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Abstract 23 

Forecasting of short-term reference crop evapotranspiration (ETo) provides valuable 24 

information for hydrological, agricultural, and ecological applications. ETo forecasts can be 25 

derived from weather forecasts of Numerical Weather Prediction (NWP) models, but such raw 26 

forecasts need to be calibrated to correct errors and improve reliability. This study calibrates the 27 

short-term ETo forecasts constructed with weather forecasts from the Australian Bureau of 28 

Meteorology's Australian Community Climate and Earth-System Simulator G2 version 29 

(ACCESS-G2) model, using the recently developed Seasonally Coherent Calibration (SCC) 30 

model. The monthly parameterization of the SCC model will not be able to capture the 31 

increasing or decreasing trends in ETo at the submonthly scale, posing a challenge for effective 32 

forecast calibration. To address this challenge, we developed a new calibration strategy based on 33 

ETo anomalies and climatological mean. We thoroughly evaluated this strategy at both the 34 

continental and weather station scales. Results indicate that calibrating ETo anomalies improves 35 

the correlation coefficient between calibrated forecasts and observations by up to 10%, and 36 

increases forecast skill scores by up to 200%, with more significant improvements found at 37 

longer lead times (9-day lead time vs. 1-day lead time). Improvements in forecast quality in 38 

calibrations across two spatial scales based on different types of observations (gridded 39 

observations vs. weather station observations) validate the effectiveness and robustness of the 40 

developed strategy. We anticipate that this strategy will be applicable to other calibration models 41 

to enhance NWP-based ETo forecasting.  42 

Keywords: Numerical Weather Prediction, Seasonal Patterns, Submonthly Trends, 43 

Climatological Mean 44 
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1. Introduction 45 

Evapotranspiration (ET) plays an important role in the terrestrial water cycle (Trenberth et 46 

al., 2007). Reliable estimation of ET is essential for modeling hydrological processes, including 47 

runoff (Amatya and Skaggs, 2011; Yang et al., 2015), soil moisture dynamics (Jung et al., 2010; 48 

Sheffield and Wood, 2008), and groundwater recharge (Condon et al., 2020). To quantify the 49 

evaporative demand of the atmosphere, the concept of potential evapotranspiration was 50 

developed in the 1940s (Thornthwaite, 1948). Originally, this term referred to the maximum 51 

water transfer from land surface to the air, but did not specifically define land surface conditions. 52 

During the 1950s -1960s, more specific information about crop types, growing stages, and water 53 

availability was added to the original term to refine the definition (Jensen, 1968). In the 1970s, 54 

the concept of reference crop evapotranspiration (ETo) was developed to estimate evaporative 55 

water loss from a specific vegetation surface (green grass of 8 to 15 cm tall with sufficient water 56 

supply) to support irrigation water management (Doorenbos and Pruitt, 1977). In 1998, the Food 57 

and Agriculture Organization (FAO) clearly defined the reference vegetation surface as a 58 

“hypothetic crop with an assumed crop height (12 cm) and a fixed surface resistance (70 s/m) 59 

and albedo (0.23)” (Allen et al., 1998). Based on this reference vegetation, ET from other crops 60 

could be estimated with ETo and a crop coefficient (Kc) (Le Page et al., 2021). 61 

Short-term ETo forecasting provide valuable information for the planning of water 62 

management and farming activities (Wu and Chen, 2013; Xue et al., 2016), particularly in arid 63 

and semi-arid regions. Traditionally, ETo forecasting is mainly based on statistical modeling 64 

informed by historical observations. Since ETo demonstrates a strong annual cycle and 65 

autoregressive features, regression models, such as the Wavelet-gaussian process regression and 66 

seasonal autoregressive models, have been adopted to predict future ETo with forecast horizons 67 
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ranging from 1 day to 24 months (Ashrafzadeh et al., 2020; Karbasi, 2018). In addition, machine 68 

learning techniques, such as Artificial Neural Network and Support Vector Machines, have also 69 

been used to predict future ETo at the daily and monthly scales (Salam and Islam, 2020; Sattari et 70 

al., 2021). In addition to these statistical predictions, weather and climate forecasts from 71 

Numerical Weather Prediction (NWP) models and General Circulation Models (GCMs), have 72 

been increasingly used to produce ETo forecasts (Fan et al., 2021; Liu et al., 2020). Compared 73 

with forecasting based on historical observations (Chauhan and Shrivastava, 2009; Novoa and 74 

Tejeda, 2006; Torres et al., 2011), NWP-based ETo forecasting is less limited by data availability 75 

(Cai et al., 2007; Paredes et al., 2018), and thus could be conveniently performed across the daily 76 

and weekly scales (Er-Raki et al., 2010; Perera et al., 2014; Tian et al., 2014). However, NWP-77 

based raw ETo forecasts often inherent significant errors from NWP models and thus could 78 

demonstrate systematic inconsistencies with observations (Pelosi et al., 2016; Perera et al., 79 

2016). 80 

Calibration models initially developed for other weather variables (e.g., precipitation or 81 

temperature) have been adopted to calibrate raw NWP-based ETo forecasts (Medina and Tian, 82 

2020; Zhao et al., 2019). Methods based on regression calibration (Medina et al., 2018), affine 83 

kernel dressing (Medina and Tian, 2020), model output statistics (Silva et al., 2010), and the 84 

Bayesian modeling approach (Zhao et al., 2019) have been proven to be effective in correcting 85 

bias and improving skills of ETo forecasts. However, significant improvements are often limited 86 

to short lead times, and skills of calibrated forecasts typically become similar to or even worse 87 

than randomly sampled historical observations at long lead times. More sophisticated 88 

calibrations are needed to further improve the quality of NWP-based ETo forecasts. 89 
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The Seasonally Coherent Calibration (SCC) model has been developed to produce calibrated 90 

precipitation forecasts with seasonal patterns coherent with the observed climatology (Wang et 91 

al., 2019; Yang et al., 2021a). The model allows for effective reconstruction of precipitation 92 

seasonality in calibrated forecasts, and thus represents a significant advancement in NWP 93 

forecast calibration. The SCC model’s capability in providing accurate, reliable, and skillful 94 

calibrated forecasts has been validated through precipitation forecast calibrations across the 95 

continental and site scales (Wang et al., 2019; Yang et al., 2021a; Zhao et al., 2021). 96 

 The SCC model’s capability should be further enhanced when calibrating ETo forecasts. 97 

This model uses a monthly parameterization, assuming that daily forecasts of the same month 98 

have the same mean and standard deviation. This parameterization strategy has been proven to 99 

be effective in the calibration of precipitation forecasts (Wang et al., 2019). However, ETo 100 

demonstrates a strong annual cycle and shows increasing trends at the submonthly scale in 101 

Spring, and decreasing trends in Autumn (Liu et al., 2017). As a result, monthly parameterization 102 

in the original SCC model will not capture the submonthly patterns and thus may not be able to 103 

fully utilize the predictability in ETo forecasts. Instead, it may introduce uncertainties to 104 

calibrated ETo forecasts. For example, for months showing increasing trends at the submonthly 105 

scale, the monthly parameterization could lead to overestimation in the first halves of these 106 

months, but result in underestimations in the second halves. Similarly, for months with 107 

decreasing trends, monthly parameterization would result in negative and positive biases at the 108 

beginning and the end of these months, respectively. 109 

To account for the submonthly trends in ETo, forecast calibration should characterize the 110 

strong annual cycle of ETo at a fine temporal scale. Refining SCC’s parameterization from the 111 

monthly scale to a submonthly scale (e.g., daily) could be a possible solution, but not feasible, 112 
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considering the substantial increases in computation cost and the lack of sufficient data for 113 

parameter inference. A valid alternative will be separating the ETo anomalies in both 114 

observations and forecasts from the climatological mean of long-term observations first, and then 115 

applying the SCC model to calibrate the derived anomalies (Dabernig et al., 2017). This strategy 116 

will allow for building the ETo seasonal patterns, including the submonthly trends, represented 117 

by the climatological mean in the calibrated forecasts while retaining the parsimonious monthly 118 

parameterization. 119 

In this study, we expand the SCC model’s capability in building forecast climatology 120 

coherent with observations to the submontly scale by conducting the calibration based on ETo 121 

anomalies and climatological mean. We hypothesize that this new strategy will further improve 122 

forecast quality than applying the SCC model directly to ETo forecasts. To investigate the 123 

effectiveness and robustness of this new calibration strategy, we calibrate ETo forecasts 124 

constructed with weather forecasts from the Australian Bureau of Meteorology’s Australian 125 

Community Climate and Earth-System Simulator G2 version (ACCESS-G2) model at the 126 

continental scale and across 21 weather stations. Results from calibrations based on different 127 

observations (gridded observations vs. weather station observations) across the two scales will 128 

help test the performance of the strategy rigorously, and validate the feasibility for general 129 

application. As a result, this current study primarily focuses on evaluating whether calibrating 130 

ETo anomalies will improve the quality of calibrated forecasts, regardless of the sources of 131 

observations used for model fitting. Impacts of data interpolations on gridded observations will 132 

be briefly discussed in section 4.4 to help readers understand differences in calibrations across 133 

the two spatial scales. 134 
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Objectives of this study include i) developing a new calibration strategy to better calibrate 135 

NWP-based ETo forecasts, ii) evaluating the effectiveness and robustness of the new strategy. 136 

2. Method 137 

     To thoroughly evaluate the effectiveness and robustness of the strategy, we conducted ETo 138 

forecast calibration at both the continental and weather station scales. We use interpolated 139 

gridded datasets as observations for forecast calibration across Australia because gridded data is 140 

often the only available observations at large spatial scales (Khajehei et al., 2018; Lucatero et al., 141 

2018; Medina et al., 2018). At the continental scale, our calibration only corrects errors resulting 142 

from NWP forecasts, and errors caused by data interpolations will not be corrected. The 143 

continental-scale investigation covers a broader range of climate zones and larger areas of 144 

ungauged regions, and thus could benefit more forecast users than the calibration at the weather 145 

station scale. As a result, we primarily introduce results from the calibration across Australia, 146 

and only briefly introduce results of the weather station scale calibration in the main text. Figures 147 

summarizing the calibration across 21 weather stations are presented in the Supplementary 148 

Material to support findings at the continental scale. 149 

2.1 Data 150 

For the calibration at the continental scale, we used weather variables, including temperature, 151 

solar radiation, and vapor pressure, provided by the Australian Water Availability Project 152 

(AWAP) (Jones et al., 2014, 2007) to derive a gridded ETo dataset (treated as observations) for 153 

ETo forecast calibration. The AWAP data has been developed by combining the weather station 154 

observations, satellite data, and a water-carbon model (Jone et al., 2009), and has been widely 155 

used in hydroclimate investigations in Australia. Gridded wind speed data, developed based on 156 

interpolation of site-scale observations (Mcvicar et al., 2008), was also used in the development 157 
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of the gridded ETo across Australia. The AWAP data and the gridded wind speed data are daily, 158 

with a spatial resolution of 0.5° X 0.5° (~ 5 X 5 km). Based on these datasets, we produced 159 

gridded continental-scale ETo observations for each day during 4/1999-3/2019. For the 160 

calibration at the weather station scale, we selected 21 stations 161 

(http://www.bom.gov.au/climate/data/stations/) located in different climate zones of Australia 162 

(Table S1 and Fig. S1), and compiled the observed temperature, solar radiation, and vapor 163 

pressure during 1999-2019 to calculate ETo observations. 164 

 Weather forecasts from the Australian Bureau of Meteorology's Australian Community 165 

Climate and Earth-System Simulator G2 version (ACCESS-G2) model were compiled to 166 

produce raw ETo forecasts (http://www.bom.gov.au/australia/charts/about/about_access.shtml). 167 

The ACCESS-G2 model issues weather forecasts four times every day, at the Coordinated 168 

Universal Time (UTC) of 0000 UTC, 0600 UTC, 1200 UTC, and 1800 UTC. The ACCESS-G2 169 

forecasts have a spatial resolution of 0.38°(longitude) by 0.25°(latitude). We compiled the 170 

model’s 3-hourly predictions of temperature, solar radiation, wind speed, and vapor pressure for 171 

the future 240 hours to produce raw ETo forecasts. 172 

We modified the grid spacing of the raw ETo forecasts with a spline interpolation method to 173 

match the spatial resolution (~ 5 X 5 km) of the AWAP data (Spath, 1993). We also aggregated 174 

the 3-hourly ACCESS-G2 forecasts to the daily scale and matched the timeframe of AWAP data 175 

by considering the differences between UTC time and Australian local time. The resultant raw 176 

daily ETo forecasts have a forecast horizon of 9 days. Forecast calibration was performed for the 177 

period of 4/2016-3/2019. For the calibration at the continental scale, we used the gridded ETo 178 

observations during 4/1999-3/2019 for model fitting and parameter inference, and data (raw 179 

forecasts and gridded ETo) during 4/2016-3/2019 for forecast generation and evaluation. The 180 
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calibration across selected weather stations used the same strategy in selecting observations and 181 

forecasts for model fitting and evaluation, to make calibrations across the two scales comparable.  182 

In summary, the study period refers to the 20 years between 4/1999 and 3/2019, and this is 183 

also the period of the long-term observed ETo used for parameter inference. The evaluation 184 

period refers to the 3 years between 4/2016 and 3/2019.  185 

2.2 Calculation of ETo observations and ETo forecasts 186 

We calculated gridded ETo, weather station ETo, and raw ETo forecasts using the FAO 56 187 

Penman-Monteith equation (Allen, et al., 1998). Since AWAP and weather station observations 188 

have all variables needed for calculating ETo, we adopted the FAO ETo equation directly to 189 

derive the daily gridded ETo and daily weather station ETo for the study period.  190 

To generate raw ETo forecasts, we first combined forecasts of the zonal velocity (u) 191 

component and the meridional (v) component from ACCESS-G2 to obtain the wind speed at 10 192 

m. Then we estimated the wind speed at 2 m using the following equation (Allen, et al., 1998):  193 

                                                                                            194 

where 𝑢2 is the wind speed at 2 m above the ground surface (m/s); 𝑢𝑧 is the wind speed at z m 195 

above the ground surface (m/s); and z is the height of measurement above the ground surface 196 

(m), which is 10 m in this study.  197 

We calculated vapor pressure forecasts based on ACCESS-G2 air pressure and the specific 198 

humidity forecasts using the following equation: 199 

𝑒𝑎 =
𝑞𝑃

(𝜀+𝑞(1−𝜀))
                                                           (2) 200 

 201 

𝑢2 = 𝑢𝑧
4.87

ln⁡(67.8𝑧−5.42)
                                               (1) 
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where 𝑒𝑎 is actual vapor pressure (kPa); P is air pressure (kPa); 𝜀 is a constant (0.622); and q is 202 

specific humidity (kg/kg). 203 

The FAO Penman-Monteith equation (Allen, et al., 1998) was used to calculate ETo 204 

observations and forecasts based on several weather variables: 205 

𝐸𝑇𝑂 =
0.408𝛥(𝑅𝑛−𝐺)+𝛾

900

𝑇+273
𝑢2(𝑒𝑠−𝑒𝑎)

𝛥+𝛾(1+0.34𝑢2)
                                                   (3) 206 

 207 

where 𝐸𝑇𝑂  is the reference crop evapotranspiration (mm/day); 𝛥 is the slope of the vapor 208 

pressure curve (kPa/°C); 𝑅𝑛 is net radiation at the crop surface (MJ/m2/day); 𝐺 is soil heat flux 209 

density (MJ/m2/day); 𝛾 is the psychrometric constant (kPa/°C); 𝑇 is average air temperature 210 

(°C); 𝑢2 is the wind speed at the height of 2 m (m/s); and 𝑒𝑠 and 𝑒𝑎 are saturated and actual 211 

vapor pressure (kPa), respectively.  212 

2.3  Calibration of ETo forecasts 213 

For the calibration at the continental scale, raw forecasts were calibrated for each lead time 214 

and each grid cell separately. In the calibration based on ETo anomaly, we first estimated the 215 

climatological mean of ETo at the daily scale based on long-term ETo observations, using a 216 

spectral method which is further detailed in section 2.3.1. Then we calculated the ETo anomalies 217 

by removing the derived daily climatological mean from the raw ETo forecasts and observations. 218 

Calibration using the SCC model was then applied to the anomalies. Once we obtained calibrated 219 

anomalies, we added them back to the climatological mean to produce calibrated ETo forecasts. 220 

This calibration strategy allows for the sophisticated calibration of day-to-day ETo variability 221 

represented by the anomalies and meanwhile embedding the ETo annual cycle represented by 222 

climatological mean into calibrated forecasts. In addition to the calibration based on ETo 223 
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anomaly, we also applied the SCC model directly to calibrate raw ETo forecasts. Comparison 224 

between these two sets of calibrations will validate the effectiveness of the new calibration 225 

strategy. Similarly, two sets of calibrations were also conducted across the 21 weather stations to 226 

evaluate the new strategy. 227 

2.3.1 Calculation of daily climatological mean  228 

We adopted the method developed by Narapusetty et al. (2009) to derive the climatological 229 

mean: 230 

𝑦𝑐𝑚(𝑡) = 𝑎0 +∑ [𝑎𝑗 cos(𝑤𝑗t) + 𝑏𝑗 sin(𝑤𝑗t)]
𝐻
𝑗=1                                              (4) 231 

where 𝑦𝑐𝑚(𝑡) is the climatological mean at the daily scale; H is the number of harmonics. Here 232 

we use H=4 following Narapusetty et al. (2009);⁡𝑎0, 𝑎𝑗 , and 𝑏𝑗  are coefficients, estimated 233 

through minimizing the mean squared differences between climatological mean and 234 

observations; 𝑤𝑗 = 2πj/P; and P is days in one year. 235 

To estimate 𝑎0 , 𝑎𝑗 , and 𝑏𝑗 , we converted the above equation to a matrix function:  236 

𝑦𝑐𝑚 = 𝑋𝑧                                                                      (5) 237 

where X is a matrix of sinusoidal values; and z is a vector for 𝑎0, 𝑎𝑗 , and 𝑏𝑗 . The solution for the 238 

z vector is: 239 

𝑧 = (𝑋𝑇𝑋)−1𝑋𝑇y                                                                    (6) 240 

where y is the input data. In this study, the daily climatological mean is derived based on the 241 

long-term daily ETo observations. 242 

2.3.2 Calibrating ETo anomalies  243 
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We subtracted the climatological mean from the raw ETo forecasts and ETo observations to 244 

obtain anomalies, which were then calibrated with the SCC model. The SCC model has been 245 

introduced in detail in our continental- and site-scale calibrations of precipitation forecasts 246 

(Wang et al., 2019; Yang et al., 2021a). Key steps of calibration with SCC include i) building up 247 

a joint probability model to link raw forecasts and observations, ii) characterizing seasonal 248 

patterns of the calibrated variable based on the long-term observations, iii) obtaining key 249 

parameters for short-archived raw forecasts through reparameterization, and iv) producing 250 

calibrated forecasts. 251 

In the calibration of ETo forecasts, we first transformed the anomalies of raw forecasts and 252 

observations using the Yeo-Johnson transformation method (Yeo and Johnson, 2000): 253 

𝑥̂ = ⁡

{
 
 
 

 
 
 

⁡⁡

(𝜆𝑥 + 1)
1
𝜆 − 1,⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(𝑥 ≥ 0, 𝜆 ≠ 0)

⁡⁡
𝑒𝑥𝑝(𝑥) − 1,⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(𝑥 ≥ 0, 𝜆 = 0)

⁡⁡

−(𝜆 − 2)𝑥 + 1)
1
2−𝜆 + 1,⁡⁡⁡⁡⁡⁡⁡⁡⁡(𝑥 < 0, 𝜆 ≠ 2)⁡

⁡
−𝑒𝑥𝑝(−𝑥)+ 1,⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(𝑥 < 0, 𝜆 = 2)⁡

⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(7) 254 

where 𝜆 is a transformation parameter; x refers to anomalies of daily ETo observations or raw 255 

forecasts (mm/day); and 𝑥 is the transformed x. 256 

We then constructed a bivariate normal (BN) distribution for the transformed anomalies 257 

based on the assumption that the transformed anomaly of ETo forecasts (𝑓(𝑡)) and transformed 258 

anomaly of observed ETo (𝑜(𝑡)) are drawn from this BN distribution: 259 

[𝑓(𝑡), 𝑜(𝑡)] ∼ BN( 𝑓(𝑡), 𝑜(𝑡)|𝜇𝑓(m(𝑡)), 𝜎𝑓
2(m(𝑡)), 𝜇𝑜(m(𝑡)),𝜎𝑜

2(m(𝑡)),𝜌(m(𝑡)))        (8) 260 
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where m(𝑡) returns the month k (k=1 to 12) of daily forecasts or observations of day 𝑡; 261 

𝜇𝑓(m(𝑡))⁡and⁡𝜎𝑓(𝑚(𝑡)) refer to the marginal distribution’s mean and standard deviation of 𝑓(𝑡)    262 

in month m(𝑡), respectively; 𝜇𝑜(m(𝑡))⁡and⁡𝜎𝑜(𝑚(𝑡)) are the mean and standard deviation of the 263 

marginal distribution of 𝑜(𝑡) in month m(𝑡); and 𝜌(m(𝑡))⁡is the correlation between 𝑓(𝑡) and 264 

𝑜(𝑡) in month m(𝑡). 265 

We directly estimated 𝜇𝑜(m(𝑡))⁡and⁡𝜎𝑜(𝑚(𝑡)) using the transformed anomalies of the 20-266 

year ETo observations, based on a maximum likelihood optimization. However, for the relatively 267 

short-archived (3-year) raw ACCESS-G2 forecasts, estimating (𝜇𝑓(m(𝑡)))⁡and standard 268 

deviation (𝜎𝑓(𝑚(𝑡))) with the available data was subject to significant sampling errors. We 269 

addressed this challenge by estimating the parameters using following linear regressions: 270 

                                           𝜇𝑓(𝑘) = 𝑎 + 𝑏𝜇𝑜(𝑘)                (9) 271 

                                          𝜎𝑓(𝑘) = 𝑐 + 𝑑𝜎𝑜(𝑘)                            (10) 272 

                                          𝜌(𝑘) = 𝑟                                                   (11) 273 

where k is month of the year (k=1 to 12); a, b, c, and d are parameters characterizing the linear 274 

relationships; ρ (k) denotes the correlation coefficient between raw forecasts (or anomalies when 275 

the calibration is based on ETo anomaly) and observations for each month; r is the correlation 276 

coefficient between raw forecasts and observations in the transformed space. We set parameters 277 

b, c, d, and r to be larger than zero in parameter inference based on the maximum likelihood 278 

method to ensure that calculated 𝜇𝑓 and 𝜎𝑓 values are physically meaningful (Wang et al., 2019).  279 

Once we obtained all the parameters of the BN distribution (equation 8), we constructed a 280 

conditional distribution for observations (𝑜(𝑡)) when a new raw forecast (𝑓(𝑡)) is provided. 281 
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Next, we randomly drew 100 samples from the conditional distribution of 𝑜(𝑡) to produce an 282 

ensemble, which was treated as the calibrated ensemble forecasts for the corresponding raw 283 

forecast. After that, we back-transformed the calibrated anomalies to their original space. Finally, 284 

the calibrated anomalies were added back to the climatological mean to generate calibrated 285 

ensemble ETo forecasts. 286 

2.4 Evaluation of raw and calibrated ETo forecasts 287 

To evaluate the performance of the calibration, we adopted a leave-one-month-out cross-288 

validation strategy. Specifically, we kept one of the 36 months during 4/2016-3/2019 and the 289 

same month in the 20-year ETo observations unselected and used the remaining months for 290 

parameter inference. We then treated raw forecasts of the unselected month as new raw forecasts, 291 

which were calibrated using parameters optimized in the previous step. We repeated this process 292 

until each of the 36 months was processed, and calibrated forecasts were generated for the same 293 

period. 294 

We examined forecast accuracy, reliability, temporal variability, skills, and errors to evaluate 295 

the performance of the calibration strategy. Our evaluation of forecast bias, correlation 296 

coefficient, and skills was primarily conducted at the seasonal scale. Note that in Australia, 297 

Summer lasts from December to next February; Autumn lasts from March to May; Winter is 298 

from June to August, and Spring is from September to November. We evaluated forecast 299 

reliability over the 3-year evaluation period to check the overall consistency between statistical 300 

distributions of forecasts and observations. The evaluation of bias, correlation, skills, and errors 301 

during the 3-year period is presented in the Supplementary Material. Details about the 302 

calculation of these metrics are introduced as follows. 303 
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2.4.1 Bias 304 

We first evaluated the forecast accuracy by comparing the average ETo in the raw and 305 

calibrated forecasts relative to observations using the following equation: 306 

                                            𝐵𝑖𝑎𝑠 =
1

𝑇
∑ (𝑥(𝑡)−𝑦(𝑡))𝑇
𝑡=1
1

𝑇
∑ 𝑦(𝑡)𝑇
𝑡=1

⁡× 100                                                  (12) 307 

where Bias refers to the bias in ETo forecasts (%); T is the total days during the period for 308 

evaluation; 𝑥(𝑡) is raw forecast or ensemble mean of calibrated forecasts (mm/day); and 𝑦(𝑡) is 309 

the corresponding ETo observation of the same period (mm/day).  310 

2.4.2 Reliability 311 

We first evaluated the reliability of the calibrated forecasts using the reliability diagram for 312 

the calibration at the continental scale. This diagram measures the consistency between forecast 313 

probability and observed frequency. The reliability diagram has been widely used to evaluate the 314 

overall reliability of forecasts (Hartmann et al., 2002; Pelosi et al., 2016). To create the diagram, 315 

we first calculated the probabilities of calibrated forecasts exceeding ETo thresholds of 4, 8, and 316 

10 mm/day. Next, the probabilities of calibrated forecasts of all the grid cells across Australia, all 317 

the nine lead times, and all days during the study period were pooled together. We further 318 

divided the pooled probabilities into ten categories and plotted them against the corresponding 319 

frequency of ETo observations. If the calibrated forecasts are perfectly reliable, their probability 320 

against observed frequency would show a straight line along the diagonal. A curve above the 321 

diagonal indicates underestimations in calibrated forecasts, and a curve below the diagonal 322 

suggests overestimations.  323 
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Reliable ensemble spread is a critical feature of high-quality ensemble forecasts. To further 324 

evaluate the overall consistencies between forecasts and observations in statistical distributions, 325 

we calculated the probability integral transform (PIT) value of calibrated forecasts using the 326 

following equation:  327 

𝜋(𝑡) = 𝐹(𝑡, 𝑥 = 𝑦(𝑡))                                                              (13) 328 

where 𝐹(𝑡, 𝑥) is the cumulative density function of the ensemble forecasts, and 𝑦(𝑡) is the 329 

observation. For reliable forecasts, 𝜋(𝑡) follows a uniform distribution. We use the alpha (𝛼) 330 

index to summarize the reliability in each grid cell with the following equation to check the 331 

forecast reliability across Australia (Renard et al., 2010):  332 

𝛼 = 1 −
2

𝑇
∑ |𝜋∗(𝑡) −

𝑡

𝑡+1
|𝑇

𝑡=1                                                         (14)  333 

where π* (t) is the sorted π(t), t=1, 2, …, T in ascending order, and T is the total number of days 334 

during the evaluation period. The 𝛼 index measures the total deviation of calibrated forecasts 335 

from the corresponding uniform quantile. Perfectly reliable forecasts should have an α-index of 336 

1, and forecasts with no reliability would have an α-index of 0. 337 

2.4.3 Temporal variability 338 

We used the Pearson correlation coefficient (r) between daily forecasts and ETo observations 339 

to evaluate whether they are consistent in temporal variability. For the calibrated ensemble 340 

forecasts, we used the ensemble mean to calculate r: 341 

𝑟 =
∑ (𝑥(𝑡)−𝑥̅)(𝑦(𝑡)−𝑦̅)𝑛
𝑡=1

√∑ (𝑥(𝑡)−𝑥̅)2𝑛
𝑡=1 √∑ (𝑦(𝑡)−𝑦̅)2𝑛

𝑡=1

                                                        (15) 342 
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where 𝑥(𝑡) is raw forecast or the ensemble mean of calibrated forecasts of ETo (mm/day), 𝑥̅ is 343 

the average of 𝑥(𝑡) (mm/day); 𝑦(𝑡) is the corresponding ETo observation (mm/day) of the same 344 

period; and 𝑦̅ is the average of 𝑦(𝑡) (mm/day).  345 

2.4.4 Skills of the raw and calibrated forecasts 346 

We used the continuous ranked probability score (CRPS) to measure skills of the raw and 347 

calibrated forecasts (Grimit et al., 2006). Specifically, CRPS is calculated with the following 348 

equation: 349 

𝐶𝑅𝑃𝑆(𝑡) = ∫{𝐹(𝑡, 𝑥)− 𝐻(𝑥 − 𝑦(𝑡))}
2
𝑑𝑥                                       (16) 350 

⁡⁡⁡⁡𝐶𝑅𝑃𝑆̅̅ ̅̅ ̅̅ ̅ = ⁡
1

𝑇
∑ 𝐶𝑅𝑃𝑆(𝑡)𝑇
𝑡=1                                                                  (17) 351 

where⁡𝐹(𝑡, 𝑥) is the cumulative density function of an ensemble forecast, and 𝑦(𝑡) is the 352 

observation at time 𝑡; 𝐻 is the Heaviside step function (𝐻 = 1 if 𝑥 − 𝑦(𝑡) ≥ 0 and 𝐻 = 0 353 

otherwise); and the overbar represents averaging across the 𝑇 days. For deterministic raw 354 

forecasts, CRPS is reduced to absolute errors. 355 

We further calculated the CRPS skill score (𝐶𝑅𝑃𝑆𝑆𝑆) using the following equation: 356 

                     𝐶𝑅𝑃𝑆𝑆𝑆 =
𝐶𝑅𝑃𝑆𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒−𝐶𝑅𝑃𝑆𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑠

𝐶𝑅𝑃𝑆𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒
× 100                                    (18) 357 

where 𝐶𝑅𝑃𝑆𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒  is the CRPS value of climatology forecasts; 𝐶𝑅𝑃𝑆𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑠 refers to CRPS 358 

value of raw or calibrated forecasts. Positive CRPS skill scores indicate better skills than the 359 

climatology forecasts, and vice versa. To make the CRPS skill score of calibrated forecasts of the 360 

two calibrations (with vs. without anomaly) comparable, we used the climatology forecasts from 361 

the calibration applying SCC directly to ETo forecasts to calculate 𝐶𝑅𝑃𝑆𝑆𝑆.   362 
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2.4.5 Root mean square error 363 

We further evaluated errors in raw and calculated forecasts using the Root Mean Square 364 

Error (RMSE). For the calibrated ensemble forecasts, we used the ensemble mean of the 100 365 

ensemble members to calculate RMSE: 366 

 𝑅𝑀𝑆𝐸 = √
∑ (𝑥(𝑡)−𝑦(𝑡))2𝑇
𝑡=1

𝑇
⁡                                                  (19) 367 

where RMSE refers to the root mean square error (mm/day); T is the total days during the period 368 

for evaluation; 𝑥(𝑡) is raw forecast or ensemble mean of calibrated forecasts (mm/day); and 𝑦(𝑡) 369 

is the corresponding ETo observation (mm/day). 370 

3. Results  371 

3.1 Seasonal averages of long-term ETo observations 372 

[Fig. 1] 373 

According to the gridded observations, ETo demonstrates strong seasonality and spatial 374 

variability (Fig. 1). Summer has the highest ETo among all seasons, with ETo larger than 9 375 

mm/day covering most parts of central and western Australia. Spring has the second-highest ETo, 376 

with ETo larger than 7 mm/day located in northern and central Australia, but shows lower ETo 377 

(less than 5 mm/day) in Victoria and Tasmania. ETo decreases to less than 7 mm/day in most 378 

parts of Australia in Autumn. In Winter, ETo further decreases to less than 5 mm/day in central 379 

and southern Australia. In Autumn, Spring, and Winter, ETo generally decreases with increasing 380 

latitude. In summer, inland regions of western and central Australia demonstrate higher ETo than 381 

the coastal margins of eastern, southern, and northern Australia. 382 

3.2 Bias in raw and calibrated forecasts 383 
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[Fig. 2] 384 

Raw ETo forecasts demonstrate significant biases in most parts of Australia across all seasons 385 

(Fig. 2). In northern and central parts of Australia, raw forecasts generally overpredict ETo by 386 

10%, or even by 15% in Autumn and Winter in northern Australia. Positive biases of 5-10% also 387 

occur in central parts of Australia in Summer, and northern parts of Australia in Spring.  388 

Negative biases only occur in southern Australia in Winter. The spatial patterns of biases in the 389 

raw ETo forecasts are consistent across all nine lead times.  390 

Biases in raw ETo forecasts are substantially reduced through the calibration. For all seasons, 391 

calibrated forecasts demonstrate biases ranging from -5% to 5% across Australia. The remaining 392 

biases in calibrated forecasts reflect the deviation of the ETo during the evaluation period  from 393 

the long-term climatology of ETo observations. The comparison of bias in raw and calibrated 394 

ETo forecasts during the whole evaluation period further demonstrates effectiveness of the 395 

calibration in bias correction (Fig. S2).  396 

3.3 Reliability of calibrated forecasts 397 

[Fig. 3] 398 

The reliability diagram indicates high consistency between forecast probabilities and 399 

observed frequencies (Fig. 3). The plots of forecast probabilities against frequencies of 400 

observations based on three thresholds (4, 8, and 10 mm/day) are all distributed along the 401 

diagonal, suggesting the high reliability of calibrated ETo forecasts. 402 

[Fig. 4] 403 
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The calibrated forecasts demonstrate reliable uncertainty spread across all the nine lead times 404 

(Fig. 4), with most parts of Australia showing high α-index values (> 0.95). A critical advantage 405 

of the calibration with the SCC model is to convert the deterministic raw forecasts to calibrated 406 

ensemble forecasts. In this study, we generated 100 ensemble members for each raw forecast and 407 

quantified the uncertainty range of forecasts with the ensemble spread. The high α-index 408 

indicates reasonable representations of ETo uncertainties by calibrated forecasts. The high 409 

reliability also confirms that the parameters characterizing statistical features of calibrated 410 

forecasts are reasonably inferred.  411 

3.4 Correlation coefficients between forecasts and observations 412 

[Fig. 5] 413 

Calibrated ETo forecasts and observations demonstrate high correlations across all seasons 414 

(Fig. 5). Autumn shows higher r than other seasons, with r values larger than 0.85 covering most 415 

parts of Australia at 1-day lead time. In other seasons, r values are generally larger than 0.80 at 416 

the 1-day lead time. For all seasons, the r values decrease with increasing lead time. At 9-day 417 

lead time, r values in Summer are lower than 0.4 in most parts of Australia. In contrast, they 418 

remain larger than 0.5 in most parts of Australia in the other three seasons at this lead time. 419 

Evaluations also demonstrate high correlations between calibrated ETo forecasts and 420 

observations (Fig. S3).  421 

[Fig. 6] 422 

The calibration significantly improves the representation of temporal variability of ETo by 423 

forecasts. Compared with the raw forecasts, calibrated forecasts demonstrate higher correlations 424 

with ETo observations in different seasons, particularly at long lead times (Fig. 6). Specifically, 425 

in Autumn, Winter, and Spring, improvements in r by over 10% are found in the coastal regions 426 
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of northwestern Australia at 1-day lead time. Summer does not show significant improvements in 427 

r at 1-day lead time. At longer lead times, improvements in r cover larger areas for all seasons. 428 

At 9-day lead time, increases in r by over 20% are found in northern Australia in Autumn and 429 

Spring. Most parts of Australia show increases by more than 20% in r in Winter. Similar 430 

improvements are found in western and southeastern Australia, and coastal margins of Northern 431 

Territory in Summer at 9-day lead time. Over the three evaluation years, the calibration results in 432 

more significant increases in r in northwestern Australia than in other regions. The increases are 433 

also larger at longer lead times (Fig. S4).  434 

 [Fig. 7] 435 

Comparison with the calibration applying the SCC model directly to ETo forecasts clearly 436 

demonstrates the advantage of calibrating ETo anomalies (Fig. 7). When the calibration was 437 

conducted based on ETo anomaly and climatological mean, the resultant calibrated forecasts 438 

demonstrated higher correlations with ETo observations, particularly at long lead times, than the 439 

calibration working with ETo forecasts directly. Specifically, at the 1-day lead time, increases in r 440 

by more than 5% are found in coastal regions of northwestern Australia in Winter and Spring (Fig. 441 

7). At 9-day lead time, increases by more than 5% or even 10% are found in large areas of Australia 442 

for all seasons. Similar improvements in r with the adoption of the new strategy are found when r 443 

is calculated for the evaluation period (Fig. S5).  444 

3.5 Forecast skills and RMSE 445 

[Fig. 8] 446 

The calibration based on ETo anomaly substantially improves forecast skills. Raw ETo 447 

forecasts demonstrate skills worse than the climatology forecasts in most parts of Australia 448 
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across all seasons, even at short lead times (Fig. 8). Specifically, at 1-day lead time, negative 449 

skill scores lower than -40 (%) cover most parts of Australia in Autumn and Winter. In Summer 450 

and Spring, negative skills in raw forecasts are mainly distributed in large areas of northern and 451 

central Australia. Positive CRPS skill scores in raw forecasts at 1-day lead time are only found in 452 

coastal areas of South Australia and Queensland in Spring and Summer. In addition, the skills 453 

decrease quickly at longer lead times and become worse than the climatology forecasts in most 454 

parts of Australia for all seasons at 5-day and 9-day lead times. Calibrated forecasts markedly 455 

outperform the raw forecasts in forecast skills across Australia. At 1-day lead time, CRPS skill 456 

scores larger than 30 (%) are found in most parts of Australia for all seasons. Although CRPS 457 

skill scores of the calibrated forecasts decrease with lead time, they remain above zero, even at 9-458 

day lead time, indicating better performance than the climatology forecasts (Fig. 8 and S6). 459 

[Fig. 9] 460 

Comparing the CRPS skill score of calibrated forecasts generated based on the new strategy 461 

(climatological mean and anomaly) with those from the direct application of the SCC model to 462 

ETo forecasts clearly indicates the advantage of the new calibration strategy (Fig. 9). With the 463 

new strategy, the skills of calibrated forecasts are further improved, particularly at long lead 464 

times. Summer and Autumn show more significant improvements than the other two seasons. At 465 

1-day lead time, the CRPS skill scores are increased by 2-5 (%) in most parts of Australia in 466 

Summer and Autumn. At 9-day lead time, improvements increase to 10 (%) or even 15 (%) in 467 

eastern Australia in Summer and most parts of the continent in Autumn. Improvements in 468 

forecast skills in Winter are not significant at short lead times (1- and 5-day lead times), but 469 

reach 5 (%) at 9-day lead time in coastal areas of Queensland and Northern Territory, and 470 

northern regions of Western Australia. Improvements in Spring are more significant in northern 471 
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regions of Western Australia and Northern Territory, and eastern parts of Australia than in other 472 

regions. At 9-day lead time, CRPS skill scores are increased by 5 (%) in these regions. 473 

Improvements in forecast skills across the 3-year evaluation period further confirm the advantage 474 

of the new calibration strategy. Large areas of eastern Australia show increases in forecast skills 475 

by more than 7 (%) at long lead times when the calibration is based on ETo anomalies (Fig. S7).  476 

Improvements in RMSE of forecasts through the calibrations are consistent with 477 

improvements in the CRPS skill score. Calibration with the SCC model and the developed 478 

strategy substantially reduces RMSE in ETo forecasts (Fig. S8). The RMSE in raw forecasts is 479 

above 1 mm/day across Australia at 1-day lead time, with high RMSE up to 2 mm/day 480 

distributed in central and northern regions of Australia. The RMSE of raw forecasts increases 481 

quickly with lead time and reaches 2 mm/day in most parts of the country at 9-day lead time. 482 

Calibrated forecasts demonstrate much lower RMSE than raw forecasts. At the 1-day lead time, 483 

RMSE in calibrated forecasts is lower than 0.8 mm/day in most parts of Australia, except for 484 

inland regions of the continent, where RMSE is slightly above 1 mm/day. At 9-day lead time, 485 

RMSE in calibrated forecasts is lower than 1.6 mm/day in most parts of the country. More 486 

importantly, calibrating ETo anomalies leads to lower RMSE in calibrated forecasts than those 487 

from the calibration working with ETo forecasts directly, particularly at long lead times (Fig. S9). 488 

For example, at the 9-day lead time, RMSE is reduced by more than 4% in western and 489 

southeastern Australia, when the calibration is based on ETo anomalies. 490 

3.6 Results of the calibration across 21 weather stations 491 

Findings in calibrations based on ground observations at 21 weather stations agree well with 492 

the continental-scale calibrations, in the improvements in correlation coefficients, CRPS skill 493 

score, and RMSE following the adoption of the developed strategy. Specifically, calibrating ETo 494 
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anomalies increases r at 18 of the 21 stations at 5-day lead time, and increases r across all 495 

stations at 9-day lead time, with improvements reaching up to 3.5% (Fig. S10). Improvements in 496 

CRPS skill score further verify the effectiveness of the calibration strategy (Fig. S11). Increases 497 

in CRPS skill score by 0.5-5 (%) are achieved with the adoption of the new strategy, relative to 498 

the calibration calibrating ETo forecasts directly. Specifically, higher skill scores are found 499 

across 19 of the 21 stations at 5-day lead time, and across all 21 stations at 9-day lead time. 500 

Calibrating ETo anomalies further reduces the RMSE of calibrated forecasts, particularly at long 501 

lead times (Fig. S12). Compared with calibrated forecasts at the 1-day and 5-day lead times, 502 

which demonstrate both increases and decreases in RMSE, forecasts at the 9-day lead time show 503 

that RMSE is reduced at all sites when adopting the new strategy. Reductions in RMSE range 504 

from ca. 0 to 3% and reach up to ca. 4% at station 19. 505 

As a result, the calibration based on weather station observations agrees well with the 506 

calibration across Australia, regarding the effectiveness of the developed strategy. Improvements 507 

measured by the three evaluation metrics (r, CRPS skill score, and RMSE) are comparable at the 508 

two spatial scales, which both demonstrate marked improvements at long lead times. 509 

4. Discussion 510 

4.1 Effectiveness and robustness of the developed strategy 511 

The agreement between calibrations at the continental scale and across 21 weather stations in 512 

the improvements of forecast quality successfully validates the effectiveness and robustness of 513 

the developed calibration strategy. Due to data interpolation in the production of gridded 514 

temperature, vapor pressure, and wind data, interpolation errors would have been introduced to 515 

gridded ETo observations, resulting in differences from the weather station ETo (Pelosi et al., 516 

2020a). Different observations used in the calibrations at the two spatial scales must have led to 517 
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differences in the climatological means (Equations 4-6), transformation parameters (Equation 7), 518 

and key SCC parameters (Equations 8-11). However, despite these differences, the calibrations 519 

achieve similar improvements in correlation coefficient, forecast skills, and RMSE, with the 520 

adoption of the new calibration strategy. In this study, calibrations at the continental and weather 521 

station scales both show improvements in forecast skills when ETo anomalies rather than the 522 

original ETo forecasts are calibrated. Examination of the strategy across the two scales confirms 523 

its strength in enhancing NWP-based ETo forecasting, and also verifies its robustness for general 524 

application.  525 

The effectiveness of the calibration strategy is further confirmed by the comparison with 526 

existing ETo forecasting investigations. Raw ETo forecasts constructed with NWP weather 527 

forecasts often become less skillful than climatology forecasts beyond the first a few days 528 

(Perera et al., 2014). Through calibrating ETo anomalies, we substantially improve the forecast 529 

skills and produce more skillful calibrated forecasts than climatology forecasts for all nine lead 530 

times. In addition, calibrated forecasts in this study demonstrate comparable skills with those 531 

produced using the Bayesian Joint Probability (BJP) model across three weather stations in 532 

Australia (Zhao et al., 2019). Specifically, the CRPS skill scores of calibrated forecasts from this 533 

study at these stations (39.5 to 45.2 (%)) are close to the skills of ~30-40 (%) in Zhao et al. 534 

(2019) at 1-day lead time, although the two studies use different calibration models and NWP 535 

forecasts. Thanks to the capability of SCC in calibrating short-archived forecasts, our calibration 536 

uses a much shorter period of archived forecasts (three years) for parameter inference than the 537 

23-year forecasts used in Zhao et al. (2019). Compared with ETo calibrations based on 538 

Nonhomogeneous Gaussian Regression (NGR), Affine Kernel Dressing (AKD), and Bayesian 539 

Model Averaging (BMA) in the U.S. (with bias of 0.49-1.69%), our calibration results in similar 540 
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low bias (0.32-0.95%) in calibrated forecasts at the 1-day lead time (Medina and Tian, 2020). 541 

Unlike results from these models, bias in calibrated forecasts of our study does not increase with 542 

lead time (Medina and Tian, 2020), indicating the better performance of SCC in correcting bias 543 

at long lead times. 544 

4.2 Implications for improving NWP-based ETo forecasting  545 

This investigation confirms the necessity of improving existing calibration models, including 546 

the SCC model, when transferred to calibrate ETo forecasts. Currently, many calibration models 547 

applied to ETo forecasting were not developed specifically for this variable (Medina and Tian, 548 

2020; Zhao et al., 2019). Most of these models were designed to address common challenges in 549 

forecast calibration, and were intended to be variable-independent. However, applying these 550 

models, including the SCC model, directly to weather variables with divergent temporal patterns 551 

and statistical features, may not fully implement the predictability of the target variables. For 552 

example, ETo demonstrates a much stronger annual cycle and submonthly trends than 553 

precipitation (Yang et al., 2021b). Calibrating models working well in precipitation forecast 554 

calibration may not necessarily be able to achieve the best performance, if differences between 555 

the two weather variables are not considered and accounted for in forecast calibration. Additional 556 

skills gained through calibrating ETo anomalies suggest the developed strategy could be a 557 

promising solution for extending the capability of existing calibration models in ETo forecast 558 

calibration.  559 

In this study, we introduce equations and parameters for deriving the climatological mean in 560 

detail (Equations 4-6 and associated introductions). Based on such information, future ETo 561 

forecast calibration just needs to add a few more steps to their existing models, to implement the 562 
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calibration strategy developed in this study. We anticipate that this strategy could be easily 563 

applied to future investigations to produce more skillful ETo forecasts.  564 

4.3 Importance of reconstructing seasonality in weather forecast calibration 565 

Improved forecast skills with the adoption of the developed calibration strategy confirm the 566 

necessity of enhancing the representation of ETo temporal patterns in forecast calibration. It has 567 

been challenging to generate skillful calibrated ETo forecasts at long lead times (Medina et al., 568 

2018; Zhao et al., 2019). Skillful calibrated forecasts better than randomly sampled climatology 569 

are often limited to short lead times, usually less than one week. By separating anomaly from the 570 

climatological mean, the new strategy allows for calibrating short-term ETo variability with the 571 

sophisticated SCC algorithms and embedding the observed annual cycle into calibrated forecasts 572 

simultaneously. Based on this strategy, we produced calibrated forecasts better than the 573 

climatology forecasts for all nine lead times, and outperformed the calibration working directly 574 

with raw ETo forecasts, particularly at long lead times. Improvements in forecast skills following 575 

embedding the climatological mean in calibrated forecasts clearly show the importance of 576 

enhancing the representation of ETo seasonality for producing skillful calibrated forecasts.  577 

This investigation also provides valuable implications for addressing a well-known challenge 578 

in NWP-based weather forecasting. Modern NWP models often demonstrate decent performance 579 

in forecasting short-term dynamics of the weather system (Bauer et al., 2015). However, 580 

processes regulating the annual cycle of weather variables are typically not well resolved in 581 

NWP models (Robertson et al., 2014). Lower correlations between raw ETo forecasts and 582 

observations than those of calibrated forecasts confirm limitations of NWP models in modeling 583 

slow varying atmospheric processes (Pelosi et al., 2016). Improvements in temporal patterns of 584 

calibrated forecasts suggest that building seasonality through statistical calibration could be a 585 
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cost-effective solution for dealing with the intrinsic limitations in NWP forecasts. We anticipate 586 

that the developed strategy could be transferable for calibrating weather variables demonstrating 587 

a strong annual cycle (Cai et al., 2007; Mohan and Arumugam, 1995). 588 

4.4 Future work 589 

Although our calibrations across the two spatial scales confirm the effectiveness and 590 

robustness of the developed strategy, additional investigations are needed to further improve ETo 591 

forecast calibration. Like in many regional-scale calibrations (Khajehei et al., 2018; Lucatero et 592 

al., 2018; Medina et al., 2018), our calibration adopts gridded observations as the reference to 593 

calibrate raw forecasts at the continental scale. Although we achieve significant improvements in 594 

forecast quality, it should be noted that the interpolation errors embedded in the gridded 595 

observations have been inherited by calibrated forecasts. This type of error could be large in 596 

regions where field observations are scarce, and only limited ground observations have been 597 

used to produce the gridded data. In these regions, such as the central parts of Australia, 598 

interpolation errors could be significant (Pelosi et al., 2020a; Yang et al., 2021a). As a result, 599 

calibration based on low-quality observations would have inevitably introduced uncertainties to 600 

calibrated forecasts. Existing calibration models often lack the capability of correcting errors 601 

resulting from data interpolation. Innovative calibration strategies, such as utilizing remotely 602 

sensed data (Pelosi et al., 2020b) or reanalysis data (Su et al., 2021), should be developed to 603 

address this critical challenge in future forecast calibrations at large spatial scales. 604 

5. Conclusions 605 

To improve the calibration of NWP-based ETo forecasts, we enhance the SCC model’s 606 

capability in building seasonality coherent with observed climatology in calibrated forecasts by 607 

calibrating ETo anomalies. The new calibration strategy allows for the characterization of ETo 608 
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temporal patterns at a finer temporal resolution (submonthly scale vs. monthly scale), and thus 609 

provides better representations of the strong annual cycle in ETo, than calibrating ETo forecasts 610 

directly. Evaluation of this new strategy across two spatial scales confirms its effectiveness and 611 

robustness in improving ETo forecast calibration, particularly at long lead times. This 612 

investigation highlights the importance of reconstructing seasonality in the calibration of NWP-613 

based ETo forecasts, and also provides an effective solution. 614 

Calibrated ETo forecasts generated in this study demonstrate skills better than climatology 615 

forecasts for all nine lead times. Extension of skillful forecasts to long lead times will enable 616 

forecast users to increase preparedness to better manage the hydroclimatic variability. The 617 

developed calibration strategy is expected to be applicable to other calibration models to enhance 618 

NWP-based ETo forecasting. We anticipate that this strategy could also be used to calibrate other 619 

weather variables showing strong seasonality.620 
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Figures  810 

 811 

 812 

 813 

 814 

Fig. 1. Seasonal averages of ETo observations during 4/1999-3/2019 (Summer: December to next 815 

February; Autumn: March to May; Winter: June to August; Spring: September to November).  816 
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 817 

 818 

Fig. 2. Bias in raw (three columns on the left) ETo forecasts and calibrated (three columns on the right) ETo forecasts (calibration 819 

based on ETo anomaly) in different seasons for 1-day, 5-day, and 9-day lead times. 820 
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 823 

 824 

Fig. 3. Reliability diagrams of calibrated ETo forecasts (calibration based on ETo anomaly) with thresholds of 4, 8, and 10 mm/day. 825 
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  829 

Fig. 4. Alpha index in calibrated ETo forecasts (calibration based on ETo anomaly).  830 

 831 

 832 

 833 

 834 

 835 



 
 

40 
 

 836 
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 838 

  839 

  Fig. 5. Correlation coefficient (r) between calibrated ETo forecasts (calibration based on ETo 840 

anomaly) and observations in different seasons.  841 
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 844 

  Fig. 6. Differences between the correlation coefficient (r) of calibrated forecasts (calibration 845 

based on ETo anomaly) and observations, and the r of the raw forecasts and ETo observations in 846 

different seasons. 847 
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 848 

  Fig. 7. Differences in the correlation coefficient (r) between calibrated ETo forecasts from the 849 

calibration based on ETo anomaly and observations, and the r of calibrated forecasts from the 850 

calibration working with ETo forecasts directly and observations. 851 
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  853 

Fig. 8. CRPS skill score in raw (three columns on the left) and calibrated (three columns on the right) ETo forecasts (calibration based 854 

on ETo anomaly) in different seasons. 855 
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 859 

  860 

   Fig. 9. Differences in CRPS skill scores of calibrated forecasts between the calibration based 861 

on anomaly, and the calibration calibrating ETo forecasts directly in different seasons. 862 
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Table S1. 21 Weather stations selected for ETo forecast calibration 881 

Name Site number latitude longitude ID 

MILDURA AIRPORT 76031 -34.24 142.09 1 

TENTERFIELD 56032 -29.0479 152.0172 2 

GILES METEOROLOGICAL OFFICE 13017 -25.0341 128.301 3 

MEEKATHARRA 7045 -26.6136 118.5372 4 

WARMUN 2032 -17.0154 128.2174 5 

VICTORIA RIVER DOWNS  14825 -16.403 131.0145 6 

JERVOIS 15602 -22.9494 136.1442 7 

PALMERVILLE 28004 -15.9999 144.0754 8 

BARCALDINE POST OFFICE 36007 -23.5544 145.2883 9 

OAKEY AERO  41359 -27.4034 151.7413 10 

WOOLBROOK (WOOLBROOK 

ROAD) 

55136 -30.9651 151.3505 11 

PATERSON (TOCAL AWS)  61250 -32.6296 151.5919 12 

BURRINJUCK DAM  73007 -34.9997 148.5984 13 

ARARAT PRISON  89085 -37.2769 142.9786 14 

WOOMERA AERODROME 16001 -31.1558 136.8054 15 

EUCLA 11003 -31.6797 128.8958 16 

NARROGIN 10614 -32.9342 117.1797 17 

WONGAN HILLS 8137 -30.8917 116.7186 18 

BUSHY PARK (BUSHY PARK 

ESTATES) 

95503 -42.7097 146.8983 19 

WANAARING POST OFFICE 48079 -29.7029 144.1484 20 

PORT HEDLAND AIRPORT 4032 -20.3725 118.6317 21 
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 884 

Fig. S1. Locations of 21 weather stations. 885 
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          887 

 888 

Fig. S2. Bias in raw (three panels on the left) and calibrated (three panels on the right) ETo forecasts. 889 
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 892 

  Fig. S3. Correlation coefficient (r) between calibrated ETo forecasts (calibration based on ETo anomaly) and ETo observations. 893 
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 894 

  Fig. S4. Differences in the correlation coefficient (r) between calibrated forecasts (calibration based on ETo anomaly) and 895 

observations, and r between the raw forecasts and observations. 896 
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 899 

  Fig. S5. Differences in the correlation coefficient (r) between calibrated forecasts (calibration based on ETo anomaly) and ETo 900 

observations vs. those from the calibration calibrating ETo forecasts directly. 901 
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                          902 

 903 

Fig. S6. CRPS skill score in raw (left three panels) and calibrated (right three panels) forecasts (calibration based on ETo anomaly) 904 

across Australia. 905 
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   907 

 908 

  Fig. S7. Differences in CRPS skill scores of calibrated forecasts between the calibration based on anomaly, and the calibration based 909 

on the original ETo forecasts. 910 
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 911 

Fig. S8. RMSE in raw (three panels on the left) and calibrated (three panels on the right) ETo forecasts (calibration based on ETo 912 

anomaly). 913 
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 915 

Fig. S9. Differences in RMSE between calibrated forecasts based on anomaly and those based on original ETo forecasts. 916 
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 920 

 921 

Fig. S10. Differences in correlation coefficients (r) between calibrated forecasts from the calibration based on ETo anomaly and 922 

observation, and those between calibrated forecasts from the calibration calibrating ETo forecasts and observations across 21 weather 923 

stations. 924 
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 927 
Fig. S11. Differences in CRPS skill scores of calibrated forecasts from the calibration based on ETo anomaly vs. calibrated forecasts 928 

from the calibration calibrating ETo forecasts directly across 21 weather stations. 929 
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 930 
Fig. S12. Differences in RMSE of calibrated forecasts from the calibration based on ETo anomaly vs. the calibration calibrating ETo 931 

forecasts directly across 21 weather stations. 932 

 933 


