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ABSTRACT 

Deterministic numerical weather prediction (NWP) models and ensemble NWP models are 

routinely run worldwide to assist weather forecasting. Deterministic forecasts are capable of 

capturing more detailed spatial features, while ensemble forecasts, often with a coarser resolution, 

have the ability to predict uncertainty in future conditions. A comparative understanding of the 

performance of these two types of forecasts is valuable for both users of NWP products and model 

developers. Past published comparisons tended to be limited in scope, for example, for only 

specific locations and weather events, and involving only raw forecasts. In this study, we conduct 

a comprehensive comparison of the performance of a deterministic model and an ensemble model 

of the Australian Bureau of Meteorology in forecasting daily precipitation across Australia over a 

period of 3 years. The deterministic model has a horizontal grid spacing of approximately 25 km, 

and the ensemble model 60 km. Despite the coarser resolution, the ensemble forecasts are found 

to be superior by a number of measures, including correlation, accuracy, and reliability. This 

finding holds true for both raw forecasts from the NWP models and forecasts post-processed using 

the recently developed seasonally coherent calibration (SCC) model. Post-processing is shown to 

greatly improve the forecasts from both models; however, the improvement is greater for the 

deterministic model, narrowing the performance gap between the two models. This study adds 

strong evidence to the general notion that coarser-resolution ensemble NWP forecasts perform 

better than deterministic forecasts. 

 

Key words: numerical weather prediction, deterministic forecasts, coarser-resolution ensemble 

forecasts, precipitation, post-processing, forecast verification 
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1. Introduction 

There are increasing needs for weather forecasts that are accurate and reliable, especially in 

countries with a diverse climate (Bauer et al., 2015). Such weather forecasts can provide critical 

information for people to utilize weather resources and prepare for weather hazards. Traditional 

forecasts produced by deterministic numerical weather prediction (NWP) models are single-valued, 

and viewed as the “best” estimate of future weather. However, the deterministic forecasts cannot 

fully represent the uncertainty in synoptic conditions (Epstein, 1969; Molteni et al., 1993; Gneiting 

and Raftery, 2005). Therefore, ensemble NWP models that generate several forecast members 

based on varying initial conditions or model physics have been developed to capture the chaotic 

nature of the atmosphere (Toth and Kalnay, 1993; Ehrendorfer, 1997; Hagelin et al., 2017) and to 

provide an estimation of forecast uncertainty (Hamill and Colucci, 1998; Palmer et al., 2007; Cuo 

et al., 2011). 

Ensemble NWP forecasts can be further improved when either the spatial resolution or the 

ensemble size is increased (Buizza et al., 1998). However, due to the high computational cost 

needed to generate ensemble forecasts, operational ensemble NWP models usually have coarser 

spatial resolutions compared to deterministic models. As both deterministic and coarser-resolution 

ensemble forecasts are widely deployed by weather forecasting centers (Roebber et al., 2004; 

Bauer et al., 2015), it is essential to have a good knowledge of the performance of these two types 

of forecasts. Forecasting service providers would want to know how much resource to invest in 

each type of the forecasts; and forecast users would want to know which forecast products are 

better to use (Richardson, 2000). For these reasons, a number of studies were undertaken to 

compare deterministic forecasts with coarser-resolution ensemble forecasts. 
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Atger (2001) investigated the intense precipitation forecasts in French network of rain gauges from 

winter 1998 to winter 1999 and found that coarser-resolution ensemble forecasts performed overall 

better than deterministic forecasts from both the European Centre for Medium Range Weather 

Forecasts (ECMWF) and the US National Centers for Environmental Prediction (NCEP). Grimit 

and Mass (2002) found that forecasts of wind direction from a 12-km ensemble NWP model were 

overall comparable in forecast errors to forecasts from a 4-km deterministic model, over the Pacific 

Northwest of the US from January to June 2000. Rodwell (2006) focused on European SYNOP 

stations whose monthly-mean climatological precipitation exceeded 4 mm and found that coarser-

resolution ensemble forecasts had a better ability in predicting the probability of precipitation 

occurrence than deterministic forecasts. Vokoun and Hanel (2018) evaluated the most significant 

summer precipitation events during 2011-2015 in Czech Republic and concluded that coarser-

resolution ensemble forecasts were more skillful than deterministic forecasts in most verification 

metrics. In addition, when considering economic values for decision making, Richardson (2000) 

found that coarser-resolution ensemble forecasts could provide more economic benefits than 

deterministic forecasts for precipitation from winter 1996 to winter 1997 over Europe; Mylne 

(2002) came to a similar conclusion for 10 m wind speed at 41 sites in the UK during two winter 

seasons, particularly at long lead times.  

The studies cited above provide valuable insights into the merit of coarser-resolution ensemble 

forecasts relative to deterministic forecasts. One of the limitations of these studies is that the 

comparisons were based on limited locations and weather events. It will be valuable to conduct a 

comprehensive comparison across a large spatial extent with a wide range of weather events and 

climate conditions. Another limitation of these studies is that they only compared raw forecasts 
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from the NWP models, while post-processed forecasts that are often used by end users have not 

been considered. 

It is generally recognised that raw forecasts produced by NWP models are not suitable for direct 

use (Scherrer et al., 2004; Wu et al., 2019; Möller and Groß, 2020). Raw deterministic and 

ensemble forecasts are often biased and can even be less skillful than naïve climatology forecasts 

(Li et al., 2017), especially at long lead times. Raw ensemble forecasts are generally not reliable 

in ensemble spread (Buizza et al., 2005). To overcome these problems, statistical post-processing 

methods have been developed, such as Model Output Statistics (Wilks, 2011; Schick et al., 2019), 

Quantile Regression (Koenker and Bassett, 1978), and Bayesian Joint Probability model (Pokhrel 

et al., 2013; Peng et al., 2014; Zhao et al., 2015; Cattoën C et al., 2020). These methods can 

significantly improve the quality of raw forecasts, and make the post-processed forecasts much 

more suited for applications (Gneiting and Katzfuss, 2014; Scheuerer, 2014; Schuhen et al., 2020). 

In this context, it will be highly valuable to compare forecasts from deterministic and coarser-

resolution ensemble NWP models after proper post-processing as well as before post-processing. 

The objective of our study is twofold. First, we take into account a wide range of locations and 

weather events when comparing deterministic forecasts and coarser-resolution ensemble forecasts. 

Second, we extend the comparison to post-processed forecasts, to further assess the relative 

performance of these two types of forecasts. Specifically, we compare daily precipitation forecasts 

across Australia for a period of 3 years from the ACCESS-G2 (deterministic) model and the 

ACCESS-GE2 (coarser-resolution ensemble) model of the Australian Bureau of Meteorology 

(BoM).  

The remainder of this paper is structured as follows. We introduce data, post-processing models 

and evaluation metrics in the next section. We present forecast verification and comparison results 
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in Section 3. After some discussions in Section 4, we provide a summary and draw conclusions in 

Section 5. 

 

2. Methods 

In this study, we first post-process raw precipitation forecasts from a deterministic NWP model 

and a coarser-resolution ensemble model using the seasonally coherent calibration (SCC) model 

(Wang et al., 2019b). We then evaluate raw forecasts and post-processed forecasts against 

reference data using multiple evaluation metrics. Finally, we compare the evaluation results of 

deterministic forecasts with coarser-resolution ensemble forecasts, both before and after post-

processing. 

2.1 Data 

2.1.1 Reference data 

Gridded daily precipitation data are obtained from the Australian Water Availability Project’s 

climate datasets (AWAP) (Jones et al., 2009). The AWAP precipitation dataset has a high spatial 

resolution (0.05° x 0.05°) across Australia based on the interpolation of rain gauge observations. 

An AWAP day starts from 0900 h of the previous day to 0900 h of the current day according to 

Australian local time including daylight saving. The gridded data for a period of 30 years from 

August 1, 1989 to July 31, 2019 are used as reference data in this study for establishing SCC 

models and for evaluating forecasts.   

The AWAP datasets are commonly used in Australia and represent the best available reference 

climate data for Australia. For this study, we treat AWAP precipitation data as truth. However, it 

is prudent to acknowledge that AWAP data are subject to analysis errors, mainly due to sparsely 



DETERMINISTIC VERSUS COARSER-RESOLUTION ENSEMBLE NWP MODELS 
 

7 
 

distributed gauges in the large geographical span of Australia, especially in areas of low population 

density (Jones et al., 2009). For example, we found a region in northwest Australia where there 

was, unrealistically, no precipitation for over 30 years in AWAP. The errors in the AWAP data 

could potentially have an impact on our forecast calibration and evaluation. Therefore, we need to 

exercise some caution when interpreting the results. 

2.1.2 NWP forecasts 

We select ACCESS-G2 (Australian Community Climate and Earth-System Simulator Global 2) 

and ACCESS-GE2 (Australian Community Climate and Earth-System Simulator Global 

Ensemble 2) from the BoM to represent the deterministic and coarser-resolution ensemble models, 

respectively. As the new BoM models ACCESS-G3 and ACCESS-GE3 have only a very short 

period of archived forecasts, we choose ACCESS-G2 and ACCESS-GE2 for this study to 

minimize possible impacts of sample size on model performance evaluation. 

The ACCESS-G2 model has a horizontal resolution of approximately 25 km. With a forecasting 

horizon of 10 days, hourly ACCESS-G2 forecasts are produced at 0000 UTC, 0600 UTC, 1200 

UTC and 1800 UTC on a daily basis. 

The ACCESS-GE2 model has a coarser horizontal resolution of approximately 60 km. Each 

ACCESS-GE2 ensemble forecast includes 24 members resulting from both perturbed initial 

conditions and stochastic model physics. ACCESS-GE2 forecasts also have a forecasting horizon 

of 10 days. 3-hourly ACCESS-GE2 forecasts are produced at 0000 UTC and 1200 UTC every day. 

We modify the spatial and temporal resolutions of ACCESS-G2 and ACCESS-GE2 forecasts to 

match the AWAP data. Specifically, we use bilinear interpolation to regrid the forecasts to the 

spatial resolution of the AWAP. In view of Australia's UTC offsets, which range from UTC+8 to 
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UTC+11, we select the ACCESS-G2 and ACCESS-GE2 forecasts produced at 1200 UTC to 

ensure that the most recent forecasts are used. The NWP hours used in the aggregations are chosen 

to exactly match the AWAP day. We then aggregate the hourly ACCESS-G2 forecasts and the 3-

hourly ACCESS-GE2 forecasts to daily values by accumulating forecasts according to the AWAP 

day. Hence, the aggregated forecasts in each grid cell represent 24-hour accumulations of 

precipitation. Due to the adjustments of the time difference between the AWAP day and ACCESS 

forecasts, and available time of the forecasts, we obtain ACCESS-G2 and ACCESS-GE2 daily 

precipitation forecasts for 9 days ahead. Forecasts for days 1, 5 and 9 ahead are selected for this 

study to evaluate forecast performance at different lead times. We evaluate forecasts across 278129 

grid cells (as in AWAP) covering Australia during a 3-year period from August 1, 2016 to July 31, 

2019.  

We should point out that Naughton (2016) made a comparison of raw forecasts from the two 

models for a 1-month period from February 1, 2014 to February 28, 2014. In that study, ACCESS-

GE2 mean precipitation forecasts were found to be more skillfull than ACCESS-G2 forecasts at 

long lead times. We are extending the evaluation to a period of 3 years to better understand 

performances of the two models.  

2.2 Post-processing methods 

The SCC modelling method was developed to post-process deterministic forecasts and produce 

calibrated ensemble forecasts that were unbiased, reliable in ensemble spread, as skillful as 

possible, and coherent in seasonal climatology consistent with long-term observations (Wang et 

al., 2019b). Given a raw forecast, in the form of a deterministic value or ensemble mean, a forecast 

distribution conditional on the raw forecast can be derived through the SCC model. We sample an 

ensemble of values from the forecast distribution to represent the forecast probability distribution. 
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In this study, we use an ensemble size of 100. In establishing an SCC model, we take two steps: 

(i) we use the AWAP data from August 1, 1989 to July 31, 2019 to obtain model parameters related 

to long-term climatology of observations; and (ii) we use a 3-year period from August 1, 2016 to 

July 31, 2019 of raw NWP forecasts and corresponding observations to obtain remaining model 

parameters. In both steps, we leave one month of data out of the three years. We then apply the 

established SCC model to the left-out month to calibrate the raw forecasts to produce ensemble 

forecasts for that month. This procedure is repeated to enable a complete leave-one-month-out 

cross-validation for the 3-year period. Because the SCC model currently only applies to single-

value forecasts, it is used in this study to post-process the ACCESS-G2 deterministic forecasts and 

the ACCESS-GE2 ensemble mean forecasts. This model is applied separately to different grid 

cells and lead times, on the basis of its high computational efficiency for practical use. 

The SCC modelling method is highly sophisticated. It is worthwhile to compare forecasts post-

processed using SCC with post-processed forecasts using a simple bias correction as well as with 

raw forecasts. In this study, we apply a simple multiplicative bias correction to post-process all 

ensemble members of ACCESS-GE2 forecasts for the 3-year period. We follow the method of 

Wang et al. (2019a) as described by 

𝑥𝑥′(𝑡𝑡) = ∑ 𝑦𝑦(𝑖𝑖)𝑘𝑘
𝑖𝑖=1

∑ 𝑥𝑥𝑚𝑚(𝑖𝑖)𝑘𝑘
𝑖𝑖=1

∗ 𝑥𝑥(𝑡𝑡) (1) 

where 𝑦𝑦(𝑖𝑖) denotes observation and 𝑥𝑥𝑚𝑚(𝑖𝑖) denotes ensemble mean at time 𝑖𝑖; 𝑥𝑥(𝑡𝑡) is an ensemble 

member of a new raw forecast and 𝑥𝑥′(𝑡𝑡) is the bias-corrected ensemble member at time 𝑡𝑡; and 𝑘𝑘 

is the number of days in the training period. The simple bias correction is applied to each of the 

ensemble members. We also adopt the leave-one-month-out cross-validation procedure when 

applying this simple bias-correction.   
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2.3 Forecast evaluation 

We evaluate both raw and post-processed forecasts at each of the 278129 grid cells. To facilitate 

the evaluation, we group the forecasts into single-value and ensemble forecasts, as shown in Table 

1. Details of the corresponding evaluation metrics for these two groups of forecasts are described 

in sections 2.3.1 and 2.3.2. 

[Table 1] 

 

2.3.1 Evaluation of single-value forecasts 

For ensemble forecasts, ensemble mean is usually extracted to provide a single-value forecast, and 

ensemble spread is used to represent forecast uncertainty (Whitaker and Loughe, 1998; Fortin et 

al., 2014). Compared to ensemble forecasts, ensemble mean can be more intuitive for comparison 

with deterministic forecasts (Rodwell, 2006). Furthermore, single-value forecasts are still 

preferred by many users for ease of interpretation (Ramos et al., 2010). For these reasons, we 

include in our study a comparison of coarser-resolution ensemble mean forecasts with 

deterministic forecasts, as in previous studies (Grimit and Mass, 2002; Rodwell, 2006; Vokoun 

and Hanel, 2018). 

We evaluate the correlation between single-value forecasts and corresponding observations to 

measure the degree of their correspondence (Murphy, 1993). The correlation concept is widely 

used in many statistical post-processing methods (Li et al., 2020), including the SCC model. A 

higher correlation shows higher correspondence. However, seasonality embedded in forecasts and 

observations could lead to misleadingly high correlations, which would not effectively 
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demonstrate true correspondence. To resolve this problem, we evaluate the forecasts by using the 

anomaly correlation coefficient as follows. 

We first apply a spectral method by Narapusetty et al. (2009) to the AWAP data from August 1, 

1989 to July 31, 2019 to estimate the climatological mean for each day during the study period 

(from August 1, 2016 to July 31, 2019). We then calculate the anomaly correlation coefficient 

between the forecast anomalies and observation anomalies:  

    𝐴𝐴𝐴𝐴𝐴𝐴 = ∑ ��𝑥𝑥(𝑡𝑡)−𝑐𝑐(𝑡𝑡)�−(𝑥̅𝑥−𝑐𝑐)̅���𝑦𝑦(𝑡𝑡)−𝑐𝑐(𝑡𝑡)�−(𝑦𝑦�−𝑐𝑐)̅�𝑛𝑛
𝑡𝑡=1

�∑ ��𝑥𝑥(𝑡𝑡)−𝑐𝑐(𝑡𝑡)�−(𝑥̅𝑥−𝑐𝑐)̅�2𝑛𝑛
𝑡𝑡=1 �∑ ��𝑦𝑦(𝑡𝑡)−𝑐𝑐(𝑡𝑡)�−(𝑦𝑦�−𝑐𝑐)̅�2𝑛𝑛

𝑡𝑡=1

 (2) 

where 𝑥𝑥(𝑡𝑡), 𝑦𝑦(𝑡𝑡) and 𝑐𝑐(𝑡𝑡) are the single-value forecast, observation and climatological mean at 

time 𝑡𝑡 , respectively; 𝑥̅𝑥 , 𝑦𝑦�  and 𝑐𝑐̅  are the average of single-value forecasts, observations, and 

climatological mean values during the 3-year period, respectively; and 𝑛𝑛 is the total number of 

days in the 3-year period. The ACC ranges from -1 to 1 and is positively oriented , with a value of 

1 showing a perfect linear relationship between the forecasts and observations. 

We also apply the continuous ranked probability score (CRPS) to evaluate forecast accuracy, 

which measures the difference between forecasts and their corresponding observations (Hersbach, 

2000). CRPS calculation for single-value forecasts is a special case of calculation for ensemble 

forecasts. For this reason, we will introduce CRPS in the next sub-section. 

2.3.2 Evaluation of ensemble forecasts 

We apply the CRPS to evaluate the accuracy of ensemble forecasts: 

 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶(𝑡𝑡) = ∫�𝐹𝐹(𝑡𝑡, 𝑥𝑥) − 𝐻𝐻�𝑥𝑥 − 𝑦𝑦(𝑡𝑡)��2𝑑𝑑𝑑𝑑 (3) 

 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶������� =  1
𝑛𝑛
∑ 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶(𝑡𝑡)𝑛𝑛
𝑡𝑡=1    (4) 
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where  𝐹𝐹(𝑡𝑡, 𝑥𝑥)  is the cumulative density function of an ensemble forecast, and 𝑦𝑦(𝑡𝑡)  is the 

observation at time 𝑡𝑡 ; 𝐻𝐻  is the Heaviside step function (𝐻𝐻 = 1  if 𝑥𝑥 − 𝑦𝑦(𝑡𝑡) ≥ 0  and 𝐻𝐻 = 0 

otherwise); the overbar represents averaging across the 𝑛𝑛 days; and 𝑛𝑛 is the total number of days 

in the 3-year period. We also evaluate CRPS for ensemble forecasts generated from the SCC fitted 

climatology of observations. This second CRPS is used as a reference. Then the percentage of 

reduction from the reference CRPS can be calculated to give a CRPS skill score: 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶��������𝑟𝑟𝑟𝑟𝑟𝑟−𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶��������

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶��������𝑟𝑟𝑟𝑟𝑟𝑟
 × 100(%) (5) 

The CRPS skill score is positively oriented. A positive (negative) skill score indicates that forecasts 

are better (poorer) than the reference forecasts. Forecasts that perfectly match the corresponding 

observations will have a skill score of 100%.  

The CRPS is applicable to both single-value and ensemble forecasts. Forsingle-value forecasts, 

CRPS reduces to the mean absolute error (MAE): 

 𝑀𝑀𝑀𝑀𝑀𝑀 =  1
𝑛𝑛
∑ |𝑥𝑥(𝑡𝑡) − 𝑦𝑦(𝑡𝑡)|𝑛𝑛
𝑡𝑡=1  (6) 

where 𝑥𝑥(𝑡𝑡) and 𝑦𝑦(𝑡𝑡) are the single-value forecast and observation at time 𝑡𝑡, respectively; and 𝑛𝑛 is 

the total number of days in the 3-year period. Similarly, we use the CRPS skill score to demonstrate 

the accuracy of single-value forecasts relative to reference forecasts. To have a fair evaluation, we 

use the same reference CRPS for single-value and ensemble forecasts. 

We calculate the probability integral transform (PIT) for assessing the reliability of ensemble 

forecast uncertainty (ensemble spread not too wide or too narrow). Statistically, reliability 

represents the consistency between ensemble forecasts and the corresponding observations 

(Gneiting et al., 2007). The PIT for a forecast-observation pair at time 𝑡𝑡 is defined as: 
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 𝜋𝜋(𝑡𝑡) = 𝐹𝐹�𝑡𝑡, 𝑥𝑥 = 𝑦𝑦(𝑡𝑡)�  (7) 

where 𝐹𝐹(𝑡𝑡, 𝑥𝑥)  is the cumulative density function of the ensemble forecast, and 𝑦𝑦(𝑡𝑡)  is the 

observation. For reliable forecasts, 𝜋𝜋(𝑡𝑡) follows a uniform distribution. The uniformity can be 

visually examined by either histograms or uniform probability plots of the PIT values (Schepen et 

al., 2018). In this study, we summarize the reliability as 𝛼𝛼-index (Renard et al., 2010): 

 𝛼𝛼 = 1 − 2
𝑛𝑛
∑ �𝜋𝜋∗(𝑡𝑡) − 𝑡𝑡

𝑛𝑛+1
�𝑛𝑛

𝑡𝑡=1  (8) 

where 𝜋𝜋∗(𝑡𝑡) is the sorted 𝜋𝜋(𝑡𝑡), 𝑡𝑡 = 1,2, … ,𝑛𝑛, in an increasing order; and 𝑛𝑛 is the total number of 

days in the 3-year period. The 𝛼𝛼-index ranges from 0 to 1, with a value of 1 showing perfect 

reliablility, and a value of 0 showing worst reliability. The calculation of PIT becomes problematic 

when an observation is known to be below or equal to a certain value 𝑦𝑦𝑐𝑐. Here 𝑦𝑦𝑐𝑐 is 0.2 mm per 

day, which reflects the precision of available observed precipitation data. In this case, 𝜋𝜋(𝑡𝑡) cannot 

be precisely found. To overcome this problem, we randomly generate a pseudo-PIT value from a 

uniform distribution with a range [0,𝐹𝐹(𝑡𝑡, 𝑥𝑥 = 𝑦𝑦𝑐𝑐)] and subsequently use it to calculate the PIT 

(Wang and Robertson, 2011).  

 

3. Results 

3.1 Correlation between single-value forecasts and observations 

Results of ACC for ACCESS-G2 forecasts and ACCESS-GE2 mean forecasts are shown in Fig. 

1. Here the left triangle symbol on the color bar of the maps means that ACC can be negative. 

According to the cumulative density function (CDF) plots, there are only few grid cells with 

negative ACC values at day 9 ahead. The high ACC area of both forecasts are mainly distributed 
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in eastern and southwestern parts of Australia, especially at short lead times. ACC decreases as 

lead time increases, indicating lower correspondence between forecast and observed anomalies at 

longer lead times. For instance, most grid cells possess ACC values over 0.6 at day 1 ahead, but 

hardly any grid cell has an ACC over 0.6 at day 9 ahead. 

[Fig. 1] 

At each lead time, both the ACC maps and CDF plots show similar ACC ranges for these two 

forecasts. Nevertheless, ACCESS-GE2 mean forecasts have overall higher ACC values than 

ACCESS-G2 forecasts (more obvious from the CDF plots). Their difference is more pronounced 

at longer lead times. This suggests that there are more advantages of an ensemble approach over a 

deterministic approach when NWP models are used to generate forecasts for longer lead 

times.Generally, the ensemble mean is superior to each ensemble member in terms of the 

correlation as it tends to average out the less predictable detail (Richardson, 2000). By extension, 

the ensemble mean can also outperform a higher-resolution deterministic model run.  

3.2 Accuracy of single-value forecasts 

Results of CRPS skill score for ACCESS-G2 forecasts and ACCESS-GE2 mean forecasts are 

shown in Fig. 2. The left (right) triangle symbol on the color bar means that skill score can be 

below (above) the displayed minimum (maximum) value. The spatial distributions of the skill 

scores for these two forecasts are similar, with low values in midwest and high values in eastern 

and southwestern parts of Australia. The skill score tends to decrease rapidly with increasing lead 

times, as similarly presented by Golding (1998). And both forecasts generally have negative skill 

scores in most grid cells, particularly at long lead times. At day 1 ahead, nearly 80% of the grid 

cells have negative skill scores. However, at days 5 and 9 ahead, there is almost no positive value 

on the skill score map. This shows that both ACCESS-G2 forecsts and ACCESS-GE2 mean 
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forecasts are less accurate than the ensemble climatology forecasts in most parts of Australia and 

across different lead times. Although having similar skill score ranges at each lead time, ACCESS-

GE2 mean forecasts have overall higher skill scores than ACCESS-G2 forecasts (more obvious 

from the CDF plots). And their difference is also more pronounced at longer lead times. 

[Fig. 2] 

3.3 Accuracy of ensemble forecasts 

Results of CRPS skill score for ACCESS-GE2, simple bias-corrected ACCESS-GE2, SCC-

calibrated ACCESS-G2, and SCC-calibrated ACCESS-GE2 mean forecasts are shown in Fig. 3. 

Raw ACCESS-GE2 ensemble forecasts have positive skill scores in most grid cells, especially at 

short lead times. For example, at day 1 ahead, there are positive values at about 80% of the grid 

cells. This indicates the benefit of the ensemble spread of raw ensemble forecasts, since ACCESS-

GE2 ensemble forecasts have much higher skill scores than ACCESS-GE2 mean forecasts (latter 

shown in Fig. 2). Besides, ACCESS-GE2 ensemble forecasts are considerably improved by the 

simple bias correction, particularly at grid cells with negative skill scores shown in Fig. 3. 

[Fig. 3] 

The SCC model greatly improves the skill scores of ACCESS-G2 forecasts and ACCESS-GE2 

mean forecasts (latter shown in Fig. 2). Almost all negative values are removed, and positive values 

are further enhanced. The spatial pattern of the skill scores for both forecasts is also retained by 

the SCC model. The skill scores of both SCC-calibrated ACCESS-G2 and SCC-calibrated 

ACCESS-GE2 mean forecasts are mostly positive, with higher values at short lead times and 

approaching zero at long lead times. This is because the SCC model is designed to make the 

calibrated forecasts no worse than climatology forecasts when forecast skill becomes low at long 
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lead times (Wang et al., 2019b). Likewise, the CDF plots become sharper as lead time increases, 

especially for grid cells where CRPS skill score is positive. 

Similarly, SCC-calibrated ACCESS-GE2 mean forecasts generally have higher skill scores than 

SCC-calibrated ACCESS-G2 forecasts at all lead times (more obvious from the CDF plots). And 

the skill difference between ACCESS-G2 forecasts and ACCESS-GE2 mean forecasts (Fig. 2) is 

narrowed by the SCC model (Fig. 3). Furthermore, the simple bias-corrected ACCESS-GE2 

forecasts generally have lower skill scores than SCC-calibrated ACCESS-GE2 mean forecasts, 

despite the fact that the simple bias correction makes use of the ACCESS-GE2 ensemble spread 

information while the SCC model only makes use of the ACCESS-GE2 mean information. This 

confirms the advantage of the sophisticated SCC model relative to simple calibration models. 

To further investigate the difference between SCC-calibrated ACCESS-GE2 mean and SCC-

calibrated ACCESS-G2 forecasts under different climate conditions, we compare their accuracies 

by seasons and across regions with different annual precipitation. Results of the skill score 

difference between these two forecasts are shown in Fig. 4 and Fig. 5, with positive difference 

indicating higher skill scores in SCC-calibrated ACCESS-GE2 mean forecasts over SCC-

calibrated ACCESS-G2 forecasts, and vice versa. 

[Fig. 4] 

[Fig. 5] 

At all lead times, the skill score difference is positive for the majority of grid cells for all seasons 

and regions. Therefore, SCC-calibrated ACCESS-GE2 mean forecasts can provide overall 

improved accuracy compared to SCC-calibrated ACCESS-G2 forecasts under different types of 

climate conditions. Their difference changes slightly with seasons and regions, and generally 
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decreases as lead time increases. Besides, when the annual precipitation is smaller than 200 mm, 

there is a large percentage of grid cells where SCC-calibrated ACCESS-GE2 mean forecasts are 

less skillful than the SCC-calibrated ACCESS-G2 forecasts. 

3.4 Reliability of ensemble forecasts 

Results of 𝛼𝛼 -index for ACCESS-GE2, simple bias-corrected ACCESS-GE2, SCC-calibrated 

ACCESS-G2, and SCC-calibrated ACCESS-GE2 mean forecasts are shown in Fig. 6. Clearly, the 

ensemble spread of ACCESS-GE2 and simple bias-corrected ACCESS-GE2 forecasts is not 

reliable at any lead time, although the simple bias correction slightly increases 𝛼𝛼 -index of 

ACCESS-GE2 forecasts. In contrast, SCC-calibrated ACCESS-G2 and SCC-calibrated ACCESS-

GE2 mean forecasts have 𝛼𝛼-index values close to 1 at almost all grid cells, meaning that both 

forecasts can reliably quantify forecast uncertainties. It should be noted that the CDF lines of these 

two SCC-calibrated forecasts are almost identical and their difference in reliability is unnoticeable. 

[Fig. 6] 

From the results above, ACCESS-GE2 forecasts have a clear advantage over ACCESS-G2 

forecasts in terms of ACC and CRPS skill score. To demonstrate the significance level of this 

advantage, we carry out Kolmogorov-Smirnov (K-S) statistical significance testing on the CDF 

distributions of the ACC and CRPS skill score values of these two forecasts. On interpreting the 

K-S testing results, we conclude that the difference between ACCESS-GE2 forecasts and 

ACCESS-G2 forecasts is statistically significant, both before and after post-processing. And as 

expected, the significance increases with lead time. Details of the K-S testing and interpretation 

can be found in the online supplementary material. 
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4. Discussion 

The key motivation for this work is to thoroughly evaluate the performance of deterministic NWP 

models and coarser-resolution ensemble models by comparing their precipitation forecasts in terms 

of correlation with reference data, accuracy, and reliability. We conduct a comparative analysis of 

these two types of forecasts of precipitation over a period of 3 years across Australia. Results show 

that the coarser-resolution ensemble forecasts overall perform better than deterministic forecasts. 

Our investigation further confirms findings from previous studies (Atger, 2001; Mylne, 2002; 

Rodwell, 2006; Vokoun and Hanel, 2018), by performing spatially and temporally explicit 

comparisons, and extending the comparison to post-processed forecasts. 

We acknowledge that our study is based on only ACCESS-G2 and ACCESS-GE2 models operated 

by the BoM. Indeed, evaluation of different forecasting systems may lead to different conclusions, 

which may be influenced by the spatial resolution gaps between these two types of models as well 

as different NWP model mechanisms (Buizza et al., 2005). Nonetheless, we hope that this study 

can be a valuable reference for various forecasting centers, in terms of the comparison methods 

and the results. In this study, we select precipitation as our target variable of weather forecasts.Our 

results are also consistent with findings on other weather variables and weather-related variables, 

as demonstrated by studies on wind direction (Grimit and Mass, 2002) and hydrological forecasts 

(Boucher et al., 2011). 

The superiority of coarser-resolution ensemble forecasts over deterministic forecasts may increase 

with ensemble size (Richardson, 2000; Mullen and Buizza, 2002). Therefore, increasing the 

ensemble size of ensemble forecasts may be a better strategy than increasing the resolution of 

deterministic forecasts. Additionally, other than ensemble forecasts produced by multiple runs of 

a single NWP model, coarser-resolution ensemble forecasts generated by collecting forecast 
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members from different NWP models or by analog ensemble techniques also show better 

performance than deterministic forecasts (Stensrud et al., 1999; Wandishin et al., 2001; Bowler et 

al., 2008; Zhang et al., 2015). Therefore, any loss in spatial resolution of ensemble forecasts can 

generally be compensated by the ensemble approach. 

Often, NWP forecasts need to be regridded in accordance with the grid spacing of the reference 

data. However, using interpolation techniques may affect the forecast skill scores in a statistically 

significant way (Accadia et al., 2003). The use of bilinear interpolation in this study and its 

potential statistical effects on the forecast quality deserve to be further investigated. Besides, we 

interpret the forecast verification results across all grid cells of Australia, including the region with 

no precipitation for more than 30 years according to the AWAP. To alleviate the possible influence 

of the AWAP analysis errors on forecast evaluation, it would be more sensible to exclude such 

regions in future studies.  

The post-processing of raw forecasts presented in this study is conducted individually for each 

lead time and each grid cell. In practice, when multiple lead times and multiple locations are 

involved, their mutual relationships should be included in post-processed ensemble forecasts, so 

as to capture the temporal and spatial correlation structures of observed precipitation (Shrestha et 

al., 2015; Schepen et al., 2020). For this purpose, methods can be applied to connect post-

processed ensemble members from different lead times and locations. One of the popularly used 

methods, the Schaake shuffle, has shown to be effective (Clark et al., 2004; Scheuerer et al., 2017). 

We also notice that the ensemble spread of ACCESS-GE2 forecasts contains remarkably beneficial 

information, which could be utilized to enhance post-processing (Möller et al., 2013; Williams et 

al., 2014). Many studies have incorporated ensemble spread in forecast post-processing (Gneiting 

et al., 2005; Veenhuis, 2013; Messner et al., 2014; Scheuerer and Hamill, 2015), but the 
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improvements are generally not significant. How to appropriately make use of the spread 

information in post-processing still needs further investigation. Besides, although ACCESS-GE2 

forecasts perform better than ACCESS-G2 forecasts in most grid cells, there are some grid cells 

where ACCESS-GE2 forecasts demonstrate worse performance. A natural idea is to combine these 

two forecasts appropriately to generate new forecasts that are better than either one across all 

locations. Many methods have been developed to merge available data information from different 

sources (Rodwell, 2006; Wang et al., 2012; Barnes et al., 2019; Xu et al., 2019; Leutbecher and 

Ben Bouallègue, 2020). It will be useful to evaluate how to apply some of these techniques to 

combine these two types of NWP forecasts to take advantages of their strengths. 

 

5. Summary and conclusions 

A comparison of forecasts from deterministic NWP models and coarser-resolution ensemble 

models is valuable for forecast users and model developers. However, previous comparisons 

typically focused on evaluating raw forecasts for limited locations and weather events. In this study, 

we provide a comprehensive comparison of these two types of forecasts, both before and after 

post-processing, and for a wide range of locations and weather events.  

Specifically, we evaluate and compare the ACCESS-G2 and ACCESS-GE2 models of the BoM 

for daily precipitation forecasts across Australia for a period of 3 years. ACCESS-G2 is a 

deterministic model with a resolution of 25 km, and ACCESS-GE2 is an ensemble model with a 

resolution of 60 km. In post-processing the forecasts, we employ the recently developed seasonally 

coherent calibration (SCC) model. 
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We find that ACCESS-GE2 forecasts are overall superior than ACCESS-G2 forecasts at all lead 

times, under all climatic conditions, both before and after post-processing. Specifically, for raw 

forecasts, ACCESS-GE2 (mean) forecasts are more accurate and have a higher correlation with 

corresponding observations than ACCESS-G2 forecasts, especially at long lead times. For post-

processed forecasts, SCC-calibrated ACCESS-GE2 mean forecasts are more accurate than SCC-

calibrated ACCESS-G2 forecasts. The conclusion holds true for different seasons and regions. In 

general, the performance gap between the two models is narrowed by post-processing with SCC. 

With equivalent computation costs, increasing the number of model runs usually brings more 

benefits to NWP models than increasing the spatial resolution (Mullen and Buizza, 2002). 

Therefore, coarser-resolution ensemble NWP models tend to be more resource-efficient than 

deterministic models. This further adds to the advantage of ensemble forecasts over deterministic 

forecasts. 

Both SCC-calibrated ACCESS-G2 and SCC-calibrated ACCESS-GE2 mean forecasts are found 

to be reliable in ensemble spread. The SCC calibration greatly improves the performance of raw 

forecasts in terms of both accuracy and reliability. The value of post-processing NWP forecasts is 

clearly demonstrated. 
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Tables 

 

Table 1. Groups of single-value forecasts and ensemble forecasts and evaluation metrics 

Groups Forecasts Evaluation metrics 

Single-value forecasts ACCESS-G2,  
ACCESS-GE2 mean 

Correlation (ACC), 
Accuracy (CRPS skill score) 

Ensemble forecasts 

ACCESS-GE2,  
Simple bias-corrected ACCESS-GE2,  
SCC-calibrated ACCESS-G2,  
SCC-calibrated ACCESS-GE2 mean 

Accuracy (CRPS skill score), 
Reliability (𝛼𝛼-index) 
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Figures 

 

 

Fig. 1. ACC maps of ACCESS-G2 forecasts and ACCESS-GE2 mean forecasts at three lead times (first two columns), 

and cumulative density function (CDF) plots of the ACC across all grid cells (third column). 
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Fig. 2. CRPS skill score maps of ACCESS-G2 forecasts and ACCESS-GE2 mean forecasts at three lead times (first 

two columns), and CDF plots of the CRPS skill score across all grid cells (third column). 
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Fig. 3. CRPS skill score maps of ACCESS-GE2, simple bias-corrected ACCESS-GE2, SCC-calibrated ACCESS-G2, 

and SCC-calibrated ACCESS-GE2 mean forecasts at three lead times (first four columns), and CDF plots of the CRPS 

skill score across all grid cells (fifth column). It is worth noting that for easy interpretation, the scale of the CRPS skill 

score axis in the CDF plots is much smaller than that in Fig. 2.  
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Fig. 4. CDF plots of the difference in CRPS skill score between SCC-calibrated ACCESS-GE2 mean and SCC-

calibrated ACCESS-G2 forecasts across all grid cells in different seasons. 

 

 

Fig. 5. CDF plots of the difference in CRPS skill score between SCC-calibrated ACCESS-GE2 mean and SCC-

calibrated ACCESS-G2 forecasts in regions with different amounts of annual precipitation. 
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Fig. 6. 𝛼𝛼-index of ACCESS-GE2, simple bias-corrected ACCESS-GE2, SCC-calibrated ACCESS-G2, and SCC-

calibrated ACCESS-GE2 mean forecasts at three lead times (first four columns), and CDF plots of the 𝛼𝛼-index across 

all grid cells (fifth column). 
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This study focuses on the comparative analysis of deterministic numerical weather prediction 
(NWP) forecasts and coarser-resolution ensemble NWP forecasts. A comprehensive comparison 
between these two kinds of forecasts is of significant reference value to both forecast users and 
NWP model developers. Our results suggest that for precipitation, coarser-resolution ensemble 
forecasts overall outperform deterministic forecasts, both before and after post-processing, under 
different types of climate conditions. 

 



Table 1. Groups of single-value forecasts and ensemble forecasts and evaluation metrics 

Groups Forecasts Evaluation metrics 

Single-value forecasts ACCESS-G2,  
ACCESS-GE2 mean 

Correlation (ACC), 
Accuracy (CRPS skill score) 

Ensemble forecasts 

ACCESS-GE2,  
Simple bias-corrected ACCESS-GE2,  
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