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Abstract 

Skillful sub-seasonal forecasts are crucial for issuing early warnings of extreme weather events, 

such as heatwaves and floods. Operational sub-seasonal climate forecasts are often produced by 

global climate models not dissimilar to seasonal forecast models, which typically fail to reproduce 

observed temperature trends. In this study, we identify that the same issue exists in the sub-

seasonal forecasting system. Subsequently, we adapt a trend-aware forecast post-processing 

method, previously developed for seasonal forecasts, to calibrate and correct the trend in sub-

seasonal forecasts. We modify the method to embed 30-year climate trends into the calibrated 

forecasts even when the available hindcast period is shorter. The use of 30-year trends is to 

robustly represent long-term climate changes and overcome the problem that trends inferred from 

a shorter period may be subject to large sampling variability. Calibration is applied to 20-year 

ECMWF sub-seasonal forecasts and AWAP observations of Australia minimum and maximum 

temperatures with forecast horizons of up to 4 weeks. Relative to day-of-year climatology, raw 

week-1 forecasts reproduce temperature trends of the 20-year observations in many regions while 

raw week-4 forecasts do not exhibit the 20-year observed trends. After trend-aware post-

processing, the behaviour of forecast trends is related to raw forecast skill regarding accuracy. 

Calibrated week-1 forecasts show apparent trends consistent with the 20-year observations, as the 

calibration transfers forecast skill and embeds the 20-year observed trends into the forecasts when 

raw forecasts are inherently skillful. In contrast, calibrated week-4 forecasts exhibit the 30-year 

observed trends, as the calibration reverts the forecasts to the 30-year observed climatology with 

trends when raw forecasts have little skill. For both weeks, the trend-aware calibrated forecasts 

are more reliable, and as skillful as or more skillful than raw forecasts. The extended trend-aware 

method can be applied to deliver high-quality sub-seasonal forecasts and support decision-making 

in a changing climate.  



1 Introduction 

Sub-seasonal climate forecasts are attracting growing interest among climate-sensitive sectors 

because many decisions are made based on future climate conditions from two weeks up to a 

season ahead (Vitart and Robertson, 2019). Extreme and high-impact meteorological events, such 

as floods and heat waves, are foreseeable through skillful and reliable sub-seasonal climate 

forecasts, which are crucial for issuing proactive alerts to vulnerable communities (Merryfield et 

al., 2020). 

In recent years, global climate models (GCMs) have rapidly advanced to output sub-seasonal 

forecasts of a wide array of climate variables. Operational GCMs could be classified into two 

types. The first type of GCMs are specifically configured for sub-seasonal climate modelling, 

such as CFSv2 run by the National Centers for Environmental Prediction (NCEP) for sub-seasonal 

forecasting (Saha et al., 2014), and the extended-range forecasting system operated by the 

European Centre for Medium-Range Weather Forecasts (ECMWF, 2021). The second type of 

GCMs are essentially implemented for seasonal forecasting but are frequently initialised to 

produce multiple outputs in a calendar month, such as multi-week forecasting systems, POAMA 

multi-week (M2.4) system (Hudson et al., 2013; Marshall et al., 2014) and its successor ACCESS-

S1 (Hudson et al., 2017; Hudson et al., 2018), operated by the Australian Bureau of Meteorology. 

Even with different configurations, all these sub-seasonal forecasting systems aim to explicitly 

simulate physical processes, accurately predict large-scale teleconnection patterns, and eventually 

deliver high-quality sub-seasonal forecasts for practical applications. 

Despite recent enhancements, GCMs developed for both sub-seasonal and seasonal forecasting 

have been encountering some common technical challenges. For example, their model physics is 

only approximately represented, model components are not accurately initialised, and ensemble 

generation techniques do not fully account for the uncertainty in the initial conditions. These 

modelling issues result in model drifts and biases, over-confident ensemble spreads of the 

forecasts, and degraded forecast skill (Merryfield et al., 2020). As reported in literature, forecast 

skill horizon for climate variables typically limits to the first 2 weeks (Schepen et al., 2018; 

Scheuerer et al., 2020; Wang and Robertson, 2019). Another issue already identified for GCM 

seasonal forecasting systems is their inability to reproduce historical trend information (Huang et 

al., 2019; Krakauer, 2017; Shao et al., 2021a). Little attention has been paid to whether the same 

trend issue exists in GCM sub-seasonal forecasting systems. This study will seek to investigate 

this question. 



Given long-standing modelling issues, post-processing is crucial for overcoming these problems 

while yielding well-calibrated ensemble sub-seasonal climate forecasts. Many studies have 

formulated statistical post-processing methods for sub-seasonal forecasts with the overarching 

objective of improving skill and reliability at different spatiotemporal scales (Li et al., 2020; Peng 

et al., 2020; Schepen et al., 2018; Scheuerer et al., 2020; Vigaud et al., 2020; Zhao et al., 2019). 

These existing methods have greatly enhanced forecast performance, but they rarely aim to 

eliminate the trend discrepancy between model forecasts and observations. Incorporating the 

observed trend information into the post-processed sub-seasonal forecasts has the potential to 

make the resulting forecasts explicitly reflect the changing climate and more valuable to forecast 

users. 

Previous works proposed a robust trend-aware post-processing methodology for resolving the 

trend mismatch issue in seasonal climate forecasts (Shao et al., 2021a, 2021b). This method has 

been shown effective for embedding observed trend information into the forecasts while removing 

model biases and improving forecast skill and reliability. In this study, we extend the trend-aware 

methodology for the applications on sub-seasonal timescales. 

Careful consideration is required for formulating the calibration method to post-process sub-

seasonal climate forecasts. Many operational GCM sub-seasonal forecasting systems have 

relatively short re-forecast periods, say 20 years (Vitart et al., 2017). Apparent trends inferred 

from such limited periods are subject to large and unrealistic sampling errors (Hartmann et al., 

2013). Consequently, the fitted trends may be more representative of sampling variability rather 

than the underlying trends caused by climate change. Here, we address this challenge by detecting 

trends from longer observational records, say 30 years’ data, and introducing this long-term trend 

information into the post-processed forecasts. With the use of longer observation periods, the 

decadal and multi-decadal variability associated with the large-scale climate drivers, such as El 

Niño–Southern Oscillation and Madden–Julian oscillation, are considered when estimating the 

underlying changes in the chaotic nature. 

In this study, we aim to evaluate the capability of GCM sub-seasonal forecasts in capturing the 

observed trend and to adapt the trend-aware method to post-process sub-seasonal forecasts with 

long-term climate trend embedded. We evaluate and establish the calibration models for the 

weekly aggregated re-forecasts of daily minimum and maximum temperatures across the 

Australian continent produced by the ECMWF extended-range forecasting system. 

 



2 Study Data 

2.1 ECMWF sub-seasonal re-forecasts 

This study makes use of the retrospective forecasts (hereafter re-forecasts) from the ECMWF 

extended-range forecasting system. ECMWF re-forecasts are produced ‘on the fly’. That is, on 

every Monday and Thursday, a new set of 11-member ensemble re-forecasts are generated on the 

same starting day and month as real-time ensemble forecasts but cover the past 20 years with 

forecast length of up to 46 days. In this study, we focus on the ensemble re-forecasts associated 

with the real-time forecasts initialised between 2nd of January and 31st of December 2020. The 

corresponding sets of re-forecasts thus covered 2nd of January 2000 to 31st of December 2019, 

giving 2100 date sets (20 years × 105 initialisation dates) for evaluations. This ECMWF global 

ensemble system integrates atmosphere, ocean, sea ice and land components. The ocean model is 

NEMO (Nucleus for European Modelling of the Ocean) v3.4.1 with a 0.25° horizontal resolution 

while the interactive sea-ice model is LIM2 (the Louvain-la-Neuve Sea Ice Model). The land 

surface component is modelled using HTESSEL (Hydrology Tiled ECMWF Scheme of Surface 

Exchanges over Land). The horizontal resolution of the atmospheric model degrades from Tco639 

(about 16 km) to Tco319 (about 32 km) after first 15 days. Readers are referred to ECMWF (2021) 

for details on model configurations. In this study, re-forecasts of 6-hourly minimum (Tmin) and 

maximum (Tmax) temperatures were retrieved from the ECMWF MARS archive system and 

downloaded at a 0.4° resolution in consideration of computational efficiency, the storage size of 

the resulting files, and the identification of the grid cell coordinates.  

 

2.2 AWAP observations 

This study uses daily Tmin and Tmax observations from the AWAP (Australian Water 

Availability Project) dataset (Jones et al., 2009). The gridded AWAP data have the resolution of 

0.05°, and they are upscaled to match forecast resolution at 0.4° resolution using a bilinear 

interpolation method. We utilise the AWAP records covering a 30-year period 1990-2019, with 

the last 20 years overlapping the re-forecast period.  

 



3 Methods 

3.1 Alignment of daily forecasts and observations 

We determine daily Tmax and Tmin data from 6-hourly gridded temperature forecasts, and ensure 

the daily forecasts are properly aligned with daily observations. In Australia, Tmax and Tmin in 

the 24 hours are recorded at 9 am local time. On the recording day, Tmax is recorded against the 

previous day, while Tmin is archived against the recording day. ECMWF forecasts are initialised 

at midnight UTC, and Australia uses multiple time zones, so the forecasts are not exactly 

synchronised with the AWAP data. 

Take the forecasts initialised at midnight UTC on the 3rd of February and western Australia as an 

example for data alignment. Tmax/Tmin forecasts retrieved at 06 UTC on the 3rd represent the 

highest/lowest temperature value from 8 am to 2 pm Australian Western Standard Time. In this 

case, Tmax/Tmin forecast for day 1 is determined by getting the maximum/minimum value of the 

four forecast steps, 06, 12, 18 UTC on the 3rd and 00 UTC on the 4th from Tmax/Tmin 6-hourly 

forecasts. In other word, the forecast for day 1 is searched from 8 am 3rd to 8 am 4th for western 

Australia, while the period for eastern Australia is 10 am 3rd to 10 am 4th local time. Subsequently, 

Tmax forecast for day 1 is paired with the observation on the 3rd of February, and Tmin forecast 

for day 1 is paired with the observation on the 4th of February. In this regard, daily forecasts and 

daily AWAP observations are aligned with the time discrepancy of approximately 1 h across 

Australia.  

 

3.2 Strategy for model fitting and forecasting 

In this study, we establish the calibration models for weekly averages of daily Tmax and Tmin. 

We pool weekly averaged data for all initialisation dates within each of February, May, August, 

and November, which are taken as the representative calendar months for the four seasons. With 

this configuration, some initialisation dates are weeks apart, so that the climatology of both 

forecasts and observations is likely to change over this period. To remove the seasonality in 

pooled data, we derive anomalies of daily forecasts and observations relative to the climatology 

and then aggregate daily anomalies of forecasts and paired observations to weekly averaged 

anomalies with forecast horizons of up to 4 weeks. Forecasts with 1-week forecast horizon, or 

termed week-1 forecasts, are defined as the average of the daily forecasts from day 1 to day 7, 

while week-4 forecasts are the average of the daily forecasts from day 22 to day 28. 



We follow the method of Narapusetty et al. (2009) to calculate the observed 30-year 

climatological means based on daily temperature observations. For raw forecasts, we estimate the 

20-year climatological means for the forecast of each day, from day 1 to day 28, separately based 

on pooled daily raw re-forecast means from all the initialisation dates during 2000-2019 (i.e., 105 

dates × 20 re-forecast years to construct time series). Then the climatological means are subtracted 

from the original values to derive daily anomalies. The climatological mean on a daily scale is 

formulated as, 

 [ ]cm 0
1

( ) cos( ) sin( )
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h h h h
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y t a a t b tω ω
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= + +∑  (1) 

where cm ( )y t  is the daily climatological mean, H  is the number of annual harmonics, using the 

default value 4H =  as recommended by Narapusetty et al. (2009), parameters 0a , ha , and hb  

are determined by minimising the mean square difference between cm ( )y t  and original data, 

2 /h h Pω π= , and P  is the period. We use 365.25P =  for both observations and forecasts to 

account for the leap year in the evaluation period. Note that for each lead day, pooled daily raw 

forecasts only have 105 data points per year and the remaining dates are regarded as missing. 

When the climatological mean is calculated, daily raw forecasts need to be aligned with the 

correct dates while other missing dates are omitted in Eq. (1) because the method does not require 

t  to be evenly spaced or to periodically occur during the same phase of the period (Narapusetty 

et al., 2009). 

By pooling the anomalies for multiple dates, we assume that weekly data from one initialisation 

date to the next is conditionally independent. Calibration models are established for each lead 

time, each target month, and each grid cell over Australia under the leave-one-year-out cross 

validation setup. That is, we set aside pairs of data points in each of the 20 re-forecast years, train 

the remaining data points to fit one calibration model, and use the corresponding fitted model to 

validate all the omitted data points. After repeating the cross validation runs for 20 times, all the 

raw re-forecasts are calibrated. In one cross validation run, we intend to estimate trend parameters 

from a longer past observation period to ensure the climate trends embedded into the calibrated 

forecasts more realistically represent the long-term climate change. We fit the calibration model 

by pairing 19-year anomalies of raw ensemble re-forecast means with 29-year observation 

anomalies. Observed data are overlapped with forecast data over the 19-year re-forecast period 

while there are no synchronised forecast data with the first 10-year observed data. In this 10-year 

period, all the forecast data are treated as having missing values in the model fitting and will be 

handled by the calibration method described in Section 3.3.  



As an example, consider calibration of week-1 forecast anomalies initialised in February in one 

cross validation run. To post-process week-1 re-forecast anomalies from 8 initialisation dates, 

including the 3rd, 6th, 10th, 13th, 17th, 20th, 24th, and 27th of February 2020, we train the calibration 

model using the first week raw re-forecast anomalies issued from all February initialisation dates 

over the period from 2001 to 2019, and corresponding observation anomalies falling between 

1991 and 2019. In this regard, the sequence of training pairs is composed of 152 data points of 

raw forecast anomalies (19 years × 8 initialisation dates) and 232 data points of observation 

anomalies (29 years × 8 initialisation dates) in one cross validation run. 

 

3.3 Trend-aware forecast calibration 

In this study, we adapt the trend-aware forecast calibration method to post-process weekly 

averaged sub-seasonal forecasts of temperature variables. The trend-aware model was initially 

extended from the Bayesian joint probability (BJP) modelling approach (Wang and Robertson, 

2011; Wang et al., 2009; Wang et al., 2019) that was demonstrated an effective tool for generating 

skillful and reliable seasonal forecasts of temperature, precipitation, and streamflow. However, 

the BJP algorithm is not by design capable of resolving the trend mismatch issue in calibrated 

forecasts (Shao et al., 2021a) because this method does not incorporate trend components to 

correct trends in the calibrated forecasts. To overcome this limitation, additional trend parameters 

are expressly introduced in the trend-aware method. 

Here, the trend-aware method formulates the relationship between a predictor 1y  (raw forecast 

mean anomaly) and a predictand variable 2y  (observation anomaly). To fulfill the working 

assumption that the marginal distributions of 1y  and 2y  are normal, we utilise a single-parameter 

Yeo-Johnson transformation method to normalise temperature variables that are potentially non-

normal. In this regard, 1y  and 2y  are transformed to '
1y  and '

2y  separately, 
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where λ  is the transformation parameter optimised for 1y  and 2y  separately using maximum a 

posteriori (MAP) estimation method (Schepen et al., 2016). 



After transformation, we linearly detrend transformed variables ' , 1, 2iy i =  to iz , where the 

individual anomaly ( ), 1, 2,....,iz t t T=  from the trendline of '
iy  is calculated as, 

 '( ) ( ) ( ( ) ( ))i i i mz t y t Y t Y tα= − −  (3) 

where t  is a forecast event, mt  is roughly the middle event of the training period, iα  is a trend 

parameter, T  is the total number of events in the training period, Y  is a sequence of T  time 

points corresponding to the event time of each individual forecast. In this study, time steps in Y  

are unevenly spaced. 

Then detrended transformed predictor 1z  and detrended transformed predictand 2z  are modelled 

as a continuous bivariate normal distribution, with the form of, 

 ( )1

2

~  N ,z μ Σ
z
z
 

=  
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 (4) 

where μ  and Σ  are mean vector and covariance matrix, respectively. The collection of the model 

parameters to be inferred is denoted as { }1 2,, ,μ Σθ α α= . 

Before inferring model parameters, we need to determine their prior distributions. Non-

informative multivariate Jeffreys priors (Gelman et al., 2014) are employed for μ  and Σ . In this 

study, we apply informative normal distribution priors for trend parameters , 1, 2i iα = , with the 

resulting trend-aware model named BJP-ti (Shao et al., 2021b). This type of prior distributions 

are centered at zero and have an empirically estimated variance, formulated as, 

 2( ) (0, )i ip N mα ∝  (5) 

We set im  as ''
i i im mδ= × , where iδ  is the MAP estimate of the standard deviation of '

iy  

obtained from the variable transformation step. We follow the prior specification scheme 

elaborated in Shao et al. (2021c) to estimate ''
im  using spatial and temporal neighbourhood 

information on a cell-by-cell basis. First, for each cell in Australia, for each of 4 lead times, for 

each of 12 months, for observation anomalies and for raw forecast anomalies separately, we run 

the BJP-t model (Shao et al., 2021a, 2021b), known as a member of the trend-aware method with 

non-informative uniform priors for trend parameters, and record the median value of sampled 

trend parameters iα  in the parameter inference without cross validation. The recorded median 

value denotes the trend of '
iy , and is then divided by iδ . The value of trend/ iδ  is archived for 



each grid cell. To determine ''
im  for individual cases, we select all the values from the cells within 

a 7-cell by 7-cell region centered at the case, and from the cells in consecutive 3 months (last, this 

and next month). After pooling the values from all 147 cells together, the value of ''
im  is 

calculated as the 75th percentile of the absolute trend/ iδ  values. This local searching approach 

accounts for the distinctness of the temperature regions across Australia and across different 

months, which is more robust than the strategy of fixing the prior parameter for all evaluation 

months and all grid cells over Australia as introduced in Shao et al. (2021b). 

After specifying all the prior distributions for model parameters, we infer the parameter sets θ  

and missing values from a sequence of training data pairs ( ){ }' '
1 2( ), ( ) , 1, 2, ,y t y t t T= =D  . 

The Gibbs sampling method is employed to iteratively sample model parameters and missing 

variables in turn. The parameters sets θ  are sampled from the corresponding conditional posterior 

distributions deduced from the overall posterior distribution, written as, 

 ( | ) ( ) ( | )θ D θ D θp p p∝  (6) 

where ( )θp  is the prior distribution for model parameters, and ( | )D θp  is the likelihood 

function. The conditional posterior distributions for different subsets of model parameters are 

elaborated in Shao et al. (2021a) and Shao et al. (2021b). 

The values of missing variables are sampled from the conditional distribution, 

 ,[ ( ) | ] N( ( ), )i i i iz t tµ∗ ∗⋅ = Σ , (7) 

where 
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( )i  is the index in { }1, 2  that is not i ; 1σ , 2σ  and ρ  are the parameters that constitute Σ ; ( )iµ  

is the parameter that constitutes μ . 

When all the parameter sets θ

θ , we sample a trend-embedded calibrated forecast '
2 ( )y t∗

'
1( )y t∗ . That is, we set the predictand as having a missing value and formulate a 

Gibbs sampler to sample a new calibrated forecast value 2 ( )z t∗  based on the conditional 



distribution of the predictand given the predictor *
1( )z t  as formulated in Eq. (7) – (9), and re-

trend it to '
2 ( )y t∗ .  

Before sampling 2 ( )z t∗ , we use a pragmatic approach to adjust extremely large or small *
1( )z t  

temperature values that occur in prediction. In this study, we specify the extreme threshold as 

0.001 and 0.999 in the non-exceedance probability following the marginal distribution of 1z  

(Wang et al., 2019). A collection of calibrated forecast values '
2 ( )y t∗  are back-transformed to the 

original space 2 ( )y t∗  to represent forecast uncertainty. Detailed descriptions and implementation 

of the trend-aware forecast calibration method are provided in Shao et al. (2021a) and Shao et al. 

(2021b). 

 

3.4 Forecast verification 

The cross-validated BJP-ti calibrated ensemble forecast anomalies are verified against raw and 

BJP calibrated ensemble forecast anomalies with respect to the ability to capture the historical 

trends, the forecast skill and reliability during the re-forecast period of 2000-2019. All the metrics 

are calculated for pooled temperature forecast anomalies and observation anomalies from all 

forecast initialisation dates in one target month for each grid cell and each lead time separately. 

For brevity, we refer to forecast anomalies as forecasts, and observation anomalies as observations 

hereafter. 

For trend analysis, we adopt the linear regression method to estimate decadal temporal trends 

(Hartmann et al., 2013) in observations, raw forecast means, BJP and BJP-ti calibrated forecast 

means. Note that the events in the evaluation period are not evenly spaced in this study, so that 

the event time needs to vary accordingly. The statistical significance of the trend is checked by 

the two-tailed t-test at 1% and 5% significance level, and the multiple testing problem is 

considered here. We follow Wilks (2016) to control the false discovery rate (FDR) at level 

FDR 0.02 and 0.1α = , assuming strong spatial correlation in the gridded data with 

FDR global2α α= . 

To measure forecast skill, we compute the continuous ranked probability score (CRPS) (Hersbach, 

2000; Matheson and Winkler, 1976) that characterizes the difference between ensemble forecasts 

and observations. For each cell, the averaged CRPS value of the forecasts with events 

1, 2,...,t n=  is calculated as, 
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where n  is the total number of historical events in the analysis period, ( , )F t y  is the cumulative 

distribution function (CDF) of the ensemble forecasts of variable y  at event t , ( )oy t  is the 

observed value and H  is the Heaviside step function that is equal to 0 if ( )oy y t<  and equal to 

1 otherwise. Then we compare the averaged CRPS value of the model forecasts against the 

averaged CRPS value of the reference forecasts to obtain the continuous ranked probability skill 

score (CRPSS) for each cell. The reference forecasts are leave-one-year-out cross-validated 

climatology ensemble forecasts produced using the BJP model, based on the marginal distribution 

of the predictand, which is observation anomaly in this work (Wang et al., 2019). The CRPSS is 

given as,  

                                              ( )ref

ref

CRPS CR %PSCRPSS
CRPS

−
= ×100  (11) 

A skill score of 100% means that the forecasts perfectly match observations. A skill score closer 

to zero implies that the forecasts are as accurate as the reference forecasts. A negative skill score 

suggests that the forecasts perform poorer than the reference forecasts. 

To check forecast reliability, for each cell, we firstly compute the probability integral transforms 

(PITs) (Wang et al., 2009) for observations, and then calculate the PIT score that quantifies the 

deviation of the PIT values from the theoretical standard uniform values (Renard et al., 2010). In 

a perfectly reliable forecasting system, the collection of PIT values follows a standard uniform 

distribution, where the likelihood of the event is accurately estimated. The PIT value ( )tπ  for an 

observational event ( )oy t  and the corresponding forecast CDF ( , )F t y  is defined as, 

 ( ) ( , ( ))ot F t y tπ =  (12) 

The PIT score has the form, 
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where ( )kπ  is the thk  ranked PIT value ( )tπ  and 
1

k
n +

 is the thk  theoretical ( )kπ  value. The 

greater PIT score indicates more reliable ensemble forecasts. In this study, for each lead time, we 

choose to pool the PIT scores for all grid cells, and for all initialisation dates in four months 

together to summarise the forecast performance with non-exceedance plots.  



 

4 Result 

4.1 Trends in observation and model forecasts 

In this section, we examine the spatial and temporal patterns of the linear decadal trends in 

observations and model forecasts. Here, we mainly present the results for week-1 and week-4 

forecasts as the key findings from all-lead-time evaluations can be summarised by exploring these 

results. The geographic trend patterns of week-1 Tmin and Tmax variables are presented in Figure 

1 and Figure 2, while the week-4 trends are presented in Figure 3 and Figure 4 respectively. The 

trend maps for week-2 and week-3 variables are shown in the Supporting Information (Figure S1-

S4).  

 

4.1.1 Week-1 observed and forecast trends 

For the period 2000-2019, both warming and cooling trends are apparent for week-1 Tmin in four 

months (first column in Figure 1). Strong warming trends at the rate of larger than 1.2 °C per 

decade are also statistically significant at 5% level (Figure S5) in some regions, such as part of 

northern Australia for May and western Australia for August. As such, discernible cooling trends 

dominate some portions of eastern Australia for August and southern Australia for November. 

For comparison, observed trends across the 30-year period (1990-2019; the second column in 

Figure 1) generally exhibit different spatial patterns of directions, magnitudes, and statistical 

significance (Figure S6). For example, there are weak cooling trends shown in parts of eastern 

Australia for May over 1990-2019, which are largely reverted to warming trends over 2000-2019. 

This finding indicates the trends in observed records are highly sensitive to the evaluation periods. 

For Tmax, more warming other than cooling trends are seen in four evaluation months during the 

20-year and 30-year observed periods (first and second column in Figure 2), with many of the 

increasing trends statistically significant at 5% level (Figure S7 and Figure S8). Similar to the 

findings for Tmin, the geographic trend patterns shown in two analysis periods are distinctly 

different, where the 30-year climate trends are relatively weaker than the apparent trends of the 

20-year observations. As an example, in February, extremely strong and statistically significant 

decadal observed trends (larger than 1.5 °C per decade and significant at 1% level) are observed 

across western half of the country during 2000-2019, while the longer 30-year trends shown in 

the same region are mostly lower than 0.6 °C per decade and are widely not significant at 1% 



level (Figure S8). This is possibly because sampling variability rather than true climate trends 

dominate the changes in a short-term period, so that the fitted trend slopes are exceptionally steep. 

Consistent trends in raw and BJP calibrated week-1 forecasts (third and fourth columns in Figure 

1 and Figure 2) are found across all months for both Tmin and Tmax. These forecast trends widely 

match the 20-year observations in terms of the trend directions. However, the trend slopes of the 

model forecasts do not match the apparent 20-year observed trends in some regions, such as part 

of western Australia for both variables in November. 

Interestingly, although the BJP-ti model is constructed to introduce a 30-year observed trend into 

the calibrated forecasts, the actual forecast trend during the 20-year re-forecast period appears to 

be roughly aligned with the 20-year observations in all months (fifth columns in Figure 1 and 

Figure 2). For example, BJP-ti calibrated forecasts reproduce strong observed warming trends 

apparent in northern Australia for Tmin in May, and in west-central Australia for Tmax in 

February over 2000-2019.  

To unveil how the trend-aware method works in this study, for a selected cell, we plot the BJP-ti 

calibrated week-1 and week-4 Tmax forecast quantiles and observations, along with trendlines of 

ensemble forecast means and observations over the calibration period of 1990-2019 (Figure 5). 

The cell is in western Australia (117.2°E, 26°S), and has distinct trend behaviours for the 20-year 

and 30-year observation period. The BJP-ti calibrated forecasts are produced using a leave-one-

year-out cross validation setup during the entire 30-year period. Since raw forecasts are only 

available over 2000-2019, in the model prediction, the predictor values are treated as missing 

before 2000 and are sampled along with the predictand. The resulting calibrated forecasts are 

essentially the climatology with 30-year observed trends in the first 10 years. In week-1 (top plot 

of Figure 5), the trendline of the calibrated forecasts over 1990-2019 is roughly consistent with 

the trendline of the 30-year observations, indicating that the BJP-ti calibration is effective at 

embedding the observed trend of the entire calibration period into the forecasts. For the 20-year 

re-forecast period, the trendline of the calibrated forecasts is more aligned with the 20-year 

observations. Furthermore, the interannual variability of the observations is properly captured by 

the calibrated ensemble forecasts. This may be associated with the good agreement between raw 

forecasts and observations, reflected by the high skill score of the raw Tmax forecasts as shown 

in Figure 6 in Section 4.2.1. Mathematically, when raw forecasts are highly skillful, the BJP-ti 

model is formulated to transfer raw forecast skill into the calibrated forecasts while embedding 

the observed trend of the re-forecast period into the forecasts.  

 



4.1.2 Week-4 observed and forecast trends 

Week-4 observations also exhibit warming and cooling trends, but the trend behaviors are distinct 

from the week-1 observed trends over two evaluation periods (first and second column in Figure 

3 and Figure 4) as the observations corresponding to the week-1 and week-4 forecasts are three 

weeks apart. For Tmin, apparent warming trends are strong and statistically significant warming 

at 1% level in west-central Australia for February and May while significantly strong, cooling 

trends are widespread in central Australia for August over 2000-2019 (Figure S5). For comparison, 

in west-central Australia, the 30-year observations exhibit weak warming trends for February and 

weak cooling trends for May and August. Focusing on Tmax trends, over 2000-2019, prominent 

cooling and regionally significant 20-year trends at 5% level are apparent in central Australia for 

August (Figure S7). Warming apparent trends of the 20-year observations dominate most of other 

regions across all evaluation months, with strong trends at the rate higher than 1.2 °C per decade 

seen in parts of northern and central Australia for February, May, and November. In contrast, the 

30-year observations show weaker trends at the rate of between -0.3 °C and 0.6 °C per decade in 

all months.  

Compared to week-1 forecasts, trends in both raw and BJP calibrated forecasts (third and fourth 

column in Figure 3 and Figure 4) do not exhibit much spatial variability, and the trends are 

predominately increasing in most regions. Furthermore, these forecast trends generally under-

estimate the apparent trends of the 20-year observations or misrepresent trend directions. After 

BJP-ti post-processing, the calibrated forecasts show the trend patterns consistent with the 30-

year observations for both Tmin and Tmax across all evaluation months over 1990-2019 (fifth 

column in Figure 3 and Figure 4). The possible reason can again be explained using the case 

example shown in Figure 5 (bottom). Here, trendlines of the BJP-ti calibrated week-4 forecasts 

for both 20-year and 30-year periods follow the 30-year observations, possibly because raw 

forecasts are not in good correspondence with the observations, indicated by low skill score (see 

Figure 7). In this respect, the trend-aware BJP-ti model is formulated to revert the calibrated 

forecasts to the climatology-like forecasts that have 30-year observed trends embedded for the re-

forecast period, which is considered more representative of the underlying trend than what is 

shown in the 20-year observations. Note that in this case, the CRPSS of raw week-4 forecasts is 

approximately 3.9%, indicating that raw forecasts are not entirely unskillful. Subsequently, minor 

forecast skill is transferred into the BJP-ti calibrated forecasts, which show greater interannual 

variability than the climatology forecasts over 2000-2019 but have lower variability than BJP-ti 

calibrated week-1 forecasts. 

 



4.2 Skill scores for model forecasts 

The CRPSS results of week-1 and week-4 raw forecasts, BJP-ti calibrated forecasts, and score 

difference of BJP-ti and BJP calibrated forecasts are presented in Figure 6 and Figure 7. The skill 

scores are calculated and evaluated over the re-forecast period of 2000-2019. The score difference 

is explored to show how the skill of the calibrated forecasts changes by embedding observed 

trends. Results in the first panel are for Tmin forecasts while results in the second panel are for 

Tmax forecasts. Skill scores for week-2 and week-3 forecasts are shown in the Supporting 

Information (Figure S9 and Figure S10). In addition, we apply a bootstrap method (Schepen et 

al., 2016; Shao et al., 2021a) to check whether the BJP-ti calibration significantly improves or 

worsens the CRPSS compared to BJP at 5% significance level for all lead times. Results of the 

score significance are also presented in the Supporting Information (Figure S11 and Figure S12). 

 

4.2.1 Skill of week-1 forecasts 

Raw week-1 forecasts (first column of both panels in Figure 6) generally have positive skill over 

a large portion for both Tmin and Tmax. Furthermore, Tmax forecasts appear to be more skillful 

than Tmin forecasts, whose skill scores are above 60% in most regions. The high skill could be 

explained by the removal of seasonal variation, so that systematic biases in raw forecasts are 

largely rectified. Elsewhere, raw forecasts still have some pockets of negative skill, particularly 

in northern Australia in February for Tmin, where the skill score is below -20%. Post-processing 

is thereby necessary to enhance forecast skill. 

With BJP-ti calibration (second column of both panels in Figure 6), negative skill pockets are 

mostly removed. Regions with skillful raw forecasts are generally retained, and skill gains are 

also evident in some regions. Overall, the skill score of calibrated forecasts is positive across 

Australia. For Tmin, very high skill scores (value larger than 60%) dominate parts of southern 

Australia for February and November, northern and eastern Australia for May, and some clusters 

for August. For Tmax, highly skillful forecasts are prevailing. Relatively lower forecast skill, 

ranging between 10% and 40%, is shown in a few areas, particularly in parts of northern Australia 

for November. 

Compared to the BJP calibrated forecasts (third column of both panels in Figure 6), the skill 

improvement by the BJP-ti calibration takes place in the regions where the trends in BJP 

calibrated forecasts do not match the 20-year observations (Figure 1 and Figure 2). For example, 

statistically significant skill gains higher than 10% are seen along the coastal areas in the east for 

Tmin in November (Figure S11). In these regions, slightly decreasing trends are found in the 20-



year observations while increasing trends are apparent in both raw and BJP calibrated forecasts. 

As an additional example, for Tmax, moderate and insignificant skill increases (at approximately 

5%) dominate many areas of western Australia in November where the magnitude of the apparent 

trends in the 20-year observations is underestimated in the BJP calibrated forecasts (Figure 2 and 

Figure S12). 

The BJP-ti calibration leads to slight and not statistically significant skill declines (i.e., score 

difference smaller than 5%) relative to BJP (Figure S11 and Figure S12), particularly in the 

regions where trends in the BJP calibrated forecasts are highly consistent with the 20-year 

observations (Figure 1 and Figure 2). Examples are parts of northern Australia for Tmin and 

central Australia for Tmax, both in May. 

 

4.2.2 Skill of week-4 forecasts 

For both Tmin and Tmax, skill scores of raw week-4 forecasts (first column of both panels in 

Figure 7) are widely below 15% for all evaluation months, except for northern Australia in 

February for Tmax. Furthermore, negative scores dominate most of the regions in some months, 

such as August for both variables. Spatially, Tmax forecasts tend to be more skillful than Tmin. 

Again, using the BJP-ti model reverts most negatively skilled raw forecasts to climatology-like 

(skill scores ranging between -5% and 5%) or skillful ensemble forecasts (second column of both 

panels in Figure 7). The positive skill of the raw forecasts is also mostly retained after BJP-ti 

calibration. However, in some regions, forecast skill could not be further improved, such as in 

parts of north-western Australia in February for Tmax. 

With the BJP-ti calibration, the skill improvement relative to the BJP calibrated forecasts 

dominates the regions where the trends of the 30-year observations are more consistent with the 

20-year observations than the trends in the BJP calibrated forecasts (third column of both panels 

in Figure 7). For example, statistically significant skill score increases (Figure S11 and S12) are 

evident in some clusters of western Australia in November for both Tmin and Tmax. Despite in 

different magnitude, in these regions, the observed trends over the 20-year and 30-year evaluation 

periods are both increasing at the rate higher than 0.3 °C per decade. However, there are almost 

no trends in BJP calibrated forecasts, with trend slopes close to zero. 

Skill declines by embedding the 30-year observed trends when the trends in the BJP calibrated 

forecasts are already aligned with the 20-year observations, and when the trends of the 30-year 

observations do not match the 20-year observations. Particularly, the BJP-ti calibration leads to 



skill loss larger than 5% in the regions where the trend discrepancy between the 30-year 

observations and the 20-year observations is much larger than that between the BJP calibrated 

forecasts and the 20-year observations. Examples are central Australia for Tmin and parts of 

northern Australia for Tmax, both in May. In these cases, the BJP-ti calibrated forecasts exhibit 

trends that are more consistent with the 30-year observations. Although skill loss is evident in 

these cases, the resulting trend-aware forecasts are more representative of the long-term changes 

in the climate system and are expected to boost user confidence in deploying the forecasts under 

the climate change condition. 

 

4.2.3 Overall skill of forecasts 

Results of the averaged CRPSS of the raw forecasts, BJP-ti calibrated forecasts and averaged 

score difference between BJP-ti and BJP calibrated forecasts over four evaluation months with 1-

4 weeks forecast horizon are shown in Figure 8. As with the score maps shown in Figure 6 and 

Figure 7, for both Tmin and Tmax, raw week-1 forecasts are highly skillful (scores larger than 

40%) across most of the continent. Relatively high skill score (over 20%) areas are widespread 

for raw week-2 forecasts. Beyond week-2, the skill score drops to below 10% in a large portion 

of the continent, with more regions showing negative scores for week-4. For all lead times, the 

skill of Tmax raw forecasts is generally higher than that of Tmin forecasts. 

Using the BJP-ti calibration is effective at improving forecast skill compared to raw forecasts 

(second column in both panels of Figure 8). In most regions, the BJP-ti calibrated forecasts are 

equally skillful as or more skillful than the raw forecasts. However, week-3 and week-4 BJP-ti 

calibrated forecasts still have widespread low skill (less than 10%), notably for Tmin. Overall, 

the BJP-ti calibrated forecasts appear to be as comparably skillful as the BJP calibrated forecasts, 

indicated by minor skill difference (less than 5%) across most parts of the continent. 

 

4.3 Reliability 

Here, we compare the reliability of raw, BJP calibrated, and BJP-ti calibrated forecasts with 

respect to pooled PIT scores from all evaluation months for Tmin and Tmax and for each of the 

lead times (Figure 9). Post-processing by both BJP and BJP-ti models leads to much more reliable 

forecasts than raw forecasts. Furthermore, the BJP-ti calibrated forecasts are generally more 

reliable than the BJP calibrated forecasts, except for week-1 Tmax. At this lead time, the BJP-ti 

and BJP calibrated forecasts are comparably reliable, possibly because the BJP calibrated 



forecasts are already highly reliable in ensemble spread, and the reliability could not be further 

improved by BJP-ti post-processing. 

 

5 Discussion 

In this study, the trend-aware BJP-ti model is formulated to introduce the 30-year historical trend 

into the 20-year calibrated forecasts. In fact, as shown in Figure 1-4, the trend-aware calibrated 

forecasts do not necessarily exhibit the trend of the 30-year observations. The trend behaviour of 

the trend-aware calibrated forecasts is closely related to raw forecast skill. When raw forecasts 

are skillful, trends in trend-aware calibrated forecasts are roughly aligned with the 20-year 

observations. When raw forecasts have little skill, forecast trends after trend-aware calibration 

broadly follow the 30-year observations. As a result, trends shown in trend-aware calibrated 

forecasts are a mixture of the 20-year and 30-year observed trends. Compared to the BJP model, 

forecast skill is enhanced by using the trend-aware calibration in the regions where the trends in 

the trend-aware calibrated forecasts are in a better agreement with the trends of the 20-year 

observations than the BJP calibrated forecasts. In contrast, skill declines by embedding the 30-

year observed trends are evident when the trends in the trend-aware calibrated forecasts are less 

consistent with the 20-year observations than the BJP calibrated forecasts. Compared to raw 

forecasts, the trend-aware calibration largely retains the positive skill regions while reverting raw 

forecasts to climatology-like forecasts in the negative skill regions. When raw forecasts are 

already highly skillful, the trend-aware calibration may not further improve the forecast skill. 

Since the trends fitted for the 20-year observations may show more random sampling variability 

than underlying changes in the past climate, in this study, we estimate trends from a longer 30-

year period, which are likely to indicate the decadal changes in temperatures more realistically. 

The 30-year observations rather than a longer observed period is harnessed here because we seek 

to align the trend estimation with the number of years used to define the climate normal, which is 

conventionally calculated as the average value of a 30-year period (World Meteorological 

Organization, 2017). After trend-aware calibration, the evaluation of the CRPSS shows that the 

resulting forecasts are generally no worse than climatology forecasts with the 30-year climate 

trends. The long-term climate change is composed of both internal and external changes in the 

climate system, and trends detected from over 30 years of observations may be valuable for 

characterising climate change signals. Future work will investigate the merit of utilising 

prolonged observation periods in increasing the forecast value. 



We set up calibration models for each lead time, each grid cell, and for pooled weekly anomaly 

data from all initialisation dates in a calendar month. The pooling is a more robust choice than the 

strategy of fitting the calibration model for the data from each of the initialisation date. This is 

because the model parameters may be poorly estimated when there are only 19 raw forecast points 

from a single date available for model training in one cross-validated run. For comparison, the 

pooling strategy increases the length of the training data for model fitting to stabilise the inference 

of the model parameters. Alternative calibration schemes are also feasible, such as establishing 

the models for pooled data from all initialisation dates spanning a season (van Straaten et al., 2020) 

or more than a season (Scheuerer et al., 2020). The results from different pooling schemes may 

not substantially differ for temperature applications. We note that in these pooling calibration 

schemes, even after the removal of the seasonality, the variance of derived anomalies may still 

differ among pooled initialisation dates. Therefore, new inference methods for standardising 

pooled data should be investigated in the future research. In addition to weekly aggregated data, 

it is also possible to extend the trend-aware model to handle daily temperature outputs from 

different GCMs. To do this, future work needs to conceive new strategies on building the daily 

post-processor that considers computational efficiency and data availability. 

Shao et al. (2021c) extended and applied the trend-aware model to post-process seasonal 

precipitation forecasts. Technically, the method developed for seasonal precipitations is also 

applicable for handling sub-seasonal precipitation forecasts as the original BJP model was 

employed to effectively post-process sub-seasonal to seasonal forecasts of rainfall (Li et al., 2020; 

Schepen et al., 2018). Since the calibration models are established for daily or weekly aggregated 

data, there may be insufficient non-zero values in the model inference, leading to poor estimations 

of model parameters, and further unrealistically large uncertainty in calibrated forecasts. In future 

work, an effective calibration strategy or an algorithm improvement plan will be required to 

robustly train the post-processing model and make the final inference more stable and efficient. 

The skill of sub-seasonal climate forecasts is dominated by drivers of climate variability other 

than historical trends. Madden–Julian oscillation (MJO), for example, is a recognised global 

source of sub-seasonal predictability, and many sub-seasonal forecast models are skillful at 

predicting the MJO between 2 and 4 weeks forecast horizon (Vitart, 2017). It is likely that the 

skill of sub-seasonal climate forecasts can be enhanced by making use of the large-scale climate 

features in statistical forecast post-processing (Specq and Batté, 2020), particularly in the regions 

where modelled teleconnection patterns are poorly represented (Merryfield et al., 2020). Future 

avenues will seek to predict the climate variables using relevant teleconnection patterns as the 

predictor when establishing the post-processing model to improve forecast performance. 



The trend-aware forecast post-processing method has the potential to be efficiently applied for 

operational use. In this research, the trend-aware BJP-ti model is coded up in C++ and the 

compiled C++ packages are called in Python for parameter inference and prediction use. For one 

cell, it takes less than a minute to generate the calibrated ensemble forecasts for pooled 

initialisation dates at one lead time under the cross-validation setup. In addition, with the use of 

parallel computing, forecast community and decision makers are expected to obtain calibrated 

real-time forecasts in a timely manner. 

 

6 Conclusion 

Sub-seasonal forecasts produced from global climate models (GCMs) could have far-reaching 

impacts on environmental, social, and economic sectors, as they may provide decision makers 

with valuable information for advance planning. Little attention has been paid to whether the 

GCM sub-seasonal forecasting system captures the observed climate trends. In this study, we 

firstly aim to examine the trends in raw ECMWF sub-seasonal temperature forecasts. Then we 

extend a trend-aware statistical calibration model, BJP-ti, to correct the trend in sub-seasonal 

forecasts. We build up a new calibration scheme to introduce a 30-year historical climate trend 

into the forecasts that have a much shorter 20-year re-forecast period available. Relative to day-

of-year climatology, the trend-aware calibrated forecasts are compared with raw forecasts and the 

forecasts calibrated by the Bayesian joint probability (BJP) modelling approach. 

We show that raw and BJP calibrated week-1 forecasts properly reproduce the apparent trend 

patterns of the 20-year observations in many regions, while trends in raw and BJP calibrated 

week-4 forecasts do not match the 20-year observations. After trend-aware post-processing, 

calibrated forecasts exhibit mixed trends of the 20-year and 30-year observations. When raw 

forecasts are inherently skillful, notably for week-1, trends in trend-aware calibrated forecasts are 

aligned with the 20-year observations. On the other hand, when raw forecasts have little skill, 

such as for week-4, trends in the trend-aware calibrated forecasts are largely consistent with the 

30-year observations. Overall, week 1-2 trend-aware calibrated forecasts are highly skillful, while 

the forecasts are comparable with the climatological reference forecasts beyond week-2. In most 

regions, the calibrated forecasts are more reliable than raw and BJP calibrated forecasts while 

being as skillful as or more skillful than raw forecasts for all lead times. 

The extended trend-aware forecast post-processing method has the potential to produce high-

quality sub-seasonal forecasts and support decision-making. The merit of this method is more 

than skill improvement. After the forecast trend is corrected, the resulting forecasts should be 



more valuable for forecast users, especially when raw forecasts are seen consistently lower or 

higher than the observed values. 

Ongoing research is likely to optimise the trend-aware forecast post-processing method for wider 

applications. We will investigate other feasible calibration schemes, adapt the method for post-

processing sub-seasonal precipitation forecasts and utilise other skill sources for further 

enhancing the performance of sub-seasonal forecasts. 
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8 Supporting Information 

Figure S1: Decadal trends for Tmin observations over 2000-2019 and 1990-2019, raw, BJP and 

BJP-ti calibrated week-2 forecasts over 2000-2019 for all initialisation dates within February, 

May, August, and November separately. 

Figure S2: The same as Figure S1, but for Tmax. 

Figure S3: The same as Figure S1, but for week-3 forecasts. 

Figure S4: The same as Figure S3, but for Tmax. 

Figure S5: Statistical significance of the trend in week 1-4 Tmin observations for all 

initialisation dates within February, May, August, and November separately over 2000-2019 at 

1% and 5% significance level using two-tailed student t-test. 

Figure S6: The same as Figure S5, but for Tmin observations over 1990-2019. 

Figure S7: The same as Figure S5, but for Tmax observations. 

Figure S8: The same as Figure S6, but for Tmax observations. 

Figure S9: CRPSS for Tmin and Tmax week-2 raw forecasts, BJP-ti calibrated forecasts, and 

the score difference between BJP-ti and BJP calibrated forecasts for all initialisation dates 

within February, May, August, and November separately over 2000-2019. 



Figure S10: The same as Figure S9, but for week-3 forecasts. 

Figure S11: Statistical significance of the improvement or worsening of the CRPSS of the BJP-

ti calibrated forecasts compared to BJP for Tmin at 5% significance level. 

Figure S12: The same as Figure S11, but for Tmax. 
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Figure captions 

Figure 1: Decadal trends for Tmin observations over 2000-2019 and 1990-2019, raw, BJP and 

BJP-ti calibrated week-1 forecasts over 2000-2019 for all initialisation dates within February, 

May, August, and November separately. 

Figure 2: The same as Figure 1, but for Tmax. 

Figure 3: The same as Figure 1, but for week-4 forecasts. 

Figure 4: The same as Figure 3, but for Tmax. 

Figure 5: Forecast quantiles of BJP-ti calibrated week-1 (top) and week-4 (bottom) Tmax 
forecasts and observations for a selected cell over 1990-2019. Red squares are 30-year 
observations, yellow squares are 20-year raw ensemble forecast means, light blue vertical strips 
are calibrated forecast [0.10, 0.90] quantile range, and dark blue vertical strips are calibrated 
forecast [0.25, 0.75] quantile range. 

Figure 6: CRPSS for Tmin and Tmax week-1 raw forecasts, BJP-ti calibrated forecasts, and score 

difference between BJP-ti and BJP calibrated forecasts for all initialisation dates within February, 

May, August, and November over 2000-2019. 

Figure 7: The same as Figure 5, but for week-4 forecasts. 

Figure 8: Averaged CRPSS for pooled week 1-4 Tmin and Tmax raw forecasts, BJP-ti calibrated 

forecasts, and the score difference between BJP-ti and BJP calibrated forecasts over 2000-2019. 

The pooling is conducted over all evaluation months, February, May, August, and November. 

Figure 9: Pooled PIT scores for week 1-4 Tmin and Tmax raw, BJP, and BJP-ti calibrated 

forecasts over 2000-2019. The pooling is conducted over all evaluation months, February, May, 

August, and November. 
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This work identifies that 20-year ECMWF retrospective forecasts of sub-seasonal temperatures 
often fail to reproduce the observed trends. Subsequently, we extend a trend-aware forecast 
post-processing model, BJP-ti, to calibrate and introduce the 30-year climate trends into the sub-
seasonal forecasts. In this figure, week-4 BJP-ti calibrated forecasts of minimum temperatures 
now exhibit the trends of the 30-year observations in most regions. This extended trend-aware 



method has the potential to deliver high-quality sub-seasonal forecasts and support decision-
making in a changing climate. 
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