 km mesh (right) 

 

The default physics suite on MPAS-A was adopted for simulations using 92-25 km mesh. 
However, in 60-3 km mesh, the mesh transitioning from coarser region to finer region falls into 
the explicitly resolved and implicitly parameterized 'grey zone' for convection. It is common to 
disable CPS for grid spacing below 10 km in many regional climate models such as the Weather 
Research and Forecasting (WRF) model. This motivates us to follow a similar approach. In this 
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study, the same set of physics suite applied to all cases in 60-3 km (listed in Table 1), except the 
CPS for mesh cells smaller than 5 km was switched off by CPAS' scale-aware feature. 
 

Table 1 The set of physics parameterization schemes used in this study 

Convection New Tiedtke (Zhang and Wang 2017) 

Microphysics WSM 6-class (Hong and Lim 2006) 

Land Surface Noah (Tewari et al. 2004) 

Boundary Layer YSU (Hong et al. 2006) 

Surface Layer Monin-Obukhov (Janjic 2002) 

Long Wave Radiation RRTMG (Iacono et al. 2008) 

Short Wave Radiation RRTMG (Iacono et al. 2008) 
 

 
 
3. Evaluation Metrics  
The model performance is verified by focusing only within the area of interest. The forecast 
variables within the lat-lon box which barely covering the refinement region (the innermost 
circles in Fig. 1) are extracted and compared against three reliable reference datasets: (i) NCEP 
FNL (final analysis) data, (ii) TRMM precipitation data and (iii) WMO stations data. The FNL 
reanalysis data is prepared by ingesting surface observations, balloon data, wind profiler data, 
aircraft reports, buoy observations, radar observations and satellite observations. It has a 
spatial resolution of 0.25o × 0.25o prepared operationally every 6-hour (NCEP 2015). TRMM is 
a product combining precipitation estimates from multiple satellites with fine scales in both 
space (0.25o × 0.25o) and time (3-hour) (Huffman et al. 2007). The first and second datasets 
are gridded observations, evaluation using these datasets requires comparison of the grid point 
variables between the processed observation field and model forecast field in both space and 
time. This type of model comparison is objective, and is referred to model-oriented evaluation 
(Agogbuo 2017). Comparatively, the third dataset are station observations, which are unevenly 
and irregularly spaced on the Earth's surface. Although direct comparison with such data may 
create some bias, it can verify the model performance from a user's perspective (Richard et al. 
2003). This type of evaluation is subjective, and commonly known as user-oriented evaluation. 
For comparison with FNL reanalysis data, the Taylor's skill score for various forecast variables 
on the surface, 850 hPa, 700 hPa, 500 hPa and 200 hPa levels were computed, including 
temperature, pressure, moisture, relative humidity, wind and precipitable water. For 
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comparison with WMO stations data, the forecast variables (temperature, moisture and wind 
speed) at the stations’ location were determined by interpolation.  
Given a forecast variable f and an observed variable r, the Taylor's skill score S is calculated 
using the correlation coefficient R, and the ratio of their variance �̂�𝑓  (Taylor 2001):  

 

where R0 is the maximum correlation (assume R0 = 1), and N is the total discrete points (in time 

and space). S has a maximum value of 1 when the model variance 𝜎𝑓 approaches the observed 

variance 𝜎𝑟, and R approaches R0, which indicates a more skillful modelling of variable f. 

Conversely, the skill S drops to 0 when R is far from R0, and 𝜎𝑓 is close to zero or infinity, which 

indicates a less skillful modelling of f.  
 
 

For comparison with TRMM, the skill was evaluated using the Method for Object-Based 
Diagnostic Evaluation (MODE), in which the overall structure of the precipitation objects in the 
forecast and observed fields were identified and matched. By considering area coverage, 
centroid displacement, intensity, and overlap, the “interest” value demonstrating the 
integrated similarity between two objects is computed. This value ranges from 0 to 1, where 1 
refers to a perfect match between the forecast and observation precipitation objects. To avoid 
outliers, the Median of Maximum Interest value (MMI) among all “interest” values across the 
entire field is then computed.  
 
 
4. Results and Discussion  
A. Comparison with FNL reanalysis data 
The forecast variables - including mslp, t2m, q2m, u10, v10, t850, q850, hgt500, u200, v200 and 
pw - over the 5-day analysis within the aforementioned lat-lon box were extracted. Fig. 3 shows 
the Taylor's diagrams for HTS and non-HTS for Case 3 using 92-25 km mesh. It is observed that, 
all variables have comparable skills in terms of correlation, normalized standard deviation, and 
root-mean square error. Moreover, the Taylor's diagrams for other cases have similar behavior 
(not shown), suggesting that the simulations for HTS and non-HTS have approximately the same 
performance. Then, the Taylor's skill scores are illustrated in bar charts shown in Figs. 4-6 (92-
25 km mesh) and Figs. 7-9 (60-3 km mesh). The results for HTS and non-HTS are shown in 
yellow and blue respectively for all figures.  
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Figure 3 The Taylor's diagrams for HTS (left) and non-HTS (right) for comparison with FNL 
reanalysis (Case 3 using 92-25 km mesh) 

 

Consider the bar charts for 92-25 km mesh in Figs. 4-6, all variables have Taylor's skill score 
above 0.6, and the differences between HTS and non-HTS smaller than 0.02. For 60-3 km mesh 
in Figs. 7-9, all forecast variables have performance above 0.55, and the difference between 
HTS and non-HTS in these three cases lie below 0.016 except v200 in Case 3, which has a 0.04 
difference. Based on the results, the variations of the forecast performance remain small and 
insignificant, indicating that the overall skills between HTS and non-HTS over 5-day forecast of 
all three scenarios are roughly equivalent.  

 
Figure 4 The Taylor's skill scores of the forecast variables between HTS and non-HTS for 

comparison with FNL reanalysis (case 1 using 92-25 km mesh) 
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Figure 5 The Taylor's skill scores of the forecast variables between HTS and non-HTS for 

comparison with FNL reanalysis (case 2 using 92-25 km mesh) 
 

 
Figure 6 The Taylor's skill scores of the forecast variables between HTS and non-HTS for 

comparison with FNL reanalysis (case 3 using 92-25 km mesh) 
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Figure 7 The Taylor's skill scores of the forecast variables between HTS and non-HTS for 

comparison with FNL reanalysis (case 1 using 60-3 km mesh) 
 

 
Figure 8 The Taylor's skill scores of the forecast variables between HTS and non-HTS for 

comparison with FNL reanalysis (case 2 using 60-3 km mesh) 
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Figure 9 The Taylor's skill scores of the forecast variables between HTS and non-HTS for 

comparison with FNL reanalysis (case 3 using 60-3 km mesh) 
 

 
B. Comparison with WMO stations data 
Next, a similar approach was adopted to compare the results with WMO stations data, which 
include temperature (t), moisture (q) and wind speed (ws). The Taylor's skill scores of HTS and 
non-HTS for Cases 1 to 3 are illustrated in Figs. 10 to 12, where the sub-figures show the charts 
for (a) 92-25 km and (b) 60-3 km meshes. It is found that, CPAS is more skillful in forecasting 
surface temperature and moisture than surface wind. For all cases, the Taylor's skill scores for t 
and q are above 0.72, while ws are below 0.61. Nevertheless, the performance for HTS and 
non-HTS are close to each other, with the differences for all variables lie below 0.02. This 
verifies that the forecast skills of surface variables are equally good for both HTS and non-HTS. 
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Figure 10 The Taylor's skill scores for temperature, moisture and wind speed between HTS and 

non-HTS in Case 1 for comparison with WMO stations data using (a) 92-25 km (b) 60-3 km mesh 
 

 
Figure 11 The Taylor's skill scores for temperature, moisture and wind speed between HTS and 

non-HTS in Case 2 for comparison with WMO stations data using (a) 92-25 km (b) 60-3 km mesh 
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Figure 12 The Taylor's skill scores for temperature, moisture and wind speed between HTS and 

non-HTS in Case 3 for comparison with WMO stations data using (a) 92-25 km (b) 60-3 km mesh 
 
 
C. Comparison with TRMM 
To demonstrate the performance of precipitation forecast, the MMI for all cases are presented 
in Fig. 13, where the sub-figures show the charts for (a) 92-25 km and (b) 60-3 km meshes. MMI 
for all cases are above 0.6, and the difference between HTS and non-HTS are smaller than 0.025 
except Case 1 using 92-25 km mesh, where an increase of 0.06 is found for HTS run. 
Nevertheless, such difference is small. In summary, the performance in precipitation forecast 
for both HTS and non-HTS are roughly the same, and fairly promising. 
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Figure 13 MMI between HTS and non-HTS for comparison with TRMM for cases 1 to 3 using (a) 

92-25 km mesh and (b) 60-3 km mesh 
 
 
5. Conclusion 
The newly developed hierarchical time-stepping (HTS) feature implemented in ClusterTech 
Platform for Atmospheric Simulation (CPAS) was validated through comparison with NCEP FNL 
reanalysis data, TRMM3B42V7 precipitation data, and WMO stations data. By simulating three 
mesoscale weather scenarios over a period of 5.5-day using two official meshes, CPAS's 
forecast skill for HTS and non-HTS in all cases are comparable to each other and fairly promising, 
demonstrating the validity of using HTS. 
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