
Impacts of Multi–Observation Interests on
Rainstorm Forecasts in East China: An OSSE–Based
Study
Yakai Guo 

Henan Meteorological Bureau, China Meteorological Administration
Changliang Shao 

China Meteorological Administration
Guanjun Niu 

China Meteorological Administration
Yuting Dong 

Alfred Wegener Institute

Article

Keywords: Observation impact, forecast sensitivity, Observation System Simulation Experiments,
rainstorm, data assimilation

Posted Date: July 16th, 2025

DOI: https://doi.org/10.21203/rs.3.rs-7091557/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Additional Declarations: No competing interests reported.

https://doi.org/10.21203/rs.3.rs-7091557/v1
https://doi.org/10.21203/rs.3.rs-7091557/v1
https://doi.org/10.21203/rs.3.rs-7091557/v1
https://creativecommons.org/licenses/by/4.0/


 1 

Impacts of Multi–Observation Interests on Rainstorm Forecasts in East 1 

China: An OSSE–Based Study 2 

Yakai Guo 1, 5, *, Changliang Shao 2, 5, +, Guanjun Niu 3, 5, and Yuting Dong 4, 5 3 

1Henan Meteorological Bureau, China Meteorological Administration, Zhengzhou 450003, China 4 

2Meteorological Observation Centre, China Meteorological Administration, Beijing 100081, China 5 

3Meteorological Development and Planning Institute, China Meteorological Administration, Beijing 6 

100081, China 7 

4Alfred Wegener Institute, Helmholtz Centre for Polar and Marine Research, Bremerhaven 27570, 8 

Germany 9 

5Observation System Evaluation Innovation Group, China Meteorological Administration, Beijing 100081, 10 

China 11 

*Corresponding: guoykhmb@126.com, shaocl@cma.gov.cn 12 

Abstract: 13 

Existing Observation System Simulation Experiment (OSSE) studies have limitations in 14 

evaluating regional rainstorms in East China due to the lack of known atmospheric truth and 15 

varied interests. This study introduces a comprehensive framework that combines multiple 16 

forecast metrics (synoptic, objective, energy, economic) with various observation interests 17 

(element, region, density, layer) using identical twin designs. The framework assesses their 18 

impacts on a central East China rainstorm event (19 July 2016) through flexible 19 

assimilation-forecast systems. Key findings include: (1) significant disparities in mutual 20 

sensitivity between metrics and observation interests, highlighting the limitations of 21 

single-interest approaches; (2) coordinated optimization strategies that identify specific 22 

observation interests (e.g., surface temperature, mid-east region, southern density, 500 hPa 23 

layers) that enhance forecast accuracy, while others (e.g., dew element, central-west region, 24 

northwestern density, 925 hPa layers) require cautious reduction; (3) universal improvements 25 

in forecasts through assimilation across different reference truths, but with notable benefit-cost 26 

paradoxes that underscore the need for enhanced validation of synoptic metrics and reference 27 

authenticity. These results provide actionable insights for improving the harmonization of 28 

observation and forecast systems in regional numerical models, ultimately enhancing extreme 29 

weather prediction and disaster mitigation. 30 

Key words: Observation impact, forecast sensitivity, Observation System Simulation 31 

Experiments, rainstorm, data assimilation 32 
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1. Introduction 33 

The frequency and intensity of regional extreme weather events have been on the rise 34 

under the backdrop of climate change [43,9], posing significant challenges to weather 35 

forecasting and disaster prevention. East China, characterized by complex synoptic systems 36 

and limited observational data, is particularly vulnerable to these extreme events. Therefore, 37 

optimizing regional observations to enhance the accuracy of rainstorm forecasts has become 38 

an urgent priority [48,38]. 39 

Observation System Simulation Experiments (OSSEs) have long been recognized as a 40 

valuable tool for evaluating the impact of planned observations on numerical weather prediction 41 

(NWP). OSSEs measure the potential impact of new or modified observation systems on NWP 42 

forecasts by simulating the assimilation of hypothetical observations into a numerical model 43 

[3,16,41]. However, existing OSSE studies often lack a comprehensive evaluation of multiple 44 

forecast metrics for regional rainstorms in East China, primarily due to the unknown 45 

atmospheric truth and the diverse interests in both forecast and observation. This gap in 46 

research hinders the effective optimization of regional observation networks and the 47 

improvement of local weather forecasting capabilities. Early OSSE studies primarily focused on 48 

global-scale applications, utilizing identical twin designs based on data denial to assess the 49 

impact of existing observations on historical forecasts [6,5]. These studies, known as 50 

Observation System Experiments (OSEs), have been widely applied in global NWP centers 51 

with customized configurations tailored to different forecast interests [36,11,23]. Subsequently, 52 

to address the challenges of new observation plans and their NWP applications, OSSEs were 53 

developed by incorporating simulated observations derived from a tailored atmosphere and 54 

their corresponding assimilation schemes [49,24]. These advancements have enabled the 55 

assessment of simulated observations' impact on historical NWP forecasts and provided 56 

guidance for observation design and application. 57 

Despite these advancements, traditional OSSEs face limitations when applied to regional 58 

studies due to the high cost of obtaining reference truth and the substantial differences in 59 

interests between forecast and observation. For instance, forecast verification often focuses on 60 

specific weather phenomena, while observation characteristics may vary widely [3,16,41]. To 61 

overcome these challenges, recent studies have explored the use of flexible verification metrics 62 
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and varied observation interests within the OSSE framework [1,25,51,52,8,22,27]. These 63 

efforts aim to provide a more comprehensive evaluation of observation impacts on regional 64 

weather forecasts. However, the validity of these approaches is often limited by the short lead 65 

forecast times of their reference datasets and the inherent uncertainties in model and 66 

observation parameters [32,29,10,28,34,30]. 67 

In this study, we focus on a typical warm-sector rainstorm event that occurred in central 68 

East China on 19 July 2016. This event has been well-documented in previous studies, 69 

highlighting the large-scale predictability and significant regional uncertainties [13]. Recent 70 

advancements in regional observation intensification and assimilation schemes, such as 71 

three-dimensional variation (3DVar) and ensemble root mean square filter (EnSRF), have 72 

significantly improved the monitoring and forecasting of such events [45]. However, the 73 

complex characteristics of these intensified observations, including spatiotemporal 74 

discontinuities and large terrain gaps, have exacerbated the disharmony between regional 75 

NWP's observation and forecast systems [26,47]. Consequently, the impacts of multiple 76 

forecast and observation interests on regional rainstorm forecasts in central East China remain 77 

largely unexplored. 78 

To address these gaps, this study introduces a comprehensive framework that combines 79 

multiple forecast metrics and observation interests. The framework employs identical twin 80 

designs to assess the mutual sensitivities between forecast metrics and observation interests, 81 

the relative impacts of different observation interests, and the effects of reference truth on 82 

forecast accuracy. By leveraging flexible assimilation–forecast systems, this study aims to 83 

provide actionable insights for optimizing local observations and improving regional NWP 84 

models, ultimately enhancing local weather forecasting and disaster mitigation capabilities. 85 

The initial section sets the stage by introducing the problem of interest, namely the impacts 86 

of multi–observation interests on rainstorm forecasts in East China. Section 2 details the 87 

methodologies employed in this study. Section 3 presents the experimental setup, including the 88 

specifics of the rainstorm event selected for study, the design of the assimilation experiments, 89 

and the reference datasets used for validation. Section 4 delves into the results of the study, 90 

discussing the impacts of data assimilation on forecast accuracy, the mutual sensitivities 91 

between forecast metrics and observation interests, and the relative impacts of different 92 
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observation interests on forecast performance. Section 5 provides a discussion of the findings, 93 

interpreting the results in the context of existing literature and theory, and exploring the 94 

implications for the design of future observation networks and data assimilation strategies. The 95 

paper concludes in Section 6 with a summary of the key findings and their significance for 96 

improving weather forecasting and disaster prevention efforts in East China. It also suggests 97 

directions for future research to build upon the insights gained from this study. Finally, the 98 

Appendices contain detailed descriptions of the calculation formulas for the various forecast 99 

metrics used in the study, providing transparency and reproducibility of the research methods.   100 

2. Method 101 

To comprehensively evaluate the impacts of various observation interests on regional 102 

rainstorm forecasts in East China, this study employs a combination of multiple forecast 103 

metrics and observation interests within an identical twin OSSE framework. The methodology 104 

involves the following key components: (1) Forecast Metrics; (2) Observation Interests; (3) 105 

Mutual Sensitivities; (4) Relative Impacts; (5) Reference Effects. 106 

2.1 Forecast Metrics 107 

This study utilizes a diverse set of forecast metrics to evaluate the impacts of different 108 

observation interests on the rainstorm forecasts. These metrics are categorized into four types: 109 

synoptic, objective, energy, and economic. The specific metrics and their definitions are 110 

summarized in Table 1. The distance between experimental data and reference truth (RT) in 111 

the horizontal dimensions is defined as 𝑑𝑖ݏ, while the distance between control data and RT is 112 

defined as 𝑑𝑖ݏ௖. A smaller 𝑑𝑖ݏ than 𝑑𝑖ݏ௖ indicates a benefit, or a cost otherwise. The detailed 113 

formulas for calculating these distances are provided in the appendix. 114 

Table 1 Description of the forecast metrics used in this study 115 

Type Metric Formula* Distance* 

Synoptic 
THE 𝑑𝑖ݏ௧ − 𝑑𝑖ݏ௖௧ 𝑑𝑖ݏ =  (ܮܥܮ∆)ݏܾܽ

VOR ∑ (𝑑𝑖ݏ௧ − 𝑑𝑖ݏ௖௧)௧=௡௧௧=1   𝑑𝑖ݏ = ,ݐ݈ܽ∆)ܦܥܸ  (݊݋݈∆

Objective 

SUR ∑ (𝑑𝑖ݏ௧ − 𝑑𝑖ݏ௖௧)௧=௡௧௧=1 ,1ݒ) ݎ݋ݐܿ݁ݒ ݎ݋݂   ݏ𝑑𝑖 :(2ݒ = ,1ݒ∆)ܧܸܵܯܴ ݏ𝑑𝑖 : ݁ݏ݈݁  (2ݒ∆ =   (ݑ∆)ܧܵܯܴ

UPP ∑ ∑ (𝑑𝑖ݏ௞,௧ − 𝑑𝑖ݏ௖௞,௧)௞=௡௞௞=1௧=௡௧௧=1   

PRO ∑ (𝑑𝑖ݏ௞,௧ − 𝑑𝑖ݏ௖௞,௧)௧=௡௧௧=1   

Energy MSE ∑ ∑ (𝑑𝑖ݏ௞,௧ − 𝑑𝑖ݏ௖௞,௧)௞=௡௞௞=1௧=௡௧௧=1   𝑑𝑖ݏ =  (ܧܵܯ∆)ܧܵܯܴ
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TKE ∑ ∑ (𝑑𝑖ݏ௞,௧ − 𝑑𝑖ݏ௖௞,௧)௞=௡௞௞=1௧=௡௧௧=1   𝑑𝑖ݏ =  (ܧܭܶ∆)ܧܵܯܴ

Economic ECO 𝑑𝑖ݏ −  𝑑𝑖ݏ௖  𝑑𝑖ݏ = 1 −  ܸܮܥܧ

*The superscripts ݐ and ݊ݐ represent ݐ௧ℎ  step and total step number respectively in the 116 

study time period. The superscripts ݇ and ݊݇ represent ݇௧ℎ layer and total layer number 117 

respectively. The symbol ∆ represents the difference between the experiment data and RT. 118 (݈ܽݐ, ,1ݒ) .represents the latitude and longitude of the vortex center (݊݋݈  represent 119 ݑ and (2ݒ

the vector and unique variables respectively. The details about distance calculation should 120 

refer to the appendix section. 121 

2.1.1 Synoptic 122 

Thermodynamic (THE): Based on the T–lnp framework, this metric quantifies the 123 

benefit/cost of the lifting condensation level (LCL) distance at Zhengzhou (ZZ) station at 12:00 124 

prior to the core rainstorm onset [12]. 125 

Vortex (VOR): This metric quantifies the benefit/cost of the path distance of the low-level 126 

vortex center during the rainstorm event [14,39,50]. 127 

2.1.2 Objective 128 

Surface Element (SUR): This metric quantifies the benefit/cost of errors in different 129 

near-surface atmospheric states (T2, T2-D2, and W10) over the entire weather period. 130 

Upper Element (UPP): This metric corresponds to different atmospheric states (T, RH, 131 

and W) for the entire layer. 132 

Vertical Profile (PRO): This metric corresponds to different atmospheric states (T, RH, 133 

and W) for stratified layers (i.e., vertical profiles). 134 

2.1.3 Energy 135 

Moist Static Energy (MSE): This metric quantifies the benefit/cost of errors in the moist 136 

static energy of the lower atmosphere (1000–700 hPa) over the entire weather period [31]. 137 

Turbulent Kinetic Energy (TKE): This metric quantifies the benefit/cost of errors in the 138 

turbulent kinetic energy of the lower atmosphere [46]. 139 

2.1.4 Economic 140 

Economic Cost-Loss Value (ECO): This metric quantifies the benefit/cost of the ECLV 141 

distance for forecasted disaster-causing precipitation (i.e., rainstorm and heavy rainstorm) 142 

during the study period [35,44]. 143 

2.2 Observation Interests 144 
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The observation interests are categorized into four types: Element, Region, Density, and 145 

Layer. These interests are designed to reflect the practical needs for observing typical weather 146 

processes and to evaluate the influence of actual observational tasks on weather forecasting. 147 

The geographical distribution of these observation interests is illustrated in Figure 1, which 148 

provides an overview of the main concerned interests of our study region, including the early 149 

observing stations and the four defined regions at 06:00 UTC on 19 July 2016. The figure also 150 

shows the subsequent rainstorm event (total rainfall exceeding 50 mm: contoured; 151 

time-averaged winds of 700 hPa: vector) covering the period from 06:00 to 18:00, along with 152 

the elevation data from the USGS' 3-second SRTM (shaded; units: m). The early reported 153 

observations include automatic weather stations (AWS; blue scattered dots), sounding (red 154 

circles), Doppler radars (red boxes), Global Navigation Satellite System/Meteorology water 155 

vapor (GNSS/MET; red crosses), wind profile radar (WP; red triangles), and microwave 156 

radiometer (MR; red inverted triangles). The main rivers and province boundaries are indicated 157 

by ticked cyan and gray lines, respectively. 158 

 159 
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Figure 1 A. Overview of main concerned interests of our study region such as the early 160 

observing (scattered) and four regions (blue dashed boxes) at UTC 06:00 19 July 2016, the 161 

following rainstorm (total rainfall exceeding 50 mm: contoured; time averaged winds of 700hPa: 162 

vector) covering 06:00~18:00, and the elevation (shaded; units: m) of USGs' 3s SRTM. The 163 

early reported observations includes the automatic weather stations (AWS; blue scattered 164 

dots), sounding (read circles), Doppler radars (red boxes), Global Navigation Satellite 165 

System/Meteorology water vapor (GNSS/MET; red crosses), wind profile radar (WP; red 166 

triangles), microwave radiometer (MR; red inverted triangles), and the main rivers and province 167 

boundaries are in ticked cyan and ticked gray lines respectively. B. Location (black box) of 168 

Henan province (red lines) in China. C. The MODIS land cover (shaded). D. Model domains 169 

(solid lines) and our study region (dotted lines). During A, ZZ = Zhengzhou, KF = Kaifeng, LY = 170 

Luoyang, PDS = Pingdingshan, AY = Anyang, HB = Hebi, XX = Xinxiang, JZ = JiaoZuo, PY = 171 

Puyang, XC = Xuchang, LH = Luohe, SMX = Sanmenxia, NY = Nanyang, SQ = Shangqiu, XY 172 

= Xinyang, ZK = Zhoukou, ZMD = Zhumadian, JY = Jiyuan.  173 

2.2.1 Element 174 

Temperature (T2): Surface temperature observations. 175 

Dew Point (D2): Surface dew point observations. 176 

Wind Vector (W10): Surface wind vector observations. 177 

2.2.2 Region 178 

Northwest (NW): Covering the southern part of the TaiHang mountains (111.5°E to 179 

114.0°E, 35.0°N to 36.5°N). 180 

Central-West (CW): Covering the FuNiu mountain (110.2°E to 113.5°E, 32.5°N to 181 

35.0°N). 182 

South (SO): Covering the northern side of the DaBie mountains (111.3°E to 115.8°E, 183 

31.3°N to 32.5°N). 184 

Middle-East (ME): Covering the Yellow-Huai grain-producing area (113.5°E to 116.8°E, 185 

32.5°N to 35.0°N). 186 

2.2.3 Density 187 
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6 km: High-density observations. 188 

12 km: Medium-density observations. 189 

30 km: Low-density observations. 190 

2.2.4 Layer 191 

200 hPa: Upper atmospheric layer. 192 

500 hPa: Mid-atmospheric layer. 193 

700 hPa: Lower mid-atmospheric layer. 194 

850 hPa: Lower atmospheric layer. 195 

925 hPa: Near-surface atmospheric layer. 196 

2.3 Mutual Sensitivities 197 

To identify and analyze the sensitivity characteristics of forecast metrics (M) to observation 198 

interests (OIG), we define the correlation of benefit rankings (i.e., Spearman's rank correlation 199 

coefficient, CC) between different sub-metrics of the same M type and different M types as 200 

self-CC and non-self-CC, respectively. Larger values of self-CC and non-self-CC indicate 201 

closer benefit rankings between sub-metrics of the same M type and between different M types 202 

within a certain OIG type, suggesting insensitivity of M to that OIG type. The significance of 203 

these correlations is further analyzed using the distribution of significance levels (p-values) to 204 

reveal the overall confidence characteristics of the sensitivity of M type to OIG. 205 

Similarly, the sensitivity of a given OIG type to M is analyzed by swapping M and OIG in 206 

the above analysis. This provides qualitative insights into the overall sensitivity of M or OIG 207 

types, offering objective suggestions for their practical applications. 208 

2.4 Relative Impacts 209 

To objectively evaluate the primary influence of homogeneous OIG types on the entire M 210 

category, we introduce linear transformations across all M within the same OIG type as ܯప̃ =211 

ெ೔௠௔௫(௔௕௦(ࡹ)), where 𝑖 represents the 𝑖௧ℎ metric, ݊݁ denotes the length of M，and ̃ܯ varies in 212 

[−1, 1]. Noted that, due to the unsolved scaling of extra upper layer dimensionalities, except 213 

PRO, other metrics are all scaled during this work (Table 1). Moreover, the significance of 214 

OIG’s benefit/cost associated with the overall M are further analyzed by examining the 215 
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extreme values of M and their corresponding OIG pairs, i.e., ܥ௠௔௫/ ܤ௠௔௫ represents the actual 216 

extreme benefit/cost corresponding to M. This analysis helps identify the beneficial generality 217 

and cautious extremes of each OIG type. 218 

2.5 Reference Effects 219 

Given the inherent selectability of RT in M calculations, this study examines the impact of 220 

RT selection on the sensitivity of OIG and/or M by comparing self-CC across varying RT. 221 

Additionally, the distribution differences of dis under different RT scenarios are analyzed to 222 

clarify how RT choices affect the relative impacts of OIG. This comprehensive methodology 223 

allows for a detailed assessment of the impacts of various observation interests on regional 224 

rainstorm forecasts, providing valuable insights for optimizing local observation networks and 225 

improving regional NWP models. 226 

3. Model and Data 227 

3.1 Model 228 

3.1.1 WRF Model 229 

The WRF model (version 3.9.1) is employed in this study to simulate the regional rainstorm 230 

event. The model uses a two-way nested scheme with one-way feedback, meaning that only 231 

the feedback from the outer domain to the inner domain is considered. The model domains are 232 

centered at 113.45°E, 33.85°N, with the outer domain consisting of 100×100 grids at a 12 km 233 

resolution and the inner domain consisting of 166×160 grids at a 4 km resolution. The model 234 

integration time step is set to 30 seconds. The model includes 51 vertical layers, with 21 layers 235 

below 1 km.  236 

For the outer domain, the Kain-Fritsch (KF) convection scheme [21] is used, while 237 

convection is turned off in the inner domain. Other physical processes are modeled using the 238 

same schemes for both domains: the Thompson scheme for cloud microphysics [42], the 239 

Yonsei University (YSU) scheme for boundary layer physics [17], the Rapid Radiative Transfer 240 

Model (RRTMG) scheme for both long-wave and short-wave radiation physics [17], the 241 

Monin-Obukhov similarity scheme for surface physics [20], the Noah Land Surface Model (LSM) 242 

scheme for land surface physics [40], and the Unified Canopy Model (UCM) scheme for canopy 243 

physics [7]. 244 

3.1.2 Assimilation 245 
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The processes of the two data assimilation–forecast schemes adopted in this study are 246 

illustrated in Figure 2. The cold start firstly uses forcing datasets to drive WRF to get boundary 247 

and initial values (0ݔ). For 3DVar [4], a following 6 hour (6h) warm up is conducted to get the 248 

initial first guess (ݔ௙), then the static background covariance using the global–scale forecast 249 

error variance (or CV3) [33], is assembled to assimilate the surface simulated observations. 250 

However, for EnSRF [29], the following 6h warm ups that initialized with a ensemble of 30 251 

members, that adding 0ݔ with random perturbation of the standard deviation (ߜ௙) of various 252 

model sates, i.e., temperature (ߜ ௙்
, 1.5 K), geopotential altitude (ீߜு௙

, 10 gpm), zonal winds (ߜ௎௙, 253 

2 m/s), and meridional winds (ߜ௏௙, 2 m/s), to achieve the initial ensemble forecasts (ݔ௜௙), then 254 

the real–time ensemble background covariance using a fixed–coefficient inflation scheme (i.e., 255 

(1 +  being 0.5 and a distance–weighted piece–wise localization [15] with the 256 ߙ with [2] ((ߙ

horizontal and vertical radii being 20 and 10 Km respectively, is conducted to assimilate the 257 

upper simulated observations.  258 

 259 

Figure 2 The flowchart of local WRF–3DVar and –EnSRF systems. 260 

In addition, 3DVar adopts the observation error (√ܴ) with a standard deviation (ߜ௢) of various 261 

SYNOP assimilation entries, i.e., 10m wind speed (ߜௐௌ10௢ , 1.1 m/s), 10m wind direction (ߜௐ஽10௢ , 262 

1.1o), 2m temperature (2்ߜ௢ , 2 K) and observation screen height (ߜ஺௅்௢ , 6.0 m), while EnSRF 263 

adopts √ܴ with a standard deviation (ߜ௢ , who equals to ߜ௙ ) [19] of various SOUNDING 264 

assimilation entries, i.e., temperature (ߜ ௢், 1.5 K), geopotential altitude (ீߜு௢ , 10 gpm), zonal 265 

winds (ߜ௎௢, 2 m/s), and meridional winds (ߜ௏௢, 2 m/s). Especially, the thresholds of the various 266 
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corresponding observation innovation (i.e., observation minus background or OMB) for both 267 

3DVar and EnSRF all equal to 5ߜ௢.   268 

3.2 Data 269 

3.2.1 Simulated Observation 270 

 Simulated observations are derived from the European Centre for Medium-Range 271 

Weather Forecasts (ECMWF) real-time operational forecast datasets, which are composited 272 

with layer-different datasets of varied horizontal resolutions. The upper-level ECMWF data 273 

have a resolution of around 25 km, while the surface-level data have a resolution of around 12 274 

km. The real surface Automatic Weather Stations (AWS) resolution can approach nearly 10 275 

km, indicating that their surface-level resolutions are fortuitously close. The ECMWF data are 276 

bi-linearly interpolated to resolutions of 12 km and 6 km to obtain the simulated observations at 277 

upper-level and surface-level, respectively, named as EC12 and EC6. 278 

For the simulated surface-level observation (SURF), the screen heights for temperature 279 

and dew point are 2 meters above the ground level (T2 and D2, respectively), while the screen 280 

height for wind is 10 meters above the ground level (W10). These conform to the EC6 281 

surface-level layers. For the simulated vertical-level observation (HIGH), the vertical layers for 282 

suited elements, including temperature, winds, and altitude (T, W, and H), conform to the EC12 283 

pressure layers. SURF and HIGH jointly form the tailored observations of this study. 284 

3.2.2 Forcing Datasets 285 

The final reanalysis (FNL) dataset with a 0.25° resolution, derived from the National 286 

Centers for Environmental Prediction (NCEP), is used to drive the WRF model. The FNL 287 

dataset contains 27 pressure layers, 1 surface layer, and 4 soil layers. The USGS' SRTM DEM 288 

with 3-second resolution and the NASA's MODIS land cover datasets with 5-second resolution 289 

are used as the WRF's underlying terrain and land cover, respectively (Figure 1A and C).  290 

3.2.3 Validation Dimensions 291 

In addition to using the ECMWF data as the RT, this study also employs the 292 

full-observation assimilation of each OIG as the tailored reference to investigate the effects of 293 

RT differences. Given that the spatiotemporal resolution of ECMWF data is significantly lower 294 

than that of the WRF–model–based tailored reference data, the ECMWF data's spatiotemporal 295 
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resolution (i.e., 3–hour interval, horizontal spacing of 6/12 km, and 10 pressure levels) is 296 

adopted as the baseline dimension for verification. 297 

4. Experiment 298 

4.1 Experimental Design 299 

The rainstorm event that occurred around the local afternoon (06:00 UTC) on July 19, 300 

2016, and lasted for 12 hours, crossing the ZZ–XX–AY area northeasterly, is used as the case 301 

study. The WRF model is initiated with FNL at 00:00 UTC. After a 6–hour warm–up, 302 

assimilation with four observation interest groups (OIG), designed as allow and deny twins, is 303 

performed to achieve varied initial conditions at 06:00 UTC. These initial conditions drive the 304 

WRF model to produce 12–hour forecasts.  305 

The experiment design is detailed in Table 2. Except for Density, all other OIGs are 306 

conducted as allow and deny types with opposite parameter behaviors to quantify the impacts 307 

of individual observation interests. Density is conducted as density enhancement with different 308 

spatial parameters of the ongoing mentioned four interest regions to qualify the impacts of 309 

regional density increase or decrease. The experiment without assimilation is taken as the 310 

control run (CTR), while the varied tailored assimilation runs and the EC6/EC12 datasets are 311 

taken as the two types of desirable reference truth, i.e., tailored and ECMWF. 312 

Table 2 Experiment description 313 

OIG Type Parameter Design* Notes  

Element 

Allow 

EA1, EA2, and EA3: Single assimilation of 2m temperature 

(T2), 2m dew (D2), and 10m winds (W10) respectively 

compared to CTR. 

Quantify impacts of 

individual surface 

element of SURF. 

Deny 
ED1, ED2, and ED3: Denial assimilation of T2, D2, and 

W10 respectively compared to SR 

Quantify impacts of 

excluding individual 

surface element from 

SURF. 

Region Allow 

RA1, RA2, RA3, and RA4: Single assimilation of the data 

in NW (111.5–114°E, 35–36.5°N), CW (110.2–113.5°E, 

32.5–35°N), SO (111.3–115.8°E, 31.3–32.5°N), and ME 

(113.5–116.8°E, 32.5–35°N) regions respectively 

compared to CTR. 

Quantify impacts of 

individual specific 

region of SURF. 
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Deny 

RD1, RD2, RD3, and RD4: Denial assimilation of the data 

in NW, CW, SO, and ME regions respectively compared to 

SR. 

Quantify impacts of 

excluding individual 

specific region from 

SURF. 

Density 
Enhan

cement 

RA1, RA1.5, and RA1.2: Single assimilation of the data with 

density of 6km (100%), 12km (50%), 30km (20%) 

respectively in NW region. 

(RA2, RA2.5, RA2.2), (RA3, RA3.5, RA3.2), and (RA4, 

RA4.5, RA4.2) are the same to (RA1, RA1.5, RA1.2) but for 

those in CW, SO, and ME regions respectively. 

Quantify impacts of 

density increasing or 

decreasing of individual 

specific region of 

SURF. 

Layer 

Allow 

LA1, LA2, LA3, LA4, and LA5: Single assimilation of the 

data of 200hPa, 500hPa, 700hPa, 850hPa, and 925hPa 

respectively compared to CTL. 

Quantify impacts of 

individual layer of 

HIGH. 

Deny 

LD1, LD2, LD3, LD4, and LD5: Denial assimilation of the 

data of 200hPa, 500hPa, 700hPa, 850hPa, and 925hPa 

respectively compared to UR. 

Quantify impacts of 

excluding individual 

layer from HIGH. 

*SR = Surface Reference, and UR = Upper Reference.  314 

 The flowchart of this study can be divided into three parts (Fig. 3). Firstly, data preparation 315 

primarily involves the observation extraction of various twin pairs (such as allowed and denied) 316 

within four interest groups (i.e., Element, Region, Density, and Layer), followed by data 317 

assimilation to obtain forecasts incorporating reference observations and forecasts 318 

incorporating observation interests. Secondly, benefit/cost calculation mainly consists of 319 

extracting surface and upper–level state data (e.g., temperature, humidity, and wind) from 320 

various forecasts, and calculating the benefits/costs of different observation–interest informed 321 

forecasts using various evaluation metrics against different reference (i.e., EC and tailored 322 

data) and control (CTL) forecasts. Lastly, benefit/cost evaluation primarily entails ranking 323 

and/or scaling the benefits/costs under various metrics and references, as well as conducting 324 

quantitative analysis of their differences and/or characteristics, thereby deriving the 325 

coordinated observation and forecast interests. 326 

4.2 Assimilation and Forecast 327 

 The data assimilation process involves the following steps: 328 

Data Preparation: Extract observations from various twin pairs (allow and deny) within 329 

the four interest groups (Element, Region, Density, and Layer). 330 
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Data Assimilation: Use the 3DVar and EnSRF schemes to assimilate the observations 331 

and generate initial conditions for the WRF model. 332 

Forecast Generation: Drive the WRF model with the assimilated initial conditions to 333 

produce 12-hour forecasts. 334 

The flowchart of this study is shown in Figure 3, which outlines the data preparation, 335 

benefit/cost calculation, and benefit/cost evaluation processes. The data preparation involves 336 

extracting observations from various twin pairs within the four interest groups. The benefit/cost 337 

calculation involves extracting state data from various forecasts and calculating the 338 

benefits/costs using the defined metrics against different references (EC and tailored data) 339 

and control forecasts. The benefit/cost evaluation involves ranking and scaling the 340 

benefits/costs under various metrics and references, and conducting quantitative analysis of 341 

their differences and characteristics. 342 

 343 

Figure 3 Flowchart of this study. RT = Reference Truth. 344 
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4.3 Validation and Analysis 345 

The validation and analysis of the forecasts involve the following steps: 346 

Comparison with Reference Truth: Compare the forecasts generated from different 347 

assimilation schemes with the reference truth (EC and tailored data) to assess the accuracy of 348 

the forecasts. 349 

Benefit/Cost Analysis: Calculate the benefits/costs of different observation–interest–350 

informed forecasts using the defined metrics. 351 

Sensitivity Analysis: Analyze the sensitivity of forecast metrics to different observation 352 

interests, the sensitivity of observation interests to different forecast metrics, and the impact of 353 

reference truth selection on the results. 354 

The results of these analyses provide insights into the mutual sensitivities between 355 

forecast metrics and observation interests, the relative impacts of different observation 356 

interests, and the effects of reference truth on forecast accuracy. These insights are crucial for 357 

optimizing local observation networks and improving regional NWP models. 358 

5. Result 359 

5.1 Effects of Data Assimilation  360 

The assimilation of different observation interests significantly impacts the initial conditions 361 

and subsequent forecasts. For 3DVar assimilation, the surface reference (SR) absorbed the 362 

most T2, U10, and V10 observations, while the region-specific assimilation (RA) absorbed the 363 

least. For EnSRF assimilation, the upper reference (UR) absorbed the most T, U, and V 364 

observations, while the layer-specific assimilation (LA) absorbed the least. The observation 365 

minus background (OMB) quantities showed consistent U-shaped distributions for surface 366 

observations and approximately linear distributions for upper-level observations. 367 

Figure 4A illustrates the OMB quantity in assimilation of each OIG, showing the number of 368 

observations assimilated for each variable. The results indicate that the surface reference (SR) 369 

absorbed the most observations, while the region-specific assimilation (RA) absorbed the least. 370 

Figure 4B shows the T–lnP diagram of THE at ZZ station at 12:00 on July 19, 2016. The 371 

temperature profiles among various datasets are close, but significant differences are observed 372 

in the dew profiles, with the ECMWF data indicating a notably dry upper atmosphere compared 373 

to other datasets. 374 
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 375 

Figure 4 A. The observation minus forecast (OMB) quantity in assimilation of each OIG, x– and 376 

y–axis represent variable and OMB quantity respectively. B. The T–lnP diagram of THE at ZZ 377 

station at 12:00 on July 19, 2016, where the colored thick solid and dashed lines represent the 378 

temperature and dew of different reference truths, while the fine solid black line, fine solid blue 379 

line, fine dashed black line, and fine dashed green line represent isotherms, moist adiabats, dry 380 

adiabats, and saturation vapor mixing ratio, respectively. C. The 700hPa vortex tracking from 381 

06:00 to 18:00 on July 19, 2016. D. The variation of domain (D02) averaged states of the 382 

surface layer and the 700hPa layer against time. E is the same to D, but for the energy states of 383 

1000–700hPa layer. F. The vertical profiles of spatiotemporally averaged upper states. G. The 384 

12 hour total rainfall at 18:00 on July 19, 2016. 385 

Figure 4C depicts the 700hPa vortex tracking from 06:00 to 18:00 on July 19, 2016. The 386 

vortex paths show significant differences due to large variations in vortex development among 387 

the OSSE experiments. The ECMWF data show a faster eastward acceleration of the vortex 388 

compared to the tailored reference truth (RT). 389 

Figure 4D shows the variation of domain-averaged states of the surface layer and the 390 

700hPa layer against time. The results indicate that the tailored RT and control (CTL) forecasts 391 

are very close, while the ECMWF data show a relatively cold and saturated surface with weak 392 

winds. 393 
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Figure 4E shows the variation of domain-averaged energy states of the 1000-700hPa layer 394 

against time. The ECMWF data show a lower moist static energy (MSE) but a higher turbulent 395 

kinetic energy (TKE) compared to the tailored RT and CTL forecasts. 396 

Figure 4F shows the vertical profiles of spatiotemporally averaged upper states. The 397 

results indicate that the ECMWF data show a relative drier troposphere but a sharper low-level 398 

vertical wind shear compared to the tailored RT and CTL forecasts. 399 

Figure 4G shows the 12-hour total rainfall at 18:00 on July 19, 2016. The results indicate 400 

consistent southwest-northeastern oriented belts but with significant regional differences. The 401 

CTL and tailored RT forecasts produced heavier rainfall than the ECMWF data over the 402 

northern region. 403 

5.2 Mutual Sensitivities of Interests 404 

The mutual sensitivities between forecast metrics and observation interests were analyzed 405 

using Spearman's rank correlation coefficients (CC). The results showed that the synoptic-type 406 

metric exhibited the highest sensitivity to observation interests, while the energy-type metric 407 

showed the second highest sensitivity. The economic metric exhibited the least sensitivity. The 408 

density-type observation interest showed the least sensitivity to forecast metrics, while the 409 

region-type interest showed the highest sensitivity. 410 

Figure 5A shows the violin plot of Spearman correlation coefficients (CC) of benefit/cost 411 

ranking against different forecast metrics and observation interests. The results indicate that 412 

the synoptic-type metric has the highest sensitivity, followed by the energy-type metric, with 413 

the economic metric showing the least sensitivity. 414 

Figure 5B shows the violin plot of CC for different observation interest types. The results 415 

indicate that the density-type observation interest has the least sensitivity, followed by the 416 

layer-type interest, with the region-type interest showing the highest sensitivity. 417 

Figure 5C and Figure 5D show the significance levels (p-values) of the CC for forecast 418 

metrics and observation interests, respectively. The results indicate low statistical confidence 419 

in the sensitivity measures across forecast metrics, reflecting diminished sensitivity credibility. 420 

However, the density-type observation interest shows high reliability in benefit correlations. 421 
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 422 

Figure 5 Violin plot of Sperman correlation coefficients (CC; units: 1) of benefit/cost ranking 423 

against different metric (A) and OIG types (B). C and D are same to A and B respectively, but 424 

for their significance levels p. The violin edges represent the kernel density distributions. The 425 

boxes, thick and slim whiskers represent the ranges of the four percentiles, median outliers and 426 

extreme outliers respectively, while the circles represent the median. 427 
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5.3 Relative Impacts of Observations  428 

The relative impacts of different observation interests on forecast metrics were evaluated 429 

by comparing the benefits/costs across various metrics and references. The results showed 430 

that the dew point (D2) element and the central–west (CW) region had the most significant 431 

impacts on forecasts, while the temperature (T2) element and the middle–east (ME) region 432 

contributed the most to improving overall forecasts. The density enhancement from 30 km to 12 433 

km demonstrated optimal robustness across all interests. 434 

Figure 6A and Figure 6B show the bubble charts of the benefit/cost for various observation 435 

interests across different forecast metrics, referenced to ECMWF and tailored truth, 436 

respectively. The results indicate that the dew point (D2) element and the central–west (CW) 437 

region have the most significant impacts on forecasts. 438 

 439 

Figure 6 Bubble chart of the benefit/cost for various OIG across different M, where red and blue 440 

represent benefits and costs, respectively, and the bubble sizes, texts and thick circles indicate 441 

the scaled, actual, and ܥ௠௔௫/ܤ௠௔௫ of M respectively, across single OIG type. A shows the 442 

benefit/cost of Element, referenced to EC, with x–axis representing members within one OIG 443 

and y–axis representing M names. B is the same to A, but referenced to tailored truth. C(D), 444 
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E(F), G(H) are the same to A(B), but for Region, Density, and Layer respectively. The M’ type 445 

(colored lines) and it index (colored numbers) are shown at the right y–axis.  446 

Figure 6C and Figure 6D show the bubble charts for region-type observation interests, 447 

indicating that the central-west (CW) region has the most significant overall impact on 448 

forecasts, while the middle-east (ME) region contributes the most to improving overall 449 

forecasts. 450 

Figure 6E and Figure 6F show the bubble charts for density-type observation interests, 451 

indicating that the density enhancement from 30 km to 12 km demonstrates optimal robustness 452 

across all interests. 453 

Figure 6G and Figure 6H show the bubble charts for layer-type observation interests, 454 

indicating that the 925 hPa layer has the most significant overall impact on forecasts, while the 455 

500 hPa layer contributes the most to improving overall forecasts. 456 

Table 3 Benefit numbers of single interest and extreme numbers of interest pair. 457 

summarizes the benefit numbers of single interests and extreme numbers of interest pairs for 458 

each observation interest group (OIG). The table provides detailed information on the number 459 

of metrics showing benefits and the number of extreme values for each interest, highlighting the 460 

overall impact of each observation interest on the forecasts. 461 

Table 3 Benefit numbers of single interest and extreme numbers of interest pair. 462 

OIG  (ࡹ < ૙)*; single interest (࢞ࢇ࢓࡯ ∪  interest pair ;*(࢞ࢇ࢓࡮

Element 

21; EA1 
3; EA1/ED1 

16; EA2 

20; EA3 
21; EA2/ED2 

20; ED1 

22; ED2 
3; EA3/ED3 

21; ED3 

Region 

21; RA1 
6; RA1/RD1 

2; RA2 

19; RA3 
14; RA2/RD2 

21; RA4 

22; RD1 
2; RA3/RD3 

22; RD2 

22; RD3 
2; RA4/RD4 

20; RD4 
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Density 

21; RA1.2 
11; RA1.2/RA1.5 

14; RA2.2 

20; RA3.2 
7; RA2.2/RA2.5 

22; RA4.2 

22; RA1.5 
2; RA3.2/RA3.5 

13; RA2.5 

22; RA3.5 
4; RA4.2/RA4.5 

22; RA4.5 

Layer 

17; LA1 
4; LA1/LD1 

16; LA2 

19; LA3 
8; LA2/LD2 

20; LA4 

19; LA5 
0; LA3/LD3 

18; LD1 

17; LD2 
3; LA4/LD4 

16; LD3 

18; LD4 
9; LA5/LD5 

19; LD5 

*The bold numbers represents the maximum during one OIG. 463 

The table shows that for the Element–type OIG, the dew point (D2) element has the most 464 

significant overall impact on forecasts, with the most extreme values and the highest number 465 

of metrics showing benefits when denied (ED2). For the Region–type OIG, the central–west 466 

(CW) region has the most significant overall impact, with the most extreme values and the 467 

highest number of metrics showing benefits when denied (RD2). For the Density–type OIG, 468 

the density enhancement in the northwest (NW) region has the most significant overall impact, 469 

with the most extreme values and the highest number of metrics showing benefits when 470 

increased from 30 km to 12 km (RA1.2 and RA1.5). For the Layer–type OIG, the 925 hPa layer 471 

has the most significant overall impact, with the most extreme values and the highest number 472 

of metrics showing benefits when denied (LD5). 473 

5.4 Effects of Reference Truth 474 

The choice of reference truth significantly impacted the sensitivity of forecast metrics to 475 

observation interests. The tailored reference showed lower sensitivity compared to the 476 

ECMWF reference, indicating that the tailored reference may overestimate the benefits of 477 

assimilation due to self–validation. The ECMWF reference, on the other hand, showed a more 478 

pessimistic performance, suggesting that it may underestimate the benefits of assimilation. 479 
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Figure 7A shows the scatter distribution of the self–CC of forecast metrics against 480 

different reference truths. The results indicate that the tailored reference exhibits a greater 481 

proportion of larger CC values compared to the ECMWF reference, suggesting lower 482 

sensitivity of forecast metrics to observation interests in the tailored reference. 483 

 484 

Figure 7 Scatter distribution of the self–CC of M (A), the self–CC of OIG (B), and ̃ࡹ (C) 485 

against different RT, that y– and x–axis represent EC and tailored respectively, and different 486 

metric and OIG types are shown in markers and colors respectively. The bold gray lines in A 487 

and B represent a equatable CC of different RT, while those in C represent the boundaries 488 

between benefit and cost within different RT. Also, the significance levels (p<0.05 and p<0.15) 489 

of CC within both EC and tailored are shown in A and B, and the metric indexes of Fig. 6 are 490 

shown in C. 491 

Figure 7B shows the scatter distribution of the self–CC of observation interests against 492 

different reference truths. The results indicate that the tailored reference exhibits a higher 493 

frequency of smaller CC values compared to the ECMWF reference, suggesting higher 494 

sensitivity of observation interests to forecast metrics in the tailored reference. 495 
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Figure 7C shows the distribution of benefit/cost phases against different reference truths. 496 

The results indicate that joint benefits are the most prominent feature, highlighting the positive 497 

impact of assimilating different observational interests on forecasting. The significant 498 

contradictions within the ECMWF cost but tailored benefit zone highlight the need for careful 499 

trade–off of reference truth for layer– and density–type observation interests.. 500 

6. Discussion 501 

6.1 Key Findings and Implications 502 

The comprehensive evaluation of various observation interests on regional rainstorm 503 

forecasts in East China using multiple forecast metrics and an identical twin OSSE framework 504 

has yielded several key findings. These findings provide valuable insights into the mutual 505 

sensitivities and relative impacts of different observation interests, emphasizing the need for a 506 

balanced approach in managing complex observation interests within local NWP systems. 507 

Firstly, the synoptic–type metric exhibited the highest sensitivity to observation interests. 508 

This indicates that the selection of observational interests significantly impacts the forecast 509 

accuracy for synoptic–scale features. This finding underscores the importance of carefully 510 

choosing observation interests when focusing on synoptic-scale forecasts. The energy–type 511 

metric showed the second highest sensitivity, followed by the objective metric, with the 512 

economic metric showing the least sensitivity. This suggests that different forecast metrics may 513 

require different strategies for optimizing observation interests. 514 

Secondly, the relative impacts of different observation interests on forecast metrics were 515 

evaluated. The dew point (D2) element and the central–west (CW) region had the most 516 

significant impacts on forecasts, indicating that these observation interests should be prioritized 517 

in local NWP systems. The density enhancement from 30 km to 12 km demonstrated optimal 518 

robustness across all interests, highlighting the importance of increasing observation density in 519 

specific regions to improve forecast accuracy. The 925 hPa layer showed the most significant 520 

overall impact on forecasts, suggesting that lower atmospheric layers should be given more 521 

attention in observation and assimilation strategies. 522 

Thirdly, the choice of reference truth significantly impacted the sensitivity of forecast 523 

metrics to observation interests. The tailored reference showed lower sensitivity compared to 524 

the ECMWF reference, indicating that the tailored reference may overestimate the benefits of 525 
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assimilation due to self–validation. The ECMWF reference showed a more pessimistic 526 

performance, suggesting that it may underestimate the benefits of assimilation. This highlights 527 

the need for careful consideration of reference truth selection in OSSEs to ensure reliable 528 

evaluation results. 529 

6.2 Challenges and Future Work 530 

Despite the valuable insights provided by this study, several challenges remain, and future 531 

work is needed to address these issues. 532 

Firstly, the high sensitivity of synoptic metrics to observation interests indicates the need for 533 

further research to enhance their broader applicability. Future work should focus on developing 534 

more robust synoptic metrics that can better handle the complexities of regional weather 535 

systems. This will help in improving the accuracy and reliability of synoptic–scale forecasts. 536 

Secondly, the significant impact of reference truth on the evaluation results highlights the need 537 

for more reliable and higher–resolution reference datasets. Future work should explore the use 538 

of downscaled ECMWF data or other high-resolution datasets to improve the accuracy of 539 

reference truth in OSSEs. This will ensure that the evaluation results are more representative of 540 

real–world conditions. Thirdly, the results suggest that certain observation interests, such as 541 

dew point and central–west region, should be prioritized in local NWP systems. Future work 542 

should focus on optimizing the design of observation networks to better capture these critical 543 

interests and improve forecast accuracy. This may involve the deployment of additional 544 

observation stations in key regions and the use of advanced observational technologies. Lastly, 545 

the study highlights the importance of using appropriate data assimilation schemes to 546 

effectively integrate different observation interests into NWP models. Future work should 547 

explore the use of advanced assimilation techniques, such as hybrid schemes combining 548 

3DVar and EnSRF, to further improve the assimilation of observational data. This will help in 549 

enhancing the overall performance of NWP models and improving the accuracy of weather 550 

forecasts. 551 

7. Conclusion 552 

In conclusion, this study provides a comprehensive evaluation of the impacts of various 553 

observation interests on regional rainstorm forecasts in East China using a combination of 554 

multiple forecast metrics and an identical twin OSSE framework. The results emphasize the 555 
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need for a balanced approach in managing complex observation interests within local NWP 556 

systems, considering the significant trade-offs and sensitivities involved. Future work should 557 

focus on enhancing the applicability of synoptic metrics, improving the accuracy of reference 558 

truth, optimizing observation network design, and advancing data assimilation techniques to 559 

further improve local weather forecasting and disaster mitigation strategies. These efforts will 560 

contribute to better preparedness and response to extreme weather events, ultimately 561 

enhancing public safety and reducing the socio-economic impacts of severe weather. 562 
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Appendix 577 

All the calculation formulas in the definition of distance (dis). 578 

A1. Lifting condensation level (LCL) calculation: 579 

ܮܥܮ = 123 ∗ (ܶ2 −  (2ܦ
(

A1) 

A2. Vortex center distance (VCD) calculation: 580 ܸݐ݈ܽ∆)ܦܥ, (݊݋݈∆ = ܴ ∗ 2 ∗ ,ߙ√)2݊ܽݐܽ √1 − ߙ ,(ߙ = (2/ݐ݈ܽ∆)𝑖݊2ݏ + (ݐ݈ܽ)ݏ݋ܿ ∗ (0ݐ݈ܽ)ݏ݋ܿ ∗  (2/݊݋݈∆)𝑖݊2ݏ
(A2–1) 

ݐ݈ܽ∆ = ݐ݈ܽ − ;௥ݐ݈ܽ ݊݋݈∆ = ݊݋݈ − ௥݊݋݈  (A2–2) 

https://rda.ucar.edu/datasets/d083002/dataaccess/
https://lpdaac.usgs.gov/products/mcd12q1v061/
https://srtm.csi.cgiar.org/download
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The (݈ܽݐ, (݊݋݈ and (݈ܽݐ௥ , (௥݊݋݈  represent the vortexes' center location in (latitude, 581 

longitude) of the experiment and referenced data respectively, R represents the earth's radius 582 

and equals to 6743 Km. And ߙ is a corresponding parameter. 583 

A3. Root mean square error (RMSE) and root mean square vector error (RMSVE) 584 

calculation: 585 

(ܽ∆)ܧܵܯܴ = √∑ ∑ (∆௔೔ೕ−∆௔̅̅ ̅̅ )2ೕ=೙೤ೕ=1೔=೙ೣ೔=1 2 ,  ∆ܽ = ܽ − ܽ௥ 

(

A3–1) 

,ݑ∆)ܧܸܵܯܴ (ݒ∆ = √∑ ∑ ((∆௨೔ೕ−∆௨̅̅ ̅̅ )2+(∆௩೔ೕ−∆௩̅̅̅̅ )2)ೕ=೙೤ೕ=1೔=೙ೣ೔=1 2 ݑ∆ , = ݑ − ௥ݑ , ݒ∆ = ݒ − ௥ݒ  

(

A3–2) 

The 𝑖 and ݆ represent the positions of horizontally orthogonal grid points respectively, 586 

while ݊ݔ and ݊ݕ represent their total numbers. The ܽ and ܽ௥ represent the state variable of 587 

the experiment and reference data respectively, while (ݑ, ௥ݑ) and (ݒ ,  ௥) represent for the 588ݒ

wind vector of the experiment and reference data respectively. 589 

A4. Moist static energy (MSE) calculation: 590 

ܧܵܯ = ௣ܥ ∗ ܶ + ݃ ∗ ܪ + ௩ܮ ∗ ܳ 
(

A4) 

The ܥ௣, ݃, ܮ௩ represent the constants of heat capacity (1.005 KJ·kg-1·K-1), gravitational 591 

acceleration (9.8 m·s-2) and latent heat capacity (2.5008 KJ·kg-1·K-1) respectively. 592 

A5. Turbulent kinetic energy (TKE) calculation: 593 

ܧܭܶ = ((డ௨డℎ)2 + (డ௩డℎ)2) ∗ ܥ ∗   ௠ܭ
(

A4) 

The ܭ௠ and ܥ represent the momentum turbulence diffusion coefficient (1.0 m²/s) and 594 

the neutral stability empirical constant (0.02) respectively. 595 

A6. Economic Cost-Loss Value (ECLV) calculation: 596 

ܸܮܥܧ = { (௖௟∗(ℎ+௙−1))+௠௖௟∗(௕௥−1) , ݈ܿ ℎ݁݊ݓ < ௠−௕௥௖௟∗(௕௥−1)+(௖௟∗(ℎ+௙))ݎܾ , ݈ܿ ℎ݁݊ݓ ≥    ݎܾ
(

A5) 

The ݈ܿ, ܾݎ, ℎ, ݂, and ݉ represent the cost/loss rate, base rate, hit rate, false alarm rate, 597 

and miss rate respectively. 598 

 599 
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