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ABSTRACT 11 

Post-processing forecast precipitation fields from numerical weather prediction models aims 12 

to produce ensemble forecasts that are of high quality at each grid-cell and, importantly, are 13 

spatially structured in an appropriate manner. A conventional approach, the grid-cell by grid-cell 14 

post-processing, typically consists of two steps: (1) perform statistical calibration separately at 15 

individual grid-cells to generate unbiased, skillful, and reliable ensemble forecasts; (2) employ 16 

ensemble reordering to link ensemble members of all grid-cells according to certain templates to 17 

form spatially structured ensemble forecasts. However, ensemble reordering techniques are 18 

generally problematic in practical use. For example, the well-known Schaake shuffle is often 19 

criticized for not considering real physical atmospheric conditions. In this context, a 20 

fundamentally new approach, namely spatial mode-based calibration (SMoC), has recently been 21 

developed for post-processing forecast precipitation fields with inbuilt spatial structures, thereby 22 

eliminating the need for ensemble reordering. SMoC was tested on 1-day ahead forecasts of 23 

heavy precipitation events and was found to produce ensemble forecasts with appropriate spatial 24 

structures. In this paper, we extend SMoC to calibrate forecasts of light and no precipitation 25 

events and forecasts at long lead times. We also compare SMoC with the grid-cell by grid-cell 26 

post-processing. Results based on multiple evaluation metrics show that SMoC performs well in 27 

calibrating both forecasts of light and no precipitation events and forecasts at long lead times. 28 

Compared with the grid-cell by grid-cell post-processing, SMoC produces ensemble forecasts 29 

with similar forecast skill, improved forecast reliability, and clearly better spatial structures. In 30 

addition, SMoC is computationally far more efficient. 31 

1. Introduction 32 

Short-term forecasts of precipitation fields play an important role in the meteorological-33 

hydrological forecasting chain and provide critical decision-making information for a wide range 34 

of water-related activities, such as flood prediction, irrigation planning, and water resources 35 

management (Robertson et al., 2013). In practice, these forecasts are routinely produced from 36 

numerical weather prediction (NWP) models, generally over a multitude of grid-cells, in either 37 

deterministic or ensemble forms. However, both forms of forecasts often suffer from systematic 38 
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errors due to various sources of deficiencies in NWP models (Toth and Kalnay, 1993; Gneiting 39 

et al., 2007). Ensemble forecasts also generally suffer from dispersion errors (Buizza et al., 1998; 40 

Roulston and Smith, 2003). These errors should be corrected before the forecasts are used 41 

(Pechlivanidis et al., 2020). In addition, the forecasts may fail to capture the spatial structures of 42 

observed precipitation (Wernli et al., 2008; Shrestha et al., 2015; Radanovics et al., 2018), which 43 

should also be addressed before the forecasts are used, as impacts from precipitation can be 44 

highly sensitive to its spatial distribution (Borga et al., 2007; Li et al., 2017). For these reasons, it 45 

has been a common practice to improve raw forecast precipitation fields through post-46 

processing. A conventional approach, the grid-cell by grid-cell post-processing (Clark et al., 47 

2004; Shrestha et al., 2015; Schefzik, 2017; Cattoën et al., 2020; Schepen et al., 2020), is 48 

typically performed following two steps. 49 

In the first step, statistical calibration is applied to calibrate raw precipitation forecasts 50 

separately for individual grid-cells, aiming to produce ensemble forecasts that are bias free, 51 

reliable in ensemble spread, and as skillful as possible. Popular calibration models include 52 

ensemble model output statistics (EMOS) (Gneiting et al., 2005; Scheuerer, 2014; Baran and 53 

Lerch, 2015), Bayesian model averaging (BMA) (Raftery et al., 2005; Sloughter et al., 2007; 54 

Wang et al., 2012a; Baran and Möller, 2015), the censored shifted Gamma distribution (CSGD) 55 

(Scheuerer and Hamill, 2015a; Zhang et al., 2017), the Bayesian Joint Probability (BJP) model 56 

(Wang et al., 2009; Robertson et al., 2013; Shrestha et al., 2015; Zhao et al., 2015; Wang et al., 57 

2019a; Cattoën et al., 2020; Li et al., 2020a), and the seasonally coherent calibration (SCC) 58 

model (Wang et al., 2019b; Zhao et al., 2020; Yang et al., 2021; Du et al., 2022; Zhao et al., 59 

2022a). As the calibration is carried out separately for each individual grid-cell, members of the 60 

calibrated ensemble forecasts from different grid-cells are disconnected. This problem is 61 

addressed in the second step, where ensemble reordering is applied to establish spatial structures 62 

for the ensemble members produced in the first step, usually by linking ensemble members from 63 

different grid-cells based on certain ordering templates. The two most commonly used ensemble 64 

reordering techniques are the Schaake shuffle (Clark et al., 2004) and the ensemble copula 65 

coupling (Schefzik et al., 2013; Schefzik, 2017). 66 

The grid-cell by grid-cell post-processing is widely implemented in a variety of studies and 67 

performs well in improving raw forecast precipitation fields (Shrestha et al., 2015; Cattoën et al., 68 

2020; Schepen et al., 2020; Shrestha et al., 2020; Li et al., 2022). However, the second step, i.e., 69 
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ensemble reordering, is often problematic in practical use. The Schaake shuffle, which reorders 70 

ensemble members using ordering templates derived from historical observations, is not capable 71 

of considering real physical atmospheric conditions of precipitation events. In addition, because 72 

there are often a large number of zero precipitation values in historical records, tied orders will 73 

happen when constructing ordering templates (Bellier et al., 2017). Wu et al. (2018) pointed out 74 

that this could undermine the effectiveness of the Schaake shuffle. The ensemble copula 75 

coupling, which takes raw ensemble members as an ordering template, is only suitable for the 76 

post-processing of ensemble forecasts because there is no ensemble available for deterministic 77 

forecasts to form an ordering template. Furthermore, the use of ensemble copula coupling is 78 

subject to ensemble size and the quality of spatial structures of raw ensembles. Although 79 

ensemble reordering techniques like Schaake shuffle and ensemble copula coupling have been 80 

enhanced by several studies (Hu et al., 2016; Schefzik, 2016; Scheuerer et al., 2017; Bellier et 81 

al., 2018; Scheuerer and Hamill, 2018; Straaten et al., 2018; Wu et al., 2018), mainly in terms of 82 

the construction of ordering templates, the problems mentioned above have not been solved. 83 

A fundamentally new approach, namely spatial mode-based calibration (SMoC) (Zhao et al., 84 

2022b), has recently been developed to deal with the problems of ensemble reordering. SMoC is 85 

capable of calibrating forecast precipitation fields as a whole and producing ensemble forecasts 86 

with inbuilt spatial structures, therefore eliminating the use of ensemble reordering. SMoC is 87 

developed based on spatial modes derived from the empirical orthogonal function (EOF) 88 

analyses of long-term observed precipitation fields (Hannachi et al., 2007; Zhao et al., 2022b). 89 

The calibration is performed through linear regressions of EOF expansion coefficients of 90 

forecasts and corresponding observations that are derived based on the long-term spatial modes. 91 

And by only calibrating expansion coefficients from the first few dominant EOF modes, the 92 

dimension of the post-processing of forecast fields is reduced from hundreds or even thousands 93 

to a much smaller number, which contributes to the synchronous calibration of all forecast grid-94 

cells. Compared with the grid-cell by grid-cell post-processing that is applied to individual 95 

forecast grid-cells, SMoC is applied to the whole forecast fields, and spatial structures are 96 

therefore inherently constructed in calibrated ensemble members. 97 

In the original SMoC study (Zhao et al., 2022b), SMoC was applied to calibrate forecast 98 

precipitation fields of heavy events at 1 day ahead and was found to produce high-quality 99 

ensemble forecasts at both grid-cell and field scales. A more comprehensive evaluation of SMoC 100 
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is required for forecasts of light and no precipitation events and forecasts at long lead times to 101 

examine its efficacy. In addition, a comparison between SMoC and the grid-cell by grid-cell 102 

post-processing is also required to inform forecast users which approach is better to use. In this 103 

paper, we extend the study of Zhao et al. (2022b) by (1) applying SMoC to calibrate forecasts of 104 

both heavy precipitation events and light and no precipitation events; (2) applying SMoC to 105 

calibrate forecasts at both short and long lead times; and (3) comparing SMoC with the grid-cell 106 

by grid-cell post-processing. Specifically, we apply SMoC to calibrate daily forecast 107 

precipitation fields at lead times of 1, 3, 5, 7, and 9 days ahead for a period of 3 years. For the 108 

grid-cell by grid-cell post-processing, we employ the SCC-SS model, i.e., SCC plus the Schaake 109 

shuffle (SS), which represent the state-of-the-art calibration models and ensemble reordering 110 

techniques, respectively. For SMoC forecasts and SCC-SS forecasts, we apply a comprehensive 111 

set of metrics to evaluate multiple aspects of forecast quality, especially the quality in spatial 112 

characteristics. We also evaluate the computational efficiency of the two approaches, which is 113 

important in practical applications. 114 

The remainder of this paper is structured as follows. We introduce precipitation forecast and 115 

observation data, the SCC-SS model, the SMoC model, and forecast evaluation metrics in the 116 

next section. We present forecast evaluation and comparative results in Section 3. After a few 117 

discussions in Section 4, we provide a summary and conclude this paper in Section 5. 118 

2. Data and methods 119 

a. Data 120 

In this study, we evaluate and compare the SMoC model and the grid-cell by grid-cell post-121 

processing by applying them to raw daily forecast precipitation fields of the Brisbane Drainage 122 

Basin (shown in Fig. 1). Located in eastern Australia, the Brisbane Drainage Basin covers a large 123 

spatial area (13,550 km2) and has an average annual precipitation of 866 mm. 124 
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 125 

Fig. 1. Geographical location (left figure) and annual precipitation map (right figure) of the Brisbane 126 

Drainage Basin. 127 

We obtain observed daily precipitation data of the Brisbane Drainage Basin from the 128 

Australian Water Availability Project’s (AWAP) climate datasets (Jones et al., 2009). AWAP 129 

precipitation datasets are well-known as reference precipitation data for Australia and are widely 130 

used in precipitation-related research (Lerat et al., 2020). Produced from the interpolation of 131 

available rain gauge observations in Australia, AWAP datasets have a horizontal grid spacing of 132 

0.05° x 0.05° across Australia on a daily basis. In this study, the gridded daily AWAP data for a 133 

period of 20 years from 3 November 1998 to 2 November 2018 are used as long-term 134 

observations for deriving parameters of the SMoC model, the SCC model, and the Schaake 135 

shuffle. AWAP data for a period of 3 years from 3 November 2018 to 2 November 2021 are used 136 

as reference data for forecast calibration and evaluation in the forecast period. 137 

We obtain raw forecast precipitation fields of the Brisbane Drainage Basin from the 138 

Australian Community Climate and Earth-System Simulator Global 3 (ACCESS-G3) model, 139 

which is operated by the Australian Bureau of Meteorology. ACCESS-G3 is a deterministic 140 

NWP model and produces forecasts with a horizontal grid spacing of 0.18° (longitude) by 0.12° 141 

(latitude) on an hourly basis. With forecast lead times up to 10 days, ACCESS-G3 precipitation 142 

forecasts of 1, 3, 5, 7, and 9 days ahead are selected for evaluating forecast post-processing 143 

performance at different lead times. ACCESS-G3 precipitation forecast data from 3 November 144 

2018 to 2 November 2021 are used for this study. 145 

To match ACCESS-G3 forecasts with AWAP observations, we modify the spatial and 146 

temporal resolutions of the forecast data. Specifically, we apply bilinear interpolation to produce 147 
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precipitation forecasts with the horizontal grid spacing of 0.05° x 0.05°. Under this spatial 148 

coverage, the Brisbane Drainage Basin contains 493 grid-cells for both observations and the 149 

interpolated forecasts. And we accumulate the hourly ACCESS-G3 forecasts to daily 150 

precipitation amounts based on the AWAP data records. Consequently, for each of the 493 grid-151 

cells in the Brisbane Drainage Basin, we obtain 20 years of long-term daily precipitation 152 

observations and another 3 years of daily precipitation forecasts and corresponding observations. 153 

b. The SCC-SS model 154 

The grid-cell by grid-cell post-processing employed in this study includes two steps, i.e., 155 

statistical calibration for individual forecast grid-cells using the seasonally coherent calibration 156 

(SCC) model (Wang et al., 2019b) and ensemble reordering of SCC calibrated ensemble 157 

forecasts using the Schaake shuffle (Clark et al., 2004). Both of these two steps are implemented 158 

separately to different lead times. 159 

1) THE SCC MODEL 160 

The SCC model is used to calibrate raw precipitation forecasts for each grid-cell and produce 161 

calibrated ensemble forecasts that are bias free, reliable in ensemble spread, as skillful as 162 

possible, coherent in seasonal climatology, and consistent with long-term observations, even 163 

when the archive of available precipitation forecasts has limited records. In establishing the SCC 164 

model, we first apply the regionally optimized power transformation in Du et al. (2022) to 165 

normalize both forecast and observation data from each of the 493 grid-cells, to make the highly 166 

skewed precipitation data suitable for a normal distribution modelling framework (Wang et al., 167 

2012b; Peng et al., 2014; Li et al., 2019). We then establish a joint probability model by fitting a 168 

bivariate normal distribution of raw forecasts and corresponding observations.  169 

For deriving SCC model parameters, we use 20 years of observation data to obtain 170 

parameters relevant to the long-term climatology of observations, and we use 3 years of raw 171 

forecasts and corresponding observations to obtain remaining parameters. The optimization of 172 

parameters is achieved by using the maximum likelihood method and the Nelder-Mead searching 173 

algorithm (Nelder and Mead, 1965). After obtaining all of the parameters, we apply SCC to 174 

calibrate new forecasts for each grid-cell. Given a raw forecast, a probability distribution 175 

conditional on the raw forecast can be derived through the SCC model. In this study, we 176 



8 

 

randomly sample an ensemble of 1,000 values from the distribution to represent the whole 177 

probability distribution. And we transform these values back to the original space through an 178 

inverse of power transformation to produce a calibrated ensemble forecast with 1,000 members.  179 

For producing SCC calibrated ensemble forecasts over the 3-year forecast period, we use a 180 

leave-one-month-out cross-validation setup. For each month, we first leave the forecast and 181 

observation data out of the 3 years and employ the rest data to derive model parameters. We then 182 

apply the established SCC model to raw forecasts from the left-out month and produce calibrated 183 

ensemble forecasts.  184 

2) THE SCHAAKE SHUFFLE 185 

The Schaake shuffle is used to instill appropriate spatial structures into SCC calibrated 186 

ensemble forecasts. Ensemble members from individual grid-cells are reordered according to 187 

ordering templates that are constructed from historical observations. This in effect connects 188 

ensemble members from different grid-cells by reproducing the spatial patterns of historical 189 

precipitation events.  190 

For a given forecast event, we select observed historical events the dates of which (month-191 

day date) lie within 2 days before and after the forecast date. Therefore, 5 days of observed 192 

events can be selected from a historical year and 100 historical events can be obtained from the 193 

20 years of AWAP observations. These 100 historical field events form an ordering template for 194 

the given forecast event over the whole field. And this ordering template can be further 195 

decomposed into 493 ordering templates that correspond to the given forecast event at each of 196 

the 493 grid-cells. These 493 ordering templates have the same historical date patterns and are 197 

therefore spatially correlated across different grid-cells. 198 

We use the 493 ordering templates to reorder the SCC calibrated ensemble members for each 199 

grid-cell. The ranks of ensemble members are reordered based on ranks of selected historical 200 

observations in the ordering template (Clark et al., 2004). For a given grid-cell, as there are 1,000 201 

ensemble members, we randomly divide them to 10 groups, each with 100 members. For each 202 

group, we reorder the 100 ensemble members according to the ordering template of the grid-cell. 203 

After reordering ensemble members for all groups and all grid-cells, ensemble members with the 204 
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same group numbers and the same event orders are connected to form spatially correlated 205 

forecast fields.  206 

In this way, we can obtain an ensemble of forecast precipitation fields for the given forecast 207 

event with an ensemble size of 1,000, and the resulting connected ensemble members have 208 

appropriate spatial structures across different grid-cells. SCC calibrated ensemble forecasts for 209 

all forecast events are reordered using the Schaake shuffle (SS) to produce SCC-SS forecasts for 210 

the 3-year forecast period. 211 

c. The SMoC model 212 

The SMoC model is implemented to calibrate forecast precipitation fields as a whole but 213 

separately for different lead times. In establishing the SMoC model, we first apply the regionally 214 

optimized power transformation to normalize the precipitation data. The transformation here is 215 

the same as the transformation of precipitation data for the SCC model. We then employ the 216 

EOF analysis to decompose the 20 years of AWAP observations to spatial modes and expansion 217 

coefficients. The 20 years of spatial modes can be used as representative long-term spatial modes 218 

to derive expansion coefficients of forecasts and corresponding observations in the 3-year 219 

forecast period. After the removal of seasonality which aims to pool data from different months 220 

together, these two derived expansion coefficients from each of the first few dominant EOF 221 

modes are finally related using ordinary least-square linear regressions. Normal distributions of 222 

regression residuals are used as uncertainty information to produce ensemble expansion 223 

coefficients. In this study, we use expansion coefficients from the first 10 EOF modes, following 224 

the setup from the original SMoC study (Zhao et al., 2022b). 225 

After obtaining all of the related model parameters, we apply SMoC to calibrate new forecast 226 

fields. Given a raw forecast precipitation field, forecast values can be converted to forecast 227 

expansion coefficients using the long-term spatial modes and then lead to 10 normal distributions 228 

conditional on the raw forecast expansion coefficients from the first 10 EOF modes. We sample 229 

10 expansion coefficient values separately from the 10 distributions and convert them back to the 230 

original spatial space using the long-term spatial modes and an inverse of power transformation 231 

to produce a calibrated forecast precipitation field. This procedure is repeated for 1,000 times to 232 

produce an ensemble of 1,000 calibrated forecast precipitation fields. The flowcharts of the 233 

modelling process of SMoC and the calibration of new forecast fields using SMoC can be 234 
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referred to Fig. S7 and Fig. S8 in Supplementary Material S1. Similarly, we use a leave-one-235 

month-out cross-validation for the generation of SMoC forecasts for the 3-year forecast period. 236 

In this study, besides the SMoC model established for forecasts of heavy precipitation events 237 

in the original SMoC study, we establish a second SMoC model specifically for forecasts of light 238 

and no precipitation events. The modelling processes of these two SMoC models are the same, 239 

except that they are established based on expansion coefficients of heavy precipitation events, 240 

and light and no precipitation events, respectively. These two expansion coefficients are derived 241 

using the same long-term spatial modes. Daily precipitation events are defined as heavy (light 242 

and no) if the basin average of raw forecast precipitation fields is beyond (below) a threshold, 243 

which is set as 90% quantile of raw forecast basin averages during the 3-year forecast period and 244 

equals 5.47 mm per day. It should be noted that this definition is solely dependent on raw 245 

forecasts as the selection of heavy events based on observations will result in bias effects for 246 

post-processing models (Diks et al., 2011; Gneiting and Ranjan, 2011). Consequently, in the 247 

1,096 days from the 3-year period, the amounts of heavy precipitation events, and light and no 248 

precipitation events are 110 and 986, respectively. 249 

d. Forecast evaluation 250 

For a comprehensive comparison, the quality of SCC-SS forecasts and SMoC forecasts is 251 

evaluated considering several aspects, including forecast skill using continuous ranked 252 

probability score (CRPS) (Hersbach, 2000), forecast reliability using probability integral 253 

transform (PIT) (Renard et al., 2010) and spread-error correlation (Whitaker and Loughe, 1998; 254 

Van Schaeybroeck and Vannitsem, 2016), forecast ruggedness using terrain ruggedness index 255 

(TRI) (Riley et al., 1999), and forecast correlation using variogram score (VS) (Scheuerer and 256 

Hamill, 2015b). The computational time of SCC-SS and SMoC is also calculated to evaluate 257 

their efficiency for practical applications. It should be noted that evaluation of raw forecasts is 258 

not considered in this study, as both SCC-SS and SMoC have shown great capability to improve 259 

the quality of raw forecasts in previous studies (Clark et al., 2004; Shrestha et al., 2015; Wang et 260 

al., 2019b; Zhao et al., 2022a). 261 

For demonstration purposes, forecast evaluation is implemented at both grid-cell and basin 262 

scales. Details of evaluation metrics at these two scales are respectively introduced. The 263 

evaluations are applied to forecasts of light and no precipitation events, heavy precipitation 264 
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events, and all events in the 3-year forecast period to evaluate forecast performance for different 265 

magnitudes of precipitation events. 266 

1) FORECAST EVALUATION AT GRID-CELL SCALE 267 

(i) Forecast skill 268 

We use continuous ranked probability score (CRPS) to evaluate forecast skill of ensemble 269 

forecasts at each of the 493 grid-cells (Wang et al., 2019b; Cattoën et al., 2020; Du et al., 2022; 270 

Yang et al., 2022a; Zhao et al., 2022a). CRPS assesses the difference between ensemble forecast 271 

cumulative distributions and corresponding observations. For a set of ensemble forecasts at days 272 

𝑡 = 1,2, … , 𝑇, an average CRPS (𝐶𝑅𝑃𝑆̅̅ ̅̅ ̅̅ ̅) is calculated as: 273 

                                  𝐶𝑅𝑃𝑆̅̅ ̅̅ ̅̅ ̅ =
1

𝑇
∑ ∫{𝐹(𝑡, 𝑥) − 𝐻[𝑥 − 𝑦(𝑡)]}2𝑑𝑥𝑇

𝑡=1                                      (1) 274 

where 𝐹(𝑡, 𝑥) is the ensemble forecast cumulative density function (CDF), and 𝑦(𝑡) is the 275 

corresponding observation at day 𝑡; 𝐻 is the Heaviside step function that equals 1 if 𝑥 ≥ 𝑦(𝑡) 276 

and equals 0 otherwise; and 𝑇 is the number of days in the evaluation period.  277 

We calculate CRPS skill score to assess the forecast skill improvement of SCC-SS forecasts 278 

and SMoC forecasts relative to reference forecasts. In this study, we use climatology ensemble 279 

forecasts as the reference forecasts. For each precipitation event, we produce a climatology 280 

ensemble forecast following two steps: (a) we fit a distribution for 20 years of AWAP 281 

observations of the month to which the event day belongs; (b) we draw a random sample from 282 

the fitted distribution to generate an ensemble of 1,000 climatology values for the event. After 283 

climatology ensemble forecasts are generated for all precipitation events, we calculate an 284 

average CRPS of reference forecasts (𝐶𝑅𝑃𝑆𝑟𝑒𝑓
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅)  and produce an CRPS skill score: 285 

                                   𝐶𝑅𝑃𝑆 𝑠𝑘𝑖𝑙𝑙 𝑠𝑐𝑜𝑟𝑒 =
𝐶𝑅𝑃𝑆𝑟𝑒𝑓̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ −𝐶𝑅𝑃𝑆̅̅ ̅̅ ̅̅ ̅̅

𝐶𝑅𝑃𝑆𝑟𝑒𝑓̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
 × 100(%)                                    (2) 286 

The maximum value of CRPS skill score is 100%, indicating that forecasts perfectly match 287 

with corresponding observations. A skill score of 0% indicates that forecast errors are equal to 288 

errors of reference forecasts. A positive (negative) skill score indicates that forecasts are more 289 

(less) skillful than reference forecasts. 290 
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By using climatology ensemble forecasts as reference forecasts, we can obtain the results of 291 

how SCC-SS and SMoC compare with reference forecasts and how SCC-SS and SMoC compare 292 

with each other. For studies that only aim to assess the comparison between two post-processing 293 

models (e.g., SCC-SS and SMoC), post-processed forecasts from one model (e.g., SCC-SS) can 294 

be used as reference forecasts to evaluate the relative performance of the other model (e.g., 295 

SMoC) (Li et al., 2020a). 296 

(ii) Forecast reliability 297 

We use probability integral transform (PIT) to evaluate forecast reliability of ensemble 298 

forecasts at each of the 493 grid-cells (Wang et al., 2020; Zhao et al., 2020; Yang et al., 2022b). 299 

Forecast reliability shows if ensemble spread is reliable (not too wide or too narrow) and if 300 

ensemble forecast probability distributions and observed frequency of observations are consistent 301 

in statistics. The PIT of a forecast-observation pair at day 𝑡 is calculated as: 302 

                                                  𝜋(𝑡) = 𝐹[𝑡, 𝑥 = 𝑦(𝑡)]                                                       (3) 303 

where 𝐹(𝑡, 𝑥) is the CDF of the ensemble forecast, and 𝑦(𝑡) is the corresponding observation. 304 

For reliable ensemble forecasts at days 𝑡 = 1,2, … , 𝑇, 𝜋(𝑡) follows a uniform distribution. The 305 

uniformity can be evaluated using the PIT alpha index: 306 

                                  𝑃𝐼𝑇 𝑎𝑙𝑝ℎ𝑎 𝑖𝑛𝑑𝑒𝑥 = 1 −
2

𝑇
∑ |𝜋∗(𝑡) −

𝑡

𝑇+1
|𝑇

𝑡=1                                      (4) 307 

where 𝜋∗(𝑡) is the sorted 𝜋(𝑡), 𝑡 = 1,2, … , 𝑇, in an increasing order; and 𝑇 is the number of days 308 

in the evaluation period. The value of PIT alpha index ranges from 0 to 1. A value of 1 shows 309 

perfect reliability and a value of 0 shows poorest reliability. 310 

The PIT approach is employed in many studies (Li et al., 2020a; Li et al., 2020b; Schepen et 311 

al., 2020) and shows good ability to examine ensemble forecast reliability. However, PIT is not 312 

sensitive to extreme ensemble member values and is therefore not capable of taking into account 313 

such an effect. For this reason, we also use the spread-error correlation approach to evaluate the 314 

forecast reliability by comparing ensemble spread with the error of ensemble mean. Here we 315 

calculate square root values of average ensemble variance and compare them with root mean 316 

square error (RMSE) values of ensemble mean forecasts (Fortin et al., 2014) at each grid-cell. 317 

For reliable ensemble forecasts, ensemble spread and the error of ensemble mean are supposed to 318 

be equivalent if sufficient forecast samples are available.  319 



13 

 

2) FORECAST EVALUATION AT BASIN SCALE 320 

(i) Forecast skill 321 

For an overall evaluation at basin scale, we calculate the basin average of each member of 322 

ensemble forecasts and evaluate basin average ensemble forecasts, as implemented in the 323 

original SMoC paper (Zhao et al., 2022b). We use CRPS skill score to assess forecast skill 324 

improvement of basin average ensemble forecasts relative to reference forecasts. Similarly, for 325 

each basin average forecast event, we produce a reference ensemble climatology forecast by 326 

sampling from the distribution fitted for 20-year basin average observations of the month to 327 

which the event day belongs. 328 

(ii) Forecast reliability 329 

We use PIT and spread-error correlation to evaluate forecast reliability of basin average 330 

forecasts. If ensemble forecasts are reliable at grid-cell scale, forecast reliability at basin scale 331 

can be used to indicate whether forecasts are spatially structured in an appropriate manner (Zhao 332 

et al., 2022b). When the spatial structure is not appropriate, ensemble members from different 333 

grid-cells tend to be randomly connected and basin average forecasts will be narrow in ensemble 334 

spread. By contrast, when the spatial structure is appropriate, ensemble members from different 335 

grid-cells are connected in a way that members with large values tend to appear together and 336 

small values together, and basin average forecasts will be appropriate in ensemble spread. 337 

Therefore, when ensemble forecasts are reliable at both grid-cell and basin scales, appropriate 338 

spatial structures are suggested. 339 

(iii) Forecast ruggedness 340 

Terrain ruggedness index (TRI) was introduced by Riley et al. (1999) to measure the 341 

elevation differences between adjacent grid-cells. Here we use this concept to estimate the 342 

differences of precipitation amounts between adjacent grid-cells. Taking a square of nine grid-343 

cells as an example, the precipitation amount at the center grid-cell is 𝑥0, and precipitation 344 

amounts of the surrounding 𝐾 (𝐾 = 8) grid-cells from left top to right bottom are 𝑥1, 𝑥2, … , 𝑥𝑘, 345 

𝑘 = 1,2, … , 𝐾. The TRI for the center grid-cell is calculated as: 346 

                                                   𝑇𝑅𝐼 = √∑ (𝑥𝑘 − 𝑥0)2𝐾
𝑘=1                                                      (5) 347 
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where 𝑥𝑘 is the precipitation amount of the 𝑘th grid-cell around the center grid-cell. For an 348 

ensemble forecast member of a forecast event, TRI values calculated for all grid-cells can be 349 

averaged across the whole field. And TRI values for all ensemble members and all of the 350 

evaluated forecasts can be further averaged to give an overall TRI. To evaluate the TRI value of 351 

forecasts, TRI is also calculated for corresponding observations. Here we calculate a ruggedness 352 

dissimilarity (RD) using forecast TRI and observation TRI: 353 

                                                          𝑅𝐷 =
𝑇𝑅𝐼𝑓 −𝑇𝑅𝐼𝑜

𝑇𝑅𝐼𝑓 +𝑇𝑅𝐼𝑜
                                                              (6) 354 

where 𝑇𝑅𝐼𝑓  and 𝑇𝑅𝐼𝑜  are TRI values of forecasts and observations, respectively. RD is a 355 

dimensionless measure and ranges from -1 to 1. A RD value close to 0 is preferred, showing 356 

similar ruggedness of forecasts to the observations. A RD value larger (smaller) than 0 shows 357 

that forecasts are more (less) rugged than corresponding observations. 358 

(iv) Forecast correlation 359 

Variogram score (VS) was first used for evaluating the correlation structure of wind speed 360 

fields (Scheuerer and Hamill, 2015b), and was then extended for some other fields, including 361 

temperature (Schefzik, 2017), streamflow (Hemri et al., 2015), and precipitation (Scheuerer et 362 

al., 2017; Schepen et al., 2020). Here we use VS to evaluate the spatial correlation of ensemble 363 

forecast precipitation fields. Specifically, VS measures how ensemble members (with orders) 364 

from two grid-cells match with each other based on the match of their respective observations. 365 

Taking any two grid-cells of 𝑖 and 𝑗 as an example, each grid-cell contains 𝑀 (𝑀 = 1,000) 366 

ensemble members for one forecast event, with orders from 1 to 𝑀. A VS can be calculated as: 367 

                                𝑉𝑆𝑖𝑗 =  𝑤𝑖𝑗 (|𝑦𝑖 − 𝑦𝑗|
𝑝

−
1

𝑀
∑ |𝑥𝑚,𝑖 − 𝑥𝑚,𝑗|

𝑝𝑀
𝑚=1 )

2

                                (7) 368 

where 𝑦𝑖  and 𝑦𝑗  are observations of the two grid-cells 𝑖 and 𝑗, respectively; 𝑥𝑚,𝑖  and 𝑥𝑚,𝑗  are the 369 

𝑚th ordered ensemble members of the two grid-cells 𝑖 and 𝑗, respectively; 𝑤𝑖𝑗 is a weight and is 370 

commonly set as 1; 𝑝 is an order and is often set as 0.5. For all pairs of grid-cells inside a field 371 

(𝑁 grid-cells in total and 𝑁 = 493 for our case study), VS can be calculated as: 372 

                                                     VS =  ∑ ∑ 𝑉𝑆𝑖𝑗
𝑁
𝑗=1

𝑁
𝑖=1                                                          (8) 373 
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VS can be calculated as the average value across all of the evaluated forecasts and the 493 374 

grid-cells. A smaller VS is preferable, indicating the spatial correlation of ensemble members 375 

from different grid-cells is closer to corresponding observations. 376 

3) COMPUTATIONAL TIME 377 

We calculate the computational time of SCC-SS and SMoC needed to calibrate raw forecast 378 

precipitation fields and produce ensemble forecasts with spatially correlated structures. In this 379 

study, we employ central processing units (CPUs) from the National Computational 380 

Infrastructure and Python programming to implement these two approaches. The calculated time 381 

is based on the post-processing of forecast precipitation fields of one lead time for all 382 

precipitation events (1,096 daily events in the 3-year period). 383 

3. Results 384 

a. Forecast evaluation at grid-cell scale 385 

1) FORECAST SKILL 386 

Results of CRPS skill score for SCC-SS forecasts and SMoC forecasts at individual grid-387 

cells are shown in Fig. 2. CRPS skill scores of these two forecasts tend to decrease gradually 388 

with increasing lead times, which is due to lower forecast skill of raw forecasts at longer lead 389 

times. Almost all of the CRPS skill scores are positive, indicating that these two forecasts are 390 

more skillful than reference climatology forecasts. For light and no precipitation events, SMoC 391 

forecasts have comparable forecast skill to SCC-SS forecasts at a set of different lead times. By 392 

contrast, for heavy events, SMoC forecasts have clearly higher forecast skill than SCC-SS 393 

forecasts at each of the investigated lead times, especially at short lead times. Considering all of 394 

the forecasted precipitation events, SMoC forecasts have marginally higher forecast skill at short 395 

lead times and slightly lower forecast skill at long lead times compared to SCC-SS forecasts. In 396 

particular, for forecasts which forecast users care about the most such as forecasts of heavy 397 

events or forecasts at short lead times, SMoC overall performs better than SCC-SS. 398 
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 399 

Fig. 2. CRPS skill score values of 493 individual grid-cells for SCC-SS forecasts and SMoC forecasts in 400 

the 3-year forecast period for (a) light events including no precipitation events, (b) heavy events, and (c) all 401 

events at a set of lead times. For each boxplot, lines of the box portion from bottom to top represent the first 402 

quartile (Q1, 25th percentile), median (Q2, 50th percentile), and third quartile (Q3, 75th percentile) of the data, 403 

respectively; lines of the whisker portion from bottom to top represent “minimum” (Q1 – 1.5 * (Q3 – Q1)) and 404 

“maximum” (Q3 + 1.5 * (Q3 – Q1)) of the data, respectively; black dots outside the whisker are shown as 405 

outliers. A positive (negative) CRPS skill score indicates that post-processed forecasts are better (poorer) than 406 

the referenced climatology ensemble forecasts. 407 

To investigate if there is spatial difference of CRPS skill score between SCC-SS forecasts 408 

and SMoC forecasts, we also plot spatial distributions of CRPS skill score for these two forecasts 409 

at grid-cell scale, as shown in Fig. S1, Fig. S2, and Fig. S3 (from Supplementary Material S1), 410 

respectively for light and no precipitation events, heavy events, and all events. According to 411 

these three figures, similar skill score values can be found in the same grid-cells for SCC-SS 412 

forecasts and SMoC forecasts, indicating that there is no evident difference in spatial distribution 413 

of CRPS skill score for these two forecasts. 414 

2) FORECAST RELIABILITY 415 

Results of PIT alpha index for SCC-SS forecasts and SMoC forecasts at individual grid-cells 416 

are shown in Fig. 3. PIT alpha index values for both of these two forecasts are close to 1, 417 

indicating that the ensemble spread of these two forecasts at grid-cell scale is overall reliable for 418 

light and no precipitation events, heavy events, and all events. Overall, SCC-SS forecasts have 419 

better reliability than SMoC forecasts in terms of PIT alpha index. Similarly, spatial distributions 420 

of PIT alpha index at grid-cell scale shown in Fig. S4, Fig. S5, and Fig. S6 (from Supplementary 421 
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Material S1) also suggest that there is no evident difference in spatial distribution of PIT alpha 422 

index for these two forecasts. 423 

 424 

Fig. 3. PIT alpha index values of 493 individual grid-cells for SCC-SS forecasts and SMoC forecasts in the 425 

3-year forecast period for (a) light events including no precipitation events, (b) heavy events, and (c) all events 426 

at a set of lead times. For each boxplot, lines of the box portion from bottom to top represent the first quartile 427 

(Q1, 25th percentile), median (Q2, 50th percentile), and third quartile (Q3, 75th percentile) of the data, 428 

respectively; lines of the whisker portion from bottom to top represent “minimum” (Q1 – 1.5 * (Q3 – Q1)) and 429 

“maximum” (Q3 + 1.5 * (Q3 – Q1)) of the data, respectively; black dots outside the whisker are shown as 430 

outliers. 431 

Forecast reliability of SCC-SS forecasts and SMoC forecasts at grid-cell scale evaluated 432 

using the spread-error correlation is shown in Fig. 4. The RMSE of ensemble mean and the 433 

square root of average ensemble variance both increase with lead times, indicating larger forecast 434 

uncertainty at longer lead times. For light and no precipitation events, scatter plots of these two 435 

forecasts are found to basically follow the “perfect” diagonal line, indicating good forecast 436 

performance in spread-error correlation. However, it should be noted that SCC-SS forecasts tend 437 

to be over-dispersed (under the diagonal) while SMoC forecasts tend to be under-dispersed (over 438 

the diagonal). For heavy events, scatter plots of these two forecasts cover a wide range of values 439 

of RMSE of ensemble mean and square root of average ensemble variance, indicating large 440 

forecast uncertainty of heavy events. Both of these two forecasts are over-dispersed (under the 441 

diagonal) for heavy events, but the over-dispersion of SMoC forecasts is slighter than SCC-SS 442 

forecasts, especially at long lead times. 443 

 444 
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 445 

Fig. 4. RMSE of ensemble mean forecasts versus square root values of average ensemble variance for (a) 446 

light events including no precipitation events, (b) heavy events, and (c) all events at a set of lead times, both 447 

for grid-cell (ensemble forecasts for each of the 493 grid-cells) and basin (basin average ensemble forecasts) 448 

scales. The spread-error correlations of SCC-SS forecasts and SMoC forecasts are plotted together for an 449 

intuitive comparison. 450 
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The under-dispersion of light and no precipitation events and over-dispersion of heavy events 451 

for SMoC forecasts counter-act to some extent and lead to an almost perfect spread-error 452 

correlation when considering all of the evaluated events. By contrast, the over-dispersion for 453 

both light and no precipitation events and heavy events for SCC-SS forecasts leads to over-454 

dispersion for all of the evaluated events. Therefore, SMoC forecasts have overall better forecast 455 

reliability in terms of spread-error correlation than SCC-SS forecasts at grid-cell scale. 456 

Forecast evaluation of SCC-SS forecasts at grid-cell scale is equivalent to forecast evaluation 457 

of SCC forecasts at individual grid-cells, as the Schaake shuffle does not impact the grid-cell 458 

forecast performance. The SCC model is tuned specifically for each grid-cell and is capable of 459 

producing ensemble forecasts that are of high quality in forecast skill and forecast reliability. The 460 

SMoC model, established for the whole forecast fields, is found to produce grid-cell ensemble 461 

forecasts with similar quality to SCC forecasts. This indicates that the SMoC model, although 462 

calibrating all forecast grid-cells as a whole, does not come at the cost of impaired grid-cell 463 

forecast performance. 464 

b. Forecast evaluation at basin scale 465 

1) FORECAST SKILL 466 

Results of CRPS skill score for basin average forecasts of SCC-SS and SMoC are shown in 467 

Fig. 5. Similar to the grid-cell forecasts, CRPS skill score values of these two basin average 468 

forecasts are positive, indicating that they are more skillful than reference climatology forecasts 469 

at basin scale. For light and no precipitation events, SCC-SS forecasts have higher forecast skill 470 

than SMoC forecasts at all lead times, while for heavy events, SMoC forecasts have higher 471 

forecast skill than SCC-SS forecasts. Considering all of the evaluated events, these two basin 472 

average forecasts are overall comparable in forecast skill. 473 
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 474 

Fig. 5. CRPS skill score values of basin average forecasts for SCC-SS and SMoC in the 3-year forecast 475 

period for (a) light events including no precipitation events, (b) heavy events, and (c) all events at a set of lead 476 

times. A positive (negative) CRPS skill score indicates that post-processed forecasts are better (poorer) than 477 

the referenced climatology ensemble forecasts. 478 

2) FORECAST RELIABILITY 479 

Results of PIT alpha index of basin average forecasts for SCC-SS and SMoC are shown in 480 

Fig. 6. Similar to the grid-cell forecasts, PIT alpha index values of these two basin average 481 

forecasts are close to 1, indicating that both forecasts are reliable in ensemble spread. Together 482 

with the PIT alpha index results at grid-cell scale, it can be concluded that these two forecasts are 483 

reliable at both grid-cell and basin scales, indicating appropriate spatial structures embedded in 484 

calibrated ensemble members. SMoC forecasts have overall better forecast reliability than SCC-485 

SS forecasts in terms of the PIT alpha index. Compared with SCC-SS forecasts, SMoC forecasts 486 

have smaller PIT alpha index values at grid-cell scale but higher values at basin scale, indicating 487 

that SMoC forecasts have more appropriate spatial structures. 488 
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 489 

Fig. 6. PIT alpha index values of basin average forecasts for SCC-SS and SMoC in the 3-year forecast 490 

period for (a) light events including no precipitation events, (b) heavy events, and (c) all events at a set of lead 491 

times. 492 

In addition, the spread-error correlation results of basin average forecasts for SCC-SS and 493 

SMoC are shown in Fig. 4. Similar conclusions to the spread-error correlation at grid-cell scale 494 

can be made. For light and no precipitation events, SCC-SS forecasts are over-dispersed and 495 

SMoC forecasts are under-dispersed. For heavy events, both forecasts are over-dispersed, but 496 

SMoC forecasts have a slighter over-dispersion. And overall, SMoC performs better than SCC-497 

SS in terms of the spread-error correlation as well as forecast reliability of basin average 498 

forecasts. 499 

To illustrate the ensemble dispersion, we also provide example plots of 50% and 90% 500 

ensemble intervals for basin average ensemble forecasts of SCC-SS and SMoC at 1 day ahead in 501 

Fig. 7. We choose to present the dispersion of forecasts of heavy precipitation events as it often 502 

calls for special attention in the study of statistical post-processing. Fig. 7 clearly shows that 503 

SMoC forecasts have narrower ensemble dispersion than SCC-SS forecasts, and therefore have 504 

better performance in terms of the over-dispersion issue. This is in line with the spread-error 505 

results in Fig. 4 and PIT alpha index results in Fig. 6. Alleviating the over-dispersion issue of 506 

forecasts of heavy precipitation events is practically meaningful and will boost forecast users’ 507 

confidence in employing ensemble precipitation forecasts. 508 
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 509 

Fig. 7. 50% and 90% ensemble intervals of SCC-SS and SMoC basin average ensemble forecasts against 510 

raw basin average forecasts for heavy precipitation events at 1 day ahead during the 3-year forecast period. 511 

Each vertical line represents an ensemble interval of a basin average ensemble forecast for one heavy 512 

precipitation event and each red dot represents the corresponding observation. 513 

3) FORECAST RUGGEDNESS 514 

Results of RD for SCC-SS forecasts and SMoC forecasts are shown in Fig. 8. It is obvious 515 

that RD values of SMoC forecasts are close to 0. This indicates that the ruggedness of basin 516 

precipitation values of SMoC forecasts is similar to that of corresponding observations. RD 517 

values of SCC-SS forecasts, however, are much larger than 0, especially at long lead times. This 518 

indicates that SCC-SS forecasts have much greater ruggedness of basin precipitation values than 519 

corresponding observations. Therefore, SMoC forecasts have a clear advantage compared to 520 

SCC-SS forecasts in terms of the forecast ruggedness. 521 

 522 
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 523 

Fig. 8. Ruggedness dissimilarity (RD) values of SCC-SS forecasts and SMoC forecasts in the 3-year 524 

forecast period for (a) light events including no precipitation events, (b) heavy events, and (c) all events at a set 525 

of lead times. RD ranges from -1 to 1. A value close to 0 is preferred, showing similar ruggedness of forecasts 526 

to the observations. 527 

4) FORECAST CORRELATION 528 

Results of VS for SCC-SS forecasts and SMoC forecasts are shown in Fig. 9. For either light 529 

and no precipitation events or heavy events, SMoC forecasts have smaller VS values than SCC-530 

SS forecasts at all investigated lead times. This indicates that, compared with SCC-SS ensemble 531 

members, the spatial correlation structure of SMoC ensemble members is more similar to that of 532 

corresponding observations. Therefore, SMoC performs better than SCC-SS in terms of the 533 

spatial correlation across different grid-cells of calibrated ensemble members. 534 

 535 

 536 
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 537 

Fig. 9. Variogram score (VS) values of SCC-SS forecasts and SMoC forecasts in the 3-year forecast 538 

period for (a) light events including no precipitation events, (b) heavy events, and (c) all events at a set of lead 539 

times. A smaller VS is preferable, indicating the spatial correlation of ensemble members from different grid-540 

cells is closer to corresponding observations. 541 

To facilitate visualization, we plot a few spatial precipitation fields of SCC-SS forecasts and 542 

SMoC forecasts for two selected forecast examples at 1 day ahead in Supplementary Material 543 

S1, as shown in Fig. S10 and Fig. S11 for a light event and a heavy event, respectively. 544 

Comparing with corresponding observations, these two forecasts can be intuitively examined for 545 

intensity and spatial structures of precipitation. For each event, we plot spatial fields of 5 546 

ensemble members from SCC-SS forecasts and SMoC forecasts, corresponding to 10%, 30%, 547 

50%, 70%, and 90% quantiles based on basin averages of the 1,000 post-processed ensemble 548 

members for the whole basin. 549 

In Fig. S10, differences in precipitation amounts among adjacent grid-cells can be clearly 550 

found in SCC-SS ensemble members while not in SMoC ensemble members. This finding is 551 

especially evident in Fig. S11, where precipitation amounts in grid-cells are not spatially 552 

continuous across the basin. Consequently, SMoC forecast fields are smoother, and more 553 

reasonable in spatial structures, compared with SCC-SS forecast fields. These spatial plots 554 

further strengthen and explain the earlier results that SMoC forecasts perform better than SCC-555 

SS forecasts in terms of the forecast ruggedness and forecast correlation. 556 

c. Computational time 557 

The computational time of SCC-SS and SMoC cost to calibrate raw forecast precipitation 558 

fields and produce ensemble forecasts with spatially correlated structures are shown in Table 1. 559 
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Considering practical applications, 60 CPUs are employed for SCC-SS and 1 CPU is employed 560 

for SMoC in computational implementations. The 60 CPUs run in parallel to implement SCC-SS 561 

for forecasts from each of the 493 grid-cells. Consequently, 8 running cycles of 47 CPUs and 9 562 

running cycles of the remaining 13 CPUs are needed to finish the post-processing. The 1 CPU 563 

for SMoC runs for 1 cycle. Despite this, the 60 CPUs for SCC-SS take 103 minutes while the 1 564 

CPU for SMoC only takes 11 minutes. This indicates that SMoC is about 560 times more 565 

computationally efficient than SCC-SS. 566 

Approaches Number of CPU Computational time (minutes) 

SCC-SS 60 
SCC 72 

103 
SS 31 

SMoC 1 11 

Table 1. Computational time cost to calibrate forecast precipitation fields of one lead time for all 567 

precipitation events through Python programming. 568 

The reasons for the huge difference between the two computational times are as follows. 569 

When applying SCC-SS for post-processing, both SCC and the Schaake shuffle are applied 570 

separately to individual 493 grid-cells. And the computation time will increase linearly with the 571 

number of the grid-cells. By contrast, SMoC is applied to the whole fields, and therefore does 572 

not need much time. It should be noted that the speed of SCC-SS and SMoC could be improved 573 

with further parallel setups. Because we use a leave-one-month-out cross-validation for forecast 574 

post-processing, we can divide the SMoC implementation into 36 parallel fractions (36 months 575 

in the 3-year period) and employ 36 CPUs to speed up the computation. Similarly, the leave-one-576 

month-out cross-validation allows us to employ more CPUs for SCC. Furthermore, the ordering 577 

templates for reordering 10 groups of ensemble members allows us to employ more CPUs for the 578 

Schaake shuffle. After these speed improvements, SMoC is still much more efficient in terms of 579 

the computational cost. This is a huge advantage of SMoC, especially when applying the post-580 

processing to forecasts of large drainage basins that consist of a large number of grid-cells. 581 

4. Discussions 582 

Prior to this study, there was a lack of a comprehensive spatial evaluation of forecast fields in 583 

the literature. For the first time, a number of metrics are brought together in this study to evaluate 584 

spatial characteristics of forecast fields, including forecast reliability of basin average forecasts 585 
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using probability integral transform (PIT) and spread-error correlation (Zhao et al., 2022b), 586 

forecast ruggedness using ruggedness dissimilarity(RD), and forecast correlation using 587 

variogram score (VS) (Scheuerer et al., 2017; Schepen et al., 2020). Results of these forecast 588 

quality measures in different aspects lead to the same conclusion that SMoC forecasts have more 589 

appropriate spatial structures than SCC-SS forecasts, most notably in terms of the forecast 590 

ruggedness. In addition, the spatial evaluation of forecast fields can be further improved using 591 

more detailed spatial information. For example, dividing the study basin into a few sub-basins 592 

and evaluating all sub-basin average ensemble forecasts will provide more valuable insights into 593 

the evaluation of spatial fields. 594 

TRI was originally used to measure elevation differences between adjacent grid-cells in Riley 595 

et al. (1999) and was never used for evaluating precipitation fields. In this study, we borrow the 596 

TRI concept to measure the differences of precipitation amounts between adjacent grid-cells. 597 

The ruggedness dissimilarity (RD) used in this study takes into account a usual case where 598 

precipitation amounts at adjacent grid-cells are similar and an unusual case where there is a 599 

heavy precipitation event at one grid-cell while no precipitation at adjacent grid-cells. This 600 

indicates that a large forecast TRI is acceptable as long as it is close to the observation TRI. 601 

Despite this, it’s worth noting that when averaged across time and space, the TRI value is likely 602 

to be dominated by a few days where precipitation is particularly heterogenous. It would be 603 

sensible to evaluate the TRI individually for those extreme precipitation events in future studies. 604 

In the comparison of SMoC and SCC-SS, it is found that SMoC has much better performance in 605 

terms of the RD values, showing the superiority of SMoC in producing ensemble forecasts with 606 

appropriate ruggedness features. In particular, this superiority is visually reflected in Fig. S10 607 

and Fig. S11 from Supplementary Material S1, where spatial precipitation distributions of SMoC 608 

forecast fields are clearly smoother than those of SCC-SS forecast fields. This is because the 609 

Schaake shuffle in SCC-SS only considers the ranks of historical records but ignores actual 610 

precipitation amounts of ensemble members. This results in discontinuous values across 611 

neighbouring grid-cells. By contrast, SMoC post-processes all grid-cells as a whole and produces 612 

ensemble forecasts with inbuilt spatial structures across different grid-cells. In practice, the use 613 

of TRI can also be easily extended for evaluating forecast fields of other forecasting variables.  614 

In this study, long-term precipitation observations are employed to solve a number of 615 

intractable problems when constructing the SMoC model, the SCC model, and the Schaake 616 
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shuffle. In the SMoC model, long-term observations are used to derive representative EOF 617 

spatial modes for producing expansion coefficients of forecasts and corresponding observations 618 

in a way that the two sets of expansion coefficients are comparable and can be modelled using 619 

linear regressions. In the SCC model, long-term observations are used to generate representative 620 

climatology of observations for deriving climatology parameters of short-period forecasts so that 621 

both forecasts and observations of the joint probability model can be represented using 622 

seasonally coherent parameters. And in the Schaake shuffle, long-term observations are used to 623 

produce historical ordering templates for reordering the calibrated ensemble members with 624 

spatial structures that are present in the historical records. Therefore, long-term precipitation 625 

observations can be leveraged to improve forecast post-processing, especially when the archived 626 

record of precipitation forecasts is short due to the frequently updated NWP models. In addition, 627 

it would be sensible to also take into account the impact of temporal (e.g., climate change) and 628 

spatial (e.g., topography) patterns (Hannachi et al., 2007; Duan and Duan, 2020; Shao et al., 629 

2022) which might affect the effectiveness of long-term observations. 630 

We employ PIT and spread-error correlation for a comprehensive evaluation of forecast 631 

reliability. Both of these two metrics are widely used, but often separately, to verify reliability of 632 

ensemble forecasts (Grimit and Mass, 2007; Wang and Robertson, 2011; Shao et al., 2020; Guo 633 

et al., 2022; Zhao et al., 2022b). When applying PIT to an ensemble forecast, we pool ensemble 634 

members together with the corresponding observation and sort them in an increasing order to 635 

obtain the order of the observation. For a number of ensemble forecasts, we count the frequency 636 

of observation orders. If the probability of the observation being in any order among the sorted 637 

ensemble members is roughly the same, good forecast reliability is implied. PIT relies on the 638 

ranking of observations with ensemble members, with an appropriate ranking indicating that the 639 

observation is indistinguishable from ensemble members. However, PIT ignores the exact values 640 

of observations and ensemble members and is therefore hardly affected by the heavy tails of 641 

ensemble member values. For example, the PIT results shown in Fig. 3 and Fig. 6 indicate 642 

slightly better forecast reliability compared with the spread-error correlation results shown in 643 

Fig. 4. That’s probably due to the lack of capability of PIT to involve the impact of extreme 644 

ensemble member values. Different from PIT, spread-error correlation compares ensemble 645 

spread with the error of ensemble mean. Ensemble mean and ensemble spread are often used to 646 

represent the whole ensemble forecast. And ensemble spread provides forecast uncertainty to 647 
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predict errors of ensemble mean. If ensemble spread is roughly equal to the error of ensemble 648 

mean based on a lot of ensemble forecasts, forecasts will be considered reliable in ensemble 649 

spread. Spread-error correlation can take into account heavy tails of ensemble forecast values, 650 

however, cannot provide the ranking information of the observation among ensemble members. 651 

In this context, it is sensible to employ both PIT and spread-error correlation to obtain multifold 652 

evaluation results of the forecast reliability, as implemented in this study. 653 

The normalization of precipitation data was implemented using log-sinh transformation with 654 

two parameters in the original SCC model (Wang et al., 2019b). Log-sinh transformation was 655 

originally developed to stabilize the variance of streamflow data (Wang et al., 2012b) and was 656 

then extended to normalize precipitation data, showing good performance in several studies 657 

(Robertson et al., 2013; Shrestha et al., 2015; Cattoën et al., 2020; Zhao et al., 2020). Recently, 658 

Li et al. (2019) found that in precipitation forecast post-processing, power transformation had 659 

similar performance to log-sinh transformation in most regions of the Huai River basin. Du et al. 660 

(2022) further confirmed this finding and pointed out that power transformation had only one 661 

parameter and was more suitable for fixing normalization parameters for a whole region as 662 

needed in the SMoC model. Therefore, we adopt power transformation to normalize precipitation 663 

data for this study. The exponents of power transformation for the region are calculated based on 664 

the maximum likelihood estimation method considering precipitation data from all grid-cells and 665 

are therefore capable of keeping the power transformation consistent across the whole region 666 

(Du et al., 2022; Zhao et al., 2022b). 667 

In view of different statistics of forecasts of heavy precipitation events and forecasts of light 668 

and no precipitation events (shown in the original SMoC study as well as in Fig. S9 from 669 

Supplementary Material S1), we establish two SMoC models respectively for these two 670 

forecasts. For forecasting heavy precipitation events, SMoC forecasts are found more skillful 671 

than SCC-SS forecasts. This finding offers a remarkable improvement in forecast post-672 

processing, as forecasting heavy precipitation events is often challenging and draws the most 673 

public attention (Scheuerer and Hamill, 2015a; Zhao et al., 2022a). However, for forecasting 674 

light and no precipitation events, SMoC forecasts are less skillful than SCC-SS forecasts. As 675 

pointed out by Zhao et al. (2022b), there are a large number of no and little precipitation events 676 

in the Brisbane Drainage Basin (typically in most regions), and consequently there are a large 677 

number of small values of EOF expansion coefficients that are not suitable for the use of linear 678 
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regressions. In our future work, we will refine the SMoC model to improve the calibration of 679 

forecasts of light and no precipitation events by using extended linear regression models (Huffel 680 

and Vandewalle, 1991; Golub and Loan, 1996; Vannitsem, 2009) or some other advanced 681 

techniques such as machine learning methods (Dogulu et al., 2015). 682 

When constructing ordering templates for the Schaake shuffle, we select 100 historical 683 

observation records from the 20-year observations. The number of the selected historical records 684 

increases with the decrease in the overall similarity between forecast event dates and historical 685 

event dates. It would be of interest to investigate this trade-off and see if a higher number of 686 

historical records will lead to a better performance of SCC-SS forecasts. It’s also sensible to 687 

construct ordering templates based on longer-term observations (more than 20 years) so that the 688 

number of the selected historical records does not come at the cost of the decreased similarity 689 

between forecast dates and historical dates. 690 

In the original SMoC study (Zhao et al., 2022b) as well as this study, SMoC is found to 691 

perform well in the Brisbane Drainage Basin. The first 10 EOF modes used to establish the 692 

SMoC model account for 96% of the total data variance. In other words, the rest 483 EOF modes 693 

only account for 4% of the variance information, which actually has minor impacts on the 694 

intensity and spatial patterns of precipitation. Despite this, it remains unclear whether EOF and 695 

SMoC are still so effective in larger regions, especially when forecast post-processing is 696 

implemented at continental scale. Investigating the performance of SMoC at different spatial 697 

scales and accommodating SMoC to work in complex regions where precipitation is quite 698 

spatially heterogeneous will be an essential study for practical applications. Furthermore, for 699 

applications on larger regions like the Australian continent, we could also divide the country to 700 

major drainage divisions and apply the SMoC model to each of the divisions individually. 701 

In this study, we compare the performance of SMoC and SCC-SS in calibrating forecast 702 

precipitation fields and producing ensemble forecasts with spatially correlated structures. The 703 

calibration and comparison are implemented separately for a set of different lead times. Apart 704 

from the spatial structures across different grid-cells, ensemble forecast fields are ought to have 705 

appropriate temporal structures across different lead times (Clark et al., 2004; Wu et al., 2018). 706 

For example, the commonly observed precipitation events, whether heavy or light, often occur 707 

over a few consecutive days. NWP forecasts at consecutive lead times are also temporally 708 
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correlated, as they represent different temporal phases of the evolution of atmospheric simulation 709 

in NWP systems. The second step of the SCC-SS method, i.e., the Schaake shuffle, is capable of 710 

reconstructing not only spatial structures of forecasts from different grid-cells, but also temporal 711 

structures of forecasts from different lead times (Shrestha et al., 2015; Schefzik, 2016; Shrestha 712 

et al., 2020). The SMoC model, however, is currently only capable of building spatial structures 713 

separately for individual lead times. How to enable SMoC to calibrate forecast precipitation 714 

fields at multiple lead times as a whole and produce ensemble forecasts with both spatial 715 

structures and temporal structures needs to be investigated in future study. 716 

5. Summary and conclusions 717 

In this paper, the spatial mode-based calibration (SMoC) and the grid-cell by grid-cell post-718 

processing are evaluated and compared for post-processing forecast precipitation fields with 719 

spatially correlated structures. The seasonally coherent calibration (SCC) model and the Schaake 720 

shuffle (SS) are used as two representative examples of forecast calibration and ensemble 721 

reordering respectively to form the grid-cell by grid-cell post-processing (SCC-SS). In evaluating 722 

SMoC, we also extend it to calibrate forecasts of light and no precipitation events and forecasts 723 

at long lead times. To adapt to different statistical characteristics of forecasts of heavy 724 

precipitation events and forecasts of light and no precipitation events, we establish two SMoC 725 

models separately for these two groups of forecasts.  726 

SCC-SS includes two steps, i.e., statistical calibration separately for individual grid-cells 727 

using SCC and reordering of SCC calibrated ensemble members at different grid-cells using the 728 

Schaake shuffle. The main problem of SCC-SS is that Schaake shuffle relies on historical 729 

records and ignores real atmospheric conditions. By contrast, SMoC is a one-step model that 730 

calibrates forecast precipitation fields as a whole and produces ensemble forecasts with inbuilt 731 

spatial structures, and thereby avoids the need for ensemble reordering.  732 

SCC-SS and SMoC are evaluated by applying them to precipitation forecasts of a set of lead 733 

times over the Brisbane Drainage Basin during a 3-year period. A number of metrics are 734 

employed to evaluate different aspects of both approaches, including continuous ranked 735 

probability score for forecast skill, probability integral transform and spread-error correlation for 736 

forecast reliability, and terrain ruggedness index and variogram score for spatial structure. SMoC 737 

is found to perform well in calibrating forecasts of both light and no precipitation events and 738 
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heavy precipitation events, as well as in calibrating forecasts at long lead times. The comparison 739 

of SMoC and SCC-SS is conducted at both grid-cell and basin scales and is summarized as 740 

below. 741 

At grid-cell scale, compared with SCC-SS forecasts, SMoC forecasts have similar forecast 742 

skill for light and no precipitation events and higher forecast skill for heavy events. For all 743 

precipitation events in the 3-year period, SMoC forecasts have higher forecast skill at short lead 744 

times and lower forecast skill at long lead times. Overall, SMoC has comparable forecast skill to 745 

SCC-SS. Both SMoC forecasts and SCC-SS forecasts are reliable in ensemble spread. SCC-SS 746 

forecasts have higher PIT alpha index values and SMoC forecasts have better spread-error 747 

correlations. 748 

At basin scale, compared with SCC-SS basin average forecasts, SMoC basin average 749 

forecasts have slightly lower forecast skill for light and no precipitation events and higher 750 

forecast skill for heavy events. And overall, these two forecasts have comparable forecast skill. 751 

SMoC basin average forecasts perform better than SCC-SS basin average forecasts in terms of 752 

both PIT alpha index and the spread-error correlation. Besides, SMoC forecasts are superior to 753 

SCC-SS forecasts in spatial structures, according to the results of forecast ruggedness and 754 

forecast correlation. 755 

Compared with SCC-SS, i.e., the representative grid-cell by grid-cell post-processing, SMoC 756 

can produce ensemble forecasts that have similar forecast skill, improved forecast reliability, and 757 

clearly better spatial structures. In addition, SMoC is much more computationally efficient, 758 

which is a huge advantage in practical implementations. Therefore, SMoC can be considered a 759 

significant advance in post-processing theory and practice. 760 

Despite the superiority of SMoC, there is still room for improvement. Our future research 761 

will focus on the refinement of SMoC to improve the calibration of forecasts of light and no 762 

precipitation events, the accommodation of SMoC to work in large and complex regions, and the 763 

construction of temporal structures of SMoC calibrated ensemble forecasts from different lead 764 

times. 765 

 766 

 767 
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