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ABSTRACT

Statistical post-processing has been widely employed to correct bias and dispersion errors in raw
ensemble precipitation forecasts from numerical weather prediction models. One prominent post-
processing scheme is to establish a joint probability model by fitting a bivariate distribution of raw
forecasts and corresponding observations. However, current joint probability models only
incorporate ensemble mean as the predictor, and ensemble spread is not considered. Thisis a major
disadvantage of joint probability models as ensemble spread can be informative for forecast
uncertainty. In this paper, we propose a two-step calibration approach to combine the strengths of
joint probability models and the useful information included in the ensemble spread. In the first
step, we take the seasonally coherent calibration (SCC) model as an example of joint probability
models to calibrate the ensemble mean. As SCC for precipitation forecasts involves
transformations for data normalization and special treatments of zero values, we explore three
different ways to estimate ensemble mean values when establishing the SCC model. In the second
step, we re-calibrate the ensemble forecasts produced in the first step to incorporate ensemble
spread information from the raw forecasts. The performance of this two-step calibration is
evaluated using ensemble precipitation forecasts from the Australian Bureau of Meteorology. We
find that forecasts calibrated using the two-step calibration have better skills than SCC calibrated
forecasts, especially for heavy precipitation events. Strengths of joint probability models and raw

ensemble spread information are well utilized in the proposed two-step calibration approach.

Keywords: numerical weather prediction, ensemble precipitation forecasts, statistical post-

processing, joint probability model, ensemble spread
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1. Introduction

Short-term precipitation forecasting is routinely performed using numerical weather prediction
(NWP) models in meteorological centers around the world (Harper et al., 2007). These models are
designed to simulate dynamic physics of the atmosphere forward in time to predict future weather
conditions. Traditional deterministic NWP models produce single-value forecasts, hence cannot
capture the chaotic nature of the atmosphere (Lorenz, 1963; Epstein, 1969). To account for the
uncertainty of weather forecasts, ensemble prediction systems have been developed to generate
multiple ensemble members from varying initial conditions or parametrizations of NWP models
(Ehrendorfer, 1997; Buizza et al., 1999; Palmer et al., 2007). The superiority of ensemble forecasts
compared to deterministic forecasts has been widely demonstrated in the literature (Richardson,

2000; Atger, 2001; Rodwell, 2006; Vokoun and Hanel, 2018; Zhao et al., 2020).

Raw ensemble forecasts, however, often have bias (Gneiting et al., 2007; Li et al., 2017) and
dispersion errors (Buizza et al., 2005; Buizza, 2018). It has therefore been a common practice to
apply statistical post-processing methods to improve raw forecasts (Verkade et al., 2013; Yang et
al., 2020; Saminathan et al., 2021). In this paper, we focus on the post-processing of univariate
forecasts (i.e., point-by-point post-processing), without considering the spatial-temporal

correlation in the forecasts.

A variety of post-processing methods have been developed. Particularly, the methods that are able
to produce calibrated forecasts in the form of full predictive probability distributions are popular
for forecast users (Brocker and Smith, 2008). Such post-processing methods allow the sampling
of ensemble members of any desired size from well-calibrated predictive distributions, as well as
the derivation of some frequently used prediction statistics, such as forecast quantiles and

probabilities of threshold exceedance.
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Two post-processing schemes are commonly used to produce calibrated probability distributions.
The first scheme is based on distributional regressions, such as ensemble model output statistics
(EMOQOS) (Gneiting et al., 2005; Scheuerer, 2014; Baran and Lerch, 2015), ensemble dressing
(Fortin et al., 2006), Bayesian model averaging (BMA) (Raftery etal., 2005; Sloughter et al., 2007,
Schmeits and Kok, 2010), and machine learning (ML) based regression methods (Dogulu et al.,
2015). This scheme typically makes use of statistics of raw ensemble forecasts, usually ensemble

mean and ensemble spread, to establish probability distributions.

The second scheme is based on joint probability models, such as the Bayesian Joint Probability
(BJP) model (Robertson et al., 2013; Shrestha et al., 2015; Cattoén et al., 2020; Li et al., 2020b;
Li et al.,, 2020c) and the meta-Gaussian distribution (MGD) model (Schaake et al., 2007;
Krzysztofowicz and Evans, 2008; Wu et al., 2011; Li et al., 2019). Joint probability models are
often established by fitting a bivariate distribution of raw forecasts and corresponding observations.
Conditional distributions of observations can be derived for calibration of new forecasts. Although
joint probability models were originally designed to post-process single-value (i.e., deterministic)

forecasts, they can also be applied to post-processing ensemble mean of ensemble forecasts.

A couple of advantages can be stated about joint probability models. First, they have been shown
to be superior to distributional regression models when only ensemble mean is used as a predictor
(Li et al., 2019a). One possible reason is that regression relationship in distributional regressions
becomes weak when raw precipitation forecasts approach zero (Gebetsberger et al., 2017). Second,
because joint probability models take only the ensemble mean as the model predictor, they allow
more flexibility in mathematical treatment to incorporate other complexities. For example, the
seasonally coherent calibration (SCC) model (Wang et al., 2019b; Zhao et al., 2020; Yang et al.,

2021a) based on the joint probability scheme has been developed to produce calibrated forecasts



81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

that are coherent in climatology, including seasonality, consistent with long-term observations

even when archived NWP forecasts are limited.

Nevertheless, there is a major disadvantage of joint probability models. None of the current joint
probability models have incorporated the ensemble spread, which is commonly assumed to be
correlated with forecast uncertainty information (Toth et al., 2001; Scherrer et al., 2004; Grimit
and Mass, 2007; Hopson, 2014). By contrast, many distributional regression models have gained
additional forecast skills due to the incorporation of ensemble spread (Veenhuis, 2013; Messner et
al., 2014b; Scheuerer and Hamill, 2015). In this context, it will be highly valuable to explore a

way to enable joint probability models to incorporate the ensemble spread.

In this paper, we develop a two-step calibration approach to integrate the additional forecast
information included in the ensemble spread into joint probability models. For demonstration
purposes, we employ the SCC model as an example of joint probability models and select
precipitation as our target weather variable. In the first step, we apply SCC to calibrate ensemble
mean of precipitation forecasts. As SCC for precipitation forecasts involves transformations for
data normalization and special treatments of zero values, we explore a number of ways to estimate
ensemble mean values when establishing the SCC model. In the second step, we re-calibrate the
SCC calibrated forecasts from the first step to make use of raw ensemble spread information. With
such an approach, the use of ensemble mean and ensemble spread is separated into two steps,
allowing the SCC model to be deployed inits original form (i.e., taking ensemble mean as the only

predictor).

The rest of this paper is organized as follows. Section 2 describes the NWP ensemble precipitation
forecasts, observed data, and geographic area used for this study. Section 3 presents how we

develop the two-step calibration approach with SCC and introduces evaluation metrics. Section 4
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illustrates forecast verification results. Section 5 discusses advantages and possible limitations of

the two-step calibration approach. Finally, main conclusions are presented in Section 6.

2. Data

Observed daily precipitation data are obtained from the Australian Water Availability Project’s
climate datasets (AWAP) (Jones et al., 2009). With a high spatial resolution (0.05° x 0.05°),
gridded AWAP data are obtained by interpolating rain gauge observations, which are collected
from 0900 h of the previous day to 0900 h of the current day according to Australian local time,
including daylight saving. Observations for a period of 30 years from 1 August 1989 to 31 July

2019 are used as reference data for SCC model establishments and for forecast evaluations.

We select ensemble precipitation forecasts from the Australian Community Climate and Earth-
System Simulator Global Ensemble 2 (ACCESS-GE2) NWP model for forecast calibration.
ACCESS-GE2 is based on the Met Office Global and Regional Ensemble Prediction System
(MOGREPS) (Naughton, 2016) and has a horizontal grid spacing of approximately 60 km. Each
ACCESS-GE2 ensemble consists of 24 exchangeable members that result from multiple stochastic
disturbances to both model physics and initial conditions of the ACCESS-GE2 model. Ensemble
forecasts are issued at 1200 UTC on a daily basis for lead times up to 10 days and are available at
a 3-hourly temporal resolution. ACCESS-GE?2 forecasts of a 3-year period from 1 August 2016 to

31 July 2019 are selected for this study.

To match the forecasts with observed data, we modify the spatial and temporal resolutions of
ACCESS-GE?2 data according to the AWAP data. We apply bilinear interpolation to re-grid the

ACCESS-GE2 forecasts to the spatial resolution of AWAP. And we aggregate the 3-hourly
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precipitation forecasts to daily values according to the AWAP records. Because AWAP data are
produced based on Australian local time which has UTC offsets, we adjust the matching hours of
ACCESS-GE2 and AWAP, and finally obtain daily ensemble precipitation forecasts for 9 days

ahead.

For a comprehensive forecast evaluation, we select 20 sites across a variety of climates in Australia,
as shown in Figure 1. The average annual precipitation is calculated based on the 30 years of

AWAP data.

[Figure 1]

3. Methods

In this section, we first introduce the formulation of the SCC modelling method. We then
demonstrate how we develop the two-step calibration approach with SCC. For the first step, three
SCC variants are derived based on different ways to estimate ensemble mean values: SCC1 and
SCC2 are established by calculating ensemble mean before and after data transformations,
respectively, and SCC3 is established with a proposed data augmentation approach for handling
(near) zero values of ensemble precipitation data. For the second step, a re-calibration (RC) method
is developed to further calibrate the SCC calibrated forecasts using raw ensemble spread
information. Details of the two-step calibration approach are illustrated in Figure 2. Finally, we

introduce verification methods used for forecast evaluation.

[Figure 2]
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3.1 SCC model formulation
3.1.1 Log-sinh transformations and a joint probability model

The seasonally coherent calibration (SCC) model was developed based on the joint probability
distribution to produce calibrated forecasts that are coherent in climatology, including seasonality,
consistent with long-term observations even when archived NWP forecasts are limited (Wang et
al., 2019b). When used to post-process precipitation forecasts, raw forecasts and observations need
to be normalized before a bivariate normal distribution is applied, as precipitation data are highly
skewed. In this study, we employ log-sinh transformations (Wang et al., 2012; Bennett et al., 2014)
for normalizing raw precipitation forecasts x(t) (t = 1,2, ...,T), where T is the total number of
days in the 3-year period, and corresponding observations y(t) to f(t) and o(t), respectively. The

transformed variables f(t) and o(t) are then assumed to follow a bivariate normal distribution:

f1 _ <[uf[m(t)]] [ or[m(6)]? p[m(t)]af[m(t)]ao[m(t)]D O
o] \lupm@®1” [p[m(®)]or[m()1o, m ()] g, [m(t)]?

where m(t) denotes the month for day t, namely m(t) € {1, 2, ...,12}; ug[m(t)] and o¢[m(¢)]
are the mean and standard deviation of the marginal distribution of f(t), and u,[m(t)] and
a,[m(t)] for o(t); and p[m(t)] is the correlation between f(t) and o(t). Because the bivariate
normal distribution applies to continuous variables, a censoring technique is used to treat (near)
zero precipitation as “censored” data. The term “censored” means these data are treated as below
certain thresholds but are not precisely specified (Wang and Robertson, 2011; Messner et al.,
2014a; Scheuerer and Hamill, 2015; Zhao et al., 2015; Stauffer et al., 2017). Two thresholds x,.
and y, are applied here for x(t) and y(t) with corresponding thresholds f. and o, for better fitting

f(t) and o(t) intheir corresponding marginal distributions (Wang and Robertson, 2011). Here x,.



167

168

169

170

171

172

173

174

175

176

177

178

179

180

181

182

183

184

185

186

187

188

and y, are set to 0.01 and 0.2 mm/day, reflecting the precision of available forecasts and observed

data respectively, according to Robertson et al. (2013).
3.1.2 Reparameterization of the joint probability model

Post-processing models generally require long-term statistical characteristics of both forecasts and
corresponding observations in order to produce forecasts that are coherent with the climatology of
observations (Zhao et al., 2017). However, although a long record of observations is often
accessible, the archived record of forecasts is commonly short as NWP models are frequently
updated. In this context, the SCC model was developed to work with limited NWP data to produce
coherent calibrated forecasts. This significant advantage of the SCC model is achieved through the

following two procedures.

First, a climatology that is representative of long-term statistical characteristics of observations is
brought into the SCC model. In this study, we use 30 years of observed data to estimate the
marginal distribution parameters of observations, namely the mean u,[m(t)] and standard
deviation g, [m(t)] for each month. Second, a reparameterization of the joint probability model is

conducted to estimate us[m(t)], os[m(t)], and p[m(t)] for each month:

us[m(t)] = a + bu,[m(t)] (2)
or[m(t)] = ¢ + do,[m(t)] 3)
plm@®] =r (4)

where b, c,d > 0and 0 <r < 1, and these 4 parameters are constrained to avoid nonsensical
relationships. It should be noted that a can be either positive or negative, as ug[m(t)] can be
positive or negative in the log-sinh transformed space. Equations (2) and (3) assume that NWP

models, if run long enough, can produce the seasonality pattern that is linearly related with the
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observed climatology. Equation (4) assumes that the underlying forecast skill of NWP models is
constant for all 12 months. These assumptions are supported by a case study from Wang et al.
(2019b) and may help reduce sampling effects of forecast evaluation results. The
reparameterization of the joint probability model replaces 36 parameters (us[m(t)], or[m(t)], and
plm(®)], m(t) € {1,2,...,12}) with five parameters (a, b, c, d, and r), therefore making it
feasible to estimate model parameters from a short period of archived NWP forecasts. All of the
parameters from the above two procedures can be derived using the method of maximum
likelihood and the Nelder-Mead searching approach (Nelder and Mead, 1965). Related likelihood

functions are given in Wang et al. (2019b).
3.1.3 Calibration of new forecasts

After obtaining all the parameters of the SCC model, we can apply SCC to calibrate new forecasts.

Given a new forecast x(t), a conditional distribution of o(t) can be derived based on f(t):

[0(8)If (OI~N{o(B)]T, (1), 63 (1)} (5)

where
() = o [m(®)] + plm(®)] 23 (F(0) — ugfm(©)]) (6)
G20 = {1 - p*[m(®)]}oZ [m(®)] (7)

We sample an ensemble of values from the conditional distribution to represent the forecast
probability distribution. When f(t) > f., an ensemble o(t,n) (n = 1,2, ..., N) of any size N (100
for this study) can be sampled from the conditional distribution. When f(t) < f, a random value
f'(t) from the marginal distribution N{f (¢)|us[m(t)], afz [m(t)]} is first sampled in the range of
[—oo, f.]; then a sample can be drawn from the conditional distribution [o(t)|f’(t)] to give an

ensemble member. These two steps are repeated N times to form the ensemble o(t, n). Finally, the

10
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sampled ensemble members o(t,n) can be transformed back by an inverse of the log-sinh
transformation to give a calibrated ensemble forecast y(t,n) in original scale. When there are

negative ensemble members in y(t, n), we set them to zero.
3.2 The proposed two-step calibration approach
3.2.1 Step One: Calibration of ensemble mean using SCC

The SCC model described above was originally developed to calibrate deterministic forecasts.
When it comes to ensemble forecasts, ensemble mean can be calculated to provide the
“deterministic” value. As SCC for precipitation forecasts involves data transformations and the
censoring setup for (near) zero precipitation values, there are different ways to obtain the ensemble
mean. Here we establish three SCC models, each corresponding to a particular way of estimating

the ensemble mean values. The three models are named SCC1, SCC2, and SCC3 for our study.

The SCC1 model is established by calculating ensemble mean before data transformations.
Denoting raw ensemble forecasts as x(t, k) (k = 1,2, ..., K), where K is the ensemble size (24 for
ACCESS-GE?2 ensembles), we calculate the ensemble mean prior to the data transformations, as

in previous studies (Scheuerer and Hamill, 2015; Li et al., 2019):
X (1) = = 2K x(t, k) ®)

then x,,,(t) can replace the aforementioned x(t) as the raw precipitation forecast series to establish
the SCC1 model. The rest of the setup of the SCC1 model follows the same process as the original

SCC model.

The SCC2 model is established by calculating ensemble mean after data transformations. We

transform x(t, k) with the log-sinh transformation to get f(t,k) (k=12,..,K). The

11
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transformation involves all of the ensemble members (without any censoring). We can calculate

the ensemble mean as below:
fin () = 2K, f(t,k) 9)

then £, (t) can replace the aforementioned f (t) (Equations 1, 5, and 6) as the transformed forecast

series to establish the SCC2 model. Likewise, the rest of the SCC2 model setup remains the same.

The SCC3 model is established with a proposed data augmentation approach for censored
ensemble forecasts. The ensemble mean calculation becomes problematic when an ensemble
contains censored ensemble members, because these members are only known to be below or
equal to the censoring threshold x. or f.. It would be sensible to assign exact values to these
censored data for calculating the ensemble mean. Here we propose a hierarchical model to simulate
distributions of transformed ensemble forecasts. For any ensemble f(t, k) (k =1,2,...,K),

ensemble members are assumed to follow a normal distribution:
f&I)~N(£, (1), 02) (10)
where £, (t) (t = 1,2, ...,T) and ¢ are the mean and standard deviation of the normal distribution,
respectively. For each ensemble, f, (t) is a latent variable, and needs to be inferred from another
normal distribution:
fu(t)"'N(uw 0-1%) (ll)

where u,, and a,, are the mean and standard deviation of the normal distribution, respectively. To
infer the parameters o, u,,, and g,,, the latent variable £, (t), and censored ensemble members, we
apply Gibbs sampling (Gelfand, 2000) to iteratively sample these variables from their

corresponding conditional distributions until the hierarchical model reaches a statistically steady

12
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condition. Conditional distributions of these parameters and variables can be derived from the

following likelihood function L:

L = [Ttz [Ti=s NUF (& 1 £u(8), 02) X N(f, (D) |uy, 01) (12)

For example, in any sampling iteration, given £, (t) and o, if there are censored members in an
ensemble, we can draw random samples from the conditional distribution N(f (¢, k)|f;,(t), 5?) in
the range of [—oo, £, ] to give the augmented values. After the augmentation of censored ensemble
members, we obtain a new series of ensemble forecasts f'(t,k) (k = 1,2,...,K). Then the

ensemble mean can be calculated as below:
) =K, £t k) (13)

Similarly, £’ (t) can be used to replace the aforementioned f(t) (Equations 1, 5, and 6) to

establish the SCC3 model.
3.2.2 Step Two: Re-calibration of SCC calibrated forecasts using ensemble spread

To maximise forecast skills from post-processing raw ensemble forecasts, ensemble spread should
also be incorporated into post-processing models. We select SCC3 out of the three SCC models
established in the first step to demonstrate the re-calibration (RC) method, given that SCC3 is the
most sophisticated in a sensible way and might perform best in the post-processing. We refer this

integrated model as SCC3-RC in this study.

Generally, ensemble spread is represented using the standard deviation among ensemble members.
Raw ensemble standard deviation a,.,,, (t) and SCC3 calibrated ensemble standard deviation

o.q1i (t) In transformed space can be calculated as:

Oraw(t) = | XKL [/ 1) = [, (O (14)

13
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Ocati(t) = |55 Zhal0(t,1) — 0 (D]? (15)
where
om(t) =+ N, o(t,n) (16)

is the ensemble mean of SCC3 calibrated ensemble o(t,n) (n = 1,2, ..., N). RC is formulated to

adjust each ensemble member of o(t, n) individually:

0re(6,1) = 2y X 0p(8) + (0(6,1) = 0 (6)) X (A + A5 2400 (17)

where o (t,n) is the re-calibrated ensemble member; 4,, A4,, and A; are the RC parameters.
Specifically, A, represents the modification of the calibrated ensemble mean o,,(t); 1, and A5
represent the contribution weights of a.,;;(t) and o,,,,(t), respectively. A larger A; would
indicate that more ensemble spread information from the raw forecasts is utilized. RC is only

applied to calibrated ensemble forecasts whose corresponding raw ensemble mean £ (¢) is larger

than f.. This is because their raw ensemble spread is relatively more trustworthy than those

calculated mostly based on augmented ensemble members.

We use a continuous ranked probability score (CRPS) minimization method (Gneiting et al., 2005;
Van Schaeybroeck and Vannitsem, 2015) to optimize 4,, 1,, and A;. Details of the CRPS are
shown in Section 3.3. After obtaining the RC parameters, we can re-calibrate SCC3 calibrated
ensemble members and then transform the re-calibrated ensemble members back to the original

scale using the inverse of the log-sinh transformation.

The RC step is essentially an ensemble adjustment of forecast members. It has some similarity to
the method of member-by-member post-processing (MBMP) (Johnson and Bowler, 2009;

Schefzik, 2017). This point will be further discussed later in the Discussion section.
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3.3 Forecast evaluation

In this study, the performances of the SCC1, SCC2, SCC3, and SCC3-RC models are evaluated
using a leave-one-month-out cross-validation. Evaluation diagnositics include bias, CRPS
(Hersbach, 2000), threshold weighted CRPS (twCRPS) (Gneiting and Ranjan, 2011), and

reliability diagram (Wilks, 2011) to assess different aspects of forecast quality.

Bias is the difference between the mean of precipitation forecasts and the mean of corresponding

observations:
. 1 1
Bias = - Yi_; x(t) — 2 X{_; y(t) (18)

where x(t) and y(t) are forecasts and observed values at time t, respectively; and T is the length
of forecast data records. It is important to have minimal bias in precipitation forecasts as bias can

be amplified in streamflow forecasting and in other water resource management.

CRPS quantifies the difference between ensemble forecast cumulative distribution and
corresponding observations (Hersbach, 2000). The average CRPS for days t=1, 2, ..., T is

formulated as:
CRPS =231, [{F(t,x) — H(x — y(©))} dx (19)

where F(t,x) is the forecast cumulative density function (CDF), and y(t) is the observation at
time t; H is the Heaviside step function that equals 1 if x — y(t) > 0 and equals 0 otherwise; and

T is the length of data records.

We also calculate the CRPS of reference climatology forecasts (CRPS,.s) using the leave-one-
month-out cross-validated climatology ensemble forecasts that are generated from the SCC models.

A CRPS skill score can then be calculated as:

15
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CRPSy¢r—CRPS
CRPSyef

CRPS skill score = X 100(%) (20)

The CRPS skill score is positively oriented and represents the relative improvement of the
calibrated forecasts compared to the referenced climatology forecasts. A maximum skill score of
100% indicates that forecasts perfectly match the corresponding observations and a skill score of
0% indicates that forecasts have comparable errors to the reference forecasts. Forecasts poorer
than reference forecasts have negative skill scores. Note that the reference climatology forecasts
are common to all the SCC models, and therefore CRPS skill scores achieved by the different

models can be directly compared with each other.

We further use twCRPS (Gneiting and Ranjan, 2011) to evaluate the model performance on
predicting heavy precipitation events (i.e. precipitation amount above a certain threshold). The

average twCRPS for days t=1, 2, ..., T is formulated as:
2
twCRPS = %Zle J{F(t,x) —H(x —y(©)} w(x)dx (21)

where w(x) is a weight function that equals 1 if x > g and equals 0 otherwise; and g is a given
threshold, with precipitation above g marked as heavy precipitation events. In this study, q is set
to the 95% quantile of observed values. Similarly, we use twCRPS skill score to demonstrate the

improvement of calibrated forecasts relative to reference forecasts.

In addition, we apply the reliability diagram as a graphical tool to evaluate the reliability of
ensemble forecast uncertainty (ensemble spread not too narrow or too wide). Reliability refers to
the statistical consistency between ensemble forecasts and corresponding observations. A
reliability diagram illustrates forecast reliability by plotting observed frequencies against predicted
probabilities based on a threshold exceedance for ensemble forecasts. In this study, we use 0.2
mm/day and 95% quantile of observed values as two thresholds for constructing the diagrams.
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Precipitation values exceeding 0.2 mm/day and the 95% quantile of observations represent the
occurrence of light precipitation and the occurrence of heavy precipitation, respectively. Resulting
plots in reliability diagrams close to the 1:1 line indicate good reliability, while deviation from the
line indicates poor reliability. Perfectly reliable forecasts will show a plot overlapping with the 1:1

line.

4. Results

4.1 Overall forecast evaluation of bias and CRPS skill score

Results of bias and CRPS skill score for raw ensemble forecasts and calibrated forecasts from the
SCC1, SCC2, SCC3, and SCC3-RC models are shown in Figure 3. It can be seen from the figure
that raw ensemble forecasts overall perform worst in terms of bias and CRPS skill score among
these forecasts. The SCC models greatly improve the raw ensemble forecasts, with most of the
bias being closer to zero and much greater CRPS skill scores being achieved, especially at short
lead times. While there are many negative CRPS skill scores in raw ensemble forecasts, only a few
negative skill scores are shown in the calibrated forecasts. Bias has no clear trend over the lead
time, while CRPS skill score tends to decrease gradually as the lead time increases, indicating

lower skills of forecasts at longer lead times.
[Figure 3]

Besides, SCC2, SCC3, and SCC3-RC have overall better performance than SCC1 on bias.
However, it is quite hard to distinguish these four models according to their CRPS skill scores at
the scale shown in Figure 3. To further learn about the contributions of the ensemble mean

calculations after data transformations, the data augmentation, and the re-calibration for
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incorporating raw ensemble spread information, we look more closely at the CRPS skill score of

each of the models for each site and each lead time in the following two subsections.
4.2 CRPS skill scores of calibrated forecasts from the three SCC variants

Results of CRPS skill score for calibrated forecasts from the SCC1 model is shown in Figure 4(a).
Similar to the results discussed in section 4.1, CRPS skill score of the SCC1 calibrated forecasts
is negative just at a few sites and only at some lead times, indicating the evident benefits of the
SCC post-processing. Results on CRPS skill score improvements of SCC2 and SCC3 over SCC1
are shown in Figure 4(b) and 4(c) and further summarised in Table 1. As quantitative forecasts of
precipitation for a particular location and lead time is highly challenging, even a 1% skill score
improvement is often considered a meaningful gain for newly implemented NWP models or post-
processing methods (Messner et al., 2014b; Scheuerer and Hamill, 2015). For either the SCC2 or
SCC3 model, the CRPS skill score difference from the SCC1 model varies with sites and lead

times. The overall difference tends to be positive, indicating improvements over SCC1.

[Figure 4]

[Table 1]
Calculating ensemble mean after transformations (i.e. the SCC2 model) improves the CRPS skill
score compared to calculating ensemble mean before transformations (i.e. the SCC1 model),
especially for sites 2, 13, 17, and 20, although there are sites with reduced skill scores, such as
sites 3, 4, and 12. In addition, the data augmentation for censored ensemble members in the SCC3

model further improves the CRPS skill score of SCC2 calibrated forecasts. The most greatly

improved site is site 14. As shown in Table 1, on the basis of the skill score improvement of SCC2
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compared to SCC1, the SCC3 model further increases the number of improved cases, and the total

accumulated average improved skill score of SCC3 compared to SCCL1 reaches 1.13%.
4.3 CRPS skill scores of calibrated forecasts from the two-step calibration

Results of CRPS skill score for SCC3-RC calibrated forecasts are shown in Figure 5 and Table 1.
SCC3-RC calibrated forecasts have positive CRPS skill scores at all sites and lead times (Figure
5(a)). This assures that the calibrated forecasts are more skillful than the referenced climatology
forecasts in all cases. Compared to SCC1, the accumulated average CRPS skill score improvement

of SCC3-RC reaches 1.68%, which is quite prominent considering all the sites and lead times.

[Figure 5]

We also compare the forecast performance of SCC3-RC and SCC3, to learn how the incorporated
raw ensemble spread information in the re-calibration influences the model performance. As
shown in Table 1, the re-calibration method improves the skill score of 129 cases, with improved
skill scores mainly at short lead times and mostly within 4% (Figure 5(c)). The average skill score
improvement due to raw ensemble spread utilization is 0.55%, which is comparable to previous
studies on distributional regression-based post-processing models (Messner et al., 2014b;
Scheuerer and Hamill, 2015). This indicates that the re-calibration method can make SCC
calibrated ensemble forecasts more skillful by using raw ensemble spread information. However,
it should be noted that there are also reductions in the skill score at some sites, such as sites 2, 17,

and 19 (Figure 5(c)).
4.4 twCRPS skill scores of calibrated forecasts from the three SCC variants
We further evaluate the ability of the calibration models in predicting heavy precipitation events,

which are crucial for some common hydrological applications such as irrigation and flood
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forecasting. The twCRPS skill score for calibrated forecasts from the SCC1 model is shown in
Figure 6(a). Clearly, SCC1 calibrated forecasts have more negative values of the twCRPS skill
score compared to the CRPS skill score (Figure 4(a)). This highlights again the challenge of
forecast post-processing for predicting heavy precipitation events as previously identified in the
literature (Taillardat et al., 2019; Li et al., 2020a). Results on the improvements in the twCRPS
skill score of SCC2 and SCC3 over SCC1 are shown in Figure 6(b) and 6(c) and further
summarised into Table 2. Both SCC2 and SCC3 have overall higher twCRPS skill score than
SCC1, and the improvements are larger than those in the CRPS skill score (Table 1). This shows
that SCC2 and SCC3 overall perform better than SCC1 for predicting heavy precipitation events.
Also, it is worth noting that there are still reduced twCRPS skill scores at several sites (Figure 6(b)

and 6(c)).
[Figure 6]
[Table 2]
4.5 twCRPS skill scores of calibrated forecasts from the two-step calibration

The twCRPS skill scores of SCC3-RC calibrated forecasts are shown in Figure 7 and Table 2.
SCC3-RC greatly improves SCC1 in terms of the twCRPS skill score, with the average
improvement exceeding 3%, which is almost twice as much as the average CRPS skill score
improvement (Table 1). Besides, SCC3-RC also has higher twCRPS skill score than SCC3, with
the average improvement close to 1%. The two-step calibration is shown to gain considerable
twCRPS skill score improvements, although there are slightly degraded skill scores at some sites

(Figure 7(b) and 7(c)).
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Together with results presented in sections 4.2 — 4.4, it can be concluded that on the average of the
20 sites and 9 lead times, in the order of SCC1, SCC2, SCC3, and SCC3-RC, both CRPS skill
score and twCRPS skill score tend to increase successively, indicating gradual improvements.
Besides, the improvements on twCRPS skill score have higher magnitudes than those on CRPS
skill score (Tables 1 and 2), meaning that the latter three models (especially SCC3-RC) are far

more capable of predicting heavy precipitation events than the SCC1 model, on average.
[Figure 7]

To further demonstrate the significance level of the advantages of SCC2, SCC3, and SCC3-RC
over SCC1, we carry out a strict statistical significance testing with bootstrapping on the CRPS
(twCRPS) skill score results of forecasts calibrated using these models. According to the testing
results (shown in Table Al), the CRPS skill score difference between any two models is not
statistically significant. However, the twCRPS skill score difference between SCC3-RC and SCC1
is found to be significant. This further confirms the superiority of the SCC3-RC model on
producing more skillful calibrated forecasts for heavy precipitation events than SCC1. Besides, it
should also be noted that the differences in the CRPS (twCRPS) skill score obtained from SCC3-
RC and SCC3 are not statistically significant, although the improvement of SCC3-RC compared
to SCC3 is shown to be overall considerable. Details of the statistical testing and interpretation can

be found in Appendix A.
4.6 Reliability diagrams of calibrated forecasts from different models

The reliability diagrams of calibrated forecasts from SCC1, SCC2, SCC3, and SCC3-RC as well
as raw ensemble forecasts are shown in Figure 8. As can be seen from the figure that all of the
calibrated forecasts clearly show better reliability than raw ensemble forecasts for the two

thresholds selected, i.e. 0.2 mm/day and the 95% quantile of observed values. For the occurrence
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of light precipitation events, SCC2 and SCC3 have poorer reliability performance than SCC1,
while SCC3-RC has slightly better reliability than SCC1 (Figure 8(a)). For the occurrence of heavy
precipitation events, SCC2, SCC3, and SCC3-RC have similar reliability performance and all of

them perform better than SCC1 (Figure 8(b)).

[Figure 8]

5. Discussion

The calculation of ensemble mean and ensemble spread with censored ensemble members is
problematic as there are no exact values for these members in transformed space. One feasible
solution is to augment exact values for censored data. Many mathematical methods have been
developed for the augmentation of datasets with censored records (Cohen, 1961; Hornung and
Reed, 1990; Perkins et al., 1990). These methods are generally developed based on the maximum
likelihood estimation to augment values for one single dataset. However, when applied to multiple
datasets which are a series of ensembles in our study, augmenting values for each ensemble
individually cannot take into consideration the relationship among different ensembles, given that
ensemble members from all ensembles are transformed using the same set of parameters in the
data normalization process. Besides, these methods might become problematic when most or even
all of the ensemble members are censored. By contrast, the data augmentation algorithm we
propose in this study can connect all ensembles by establishing a hierarchical model. And
ensembles even with a large proportion of censored members can still be augmented in a sensible
way. These advantages make our algorithm more appropriate for the data augmentation of

censored ensemble weather forecasts.

22



469

470

471

472

473

474

475

476

477

478

479

480

481

482

483

484

485

486

487

488

489

490

The re-calibration method employed in our study is similar to member-by-member post-processing
(MBMP) methods (Johnson and Bowler, 2009; Van Schaeybroeck and Vannitsem, 2015; Schefzik,
2017), which post-processes raw ensemble forecasts by adjusting ensemble members individually.
These MBMP methods are often implemented by minimizing objective scoring functions (e.g.
CRPS) of the adjusted ensemble forecasts. They can make use of raw ensemble spread information
but are generally not sophisticated enough to reflect statistical forecast uncertainty derived from
historical weather events. In this context, the re-calibration is developed based on MBMP methods
to further post-process the SCC calibrated forecasts using raw ensemble spread information.
Forecasts calibrated using the two-step calibration can reflect both the dynamically flow-
dependent ensemble spread from raw ensemble forecasts and the SCC calibrated ensemble spread

that contains statistically generated uncertainty information.

Accurate and reliable ensemble forecasts for heavy precipitation events are crucial for hydrological
forecasting and have attracted much attention from the post-processing perspective. It is therefore
valuable to evaluate the performance of post-processing models over heavy precipitation events.
However, the restriction of routine forecast evaluations to only observed heavy events often has
bias effects and may degrade even the most skillful forecasts available (Diks et al., 2011; Gneiting
and Ranjan, 2011). This is also referred to as the forecaster’s dilemma in Lerch et al. (2017). In
this study, we apply the twCRPS to evaluate calibrated ensemble forecasts with emphasis on heavy
precipitation events. As a proper weighted scoring rule, the twCRPS metric takes into
consideration all precipitation events while evaluating the forecast distribution tails. It avoids
possible bias due to the stratified sampling conditioned on observations and therefore provides a

remedy for the dilemma.
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In this study, the three SCC variants differ in how we calculate the ensemble mean for the SCC
post-processing. Indeed, a number of studies take ensemble mean as a summarized statistic in
operational ensemble forecasting as well as post-processing, as ensemble mean generally has
smaller errors than any individual ensemble member when averaged over many cases (Scheuerer
and Hamill, 2015; Wang et al., 2019a). However, it has also been recognized that in complex
spatial fields, ensemble mean can sometimes “smear out” some important features by decreasing
high amplitudes and increasing the spatial coverage of low values, especially for ensemble
forecasts with extreme events (Ebert, 2001; Surcel et al., 2014). Some approaches, such as the
probability matching (PM) method (Ebert, 2001; Clark, 2017), have been developed to solve this
issue by modifying the ensemble mean in some statistical ways. Therefore, a simple ensemble
mean (as implemented in SCC1) may not be the most appropriate representation of ensemble
forecasts for the SCC post-processing. Further experiments are needed in the future to investigate
if the other two ensemble mean calculation approaches (as implemented in SCC2 and SCC3) can

help alleviate the smearing effect.

We acknowledge that our study is only conducted based on ensemble forecasts on a daily basis
and with a grid spacing of about 60 km. As temporally and spatially high-resolution weather
forecasts have attracted great attention recently, whether the developed models in this study are
applicable to, for example, hourly NWP forecasts with a finer grid spacing, needs to be further
investigated. Besides, establishing calibration models for precipitation is widely known to be more
challenging than other weather variables. Indeed, as a highly sophisticated model compared to
traditional joint probability models, SCC has also been shown to be applicable to other variables

(Yang et al., 2021Db). In view of the forecast improvements in our study, we therefore anticipate
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our models to be robust for application to other joint probability models and to post-processing

other weather variables.

6. Summary and conclusions

In this study, we aim to integrate the ensemble spread into joint probability models. A two-step
calibration approach is developed for ensemble precipitation forecasts with the seasonally coherent
calibration (SCC) model as an example of joint probability models. In the first step, we employ
the SCC model to calibrate ensemble mean. In the second step, we re-calibrate the SCC calibrated

forecasts to incorporate the ensemble spread information.

As SCC for precipitation forecasts involves transformations for data normalization and special
treatments of zero values, we investigate three different ways to estimate ensemble mean values
when establishing the SCC model in the first step. We find that calculating ensemble mean after
transformations overall performs better than that before transformations for SCC. We therefore
recommend ensemble mean to be calculated in transformed space when post-processing ensemble
precipitation forecasts. In addition, we propose a data augmentation algorithm to estimate
ensemble mean (and ensemble spread for use in the second step) to handle zero precipitation values.

The resulting ensemble mean values are shown to lead to even better forecast calibration.

For the second step (i.e. the re-calibration), we develop an ensemble adjustment method to adjust
the SCC calibrated ensemble members individually using raw ensemble spread information. The
additional forecast information extracted by the re-calibration leads to forecast skill increase

comparable to that achieved in past studies of using raw ensemble spread information. This means
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that the two-step approach is able to utilize the ensemble spread information of raw ensemble

precipitation forecasts while preserving the strengths of the SCC model.

The two-step calibration approach, namely SCC3-RC in our study, has been found to fairly
improve the performance of the original SCC in terms of the bias, forecast skill and forecast
reliability. The improvement is especially notable for heavy precipitation events. It is expected
that the two-step calibration approach can be adapted for other joint probability models and for

post-processing other weather variables.
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Appendix A. Statistical significance testing of two samples with bootstrapping

We employ the algorithm in Efron and Tibshirani (1994) to implement the statistical significance
testing between two samples. In our study, assuming that the CRPS (twCRPS) skill score values
of forecasts calibrated by two different models are samples X (x;, x5, -+, x,) and Y (y4, v5, =+, ¥n),
the sample size n of both samples will be 180 (20 sites and 9 lead times in total). Steps of the

significance testing with bootstrapping are as follows:

(1) Calculate the test statistic t for X and Y

Xm=—Ym

t = (A1)

aX2+ay2
n ' on

where X,,, and gy are the mean and standard deviation of sample X, and Y,,, and o, for sample Y.

(2) Calculate the mean XY, of the combined sample of X and Y:

XYy, = Fmim (A2)

(3) Construct two new samples X' (x1,%5, ..., xn) and Y'(y1, y3, .., ¥n):
xi =x; — Xy + XYy, (i=12,..,n) (A3)
Vi =Yi— Y + XYy, (i=12,..,n) (A4)
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(4) Apply bootstrapping to draw two random samples X* and Y* of size n from X' and Y’

respectively.

(5) Calculate the test statistic t* for X* and Y*:

Xm—Ym

2 2

g g

jx_*+Y_*
n n

where X,,, and gy~ are the mean and standard deviation of sample X*, and Y,,, and o~ for sample

t" = (A5)

Y*.

(6) Repeat Step (4) and Step (5) K (i.e., a large value) times to obtain K t* values.

(7) Count the number of t* values that are equal to or greater than t as N.

(8) Estimate the p-value:

p=N/K (A6)

The null hypothesis of the significance testing is that X and Y are from a distribution with the same
mean, and the alternative hypothesis is that they are not. The null hypothesis will be rejected at

significance level o if

r<a (A7)

In this study, we first choose the most often used a value 0.05 as the significance level and choose
K = 100000 to keep the sampling errors as small as possible. For CRPS (twCRPS) skill score
results, we implement 4 significance tests between SCC2 and SCC1, SCC3 and SCC1, SCC3-RC
and SCC1, and SCC3-RC and SCC3, respectively. However, conducting multiple statistical tests

simultaneously often comes with the problem of multiple comparisons (Miller, 1981). To
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counteract this problem, we employ the Bonferroni correction (Haynes, 2013), which is the most

conservative multiple testing correction method, to give the strictest significance level:
a=a/M (A8)
where M is the number of significance tests and is 4 in this study. o is therefore calculated as

0.0125.

Results of the significance testing on CRPS (twCRPS) skill scores are shown in Table Al. The
twCRPS skill score comparison between SCC3-RC and SCC1 has a p-value smaller than 0.0125.
In this case, we can reject the null hypothesis and conclude that the twCRPS skill score difference
between these two models is statistically significant, even with the strictest significance level. For
the rest cases, we cannot reject the null hypothesis so there is not enough evidence to suggest that

the CRPS (twCRPS) skill score difference is significant.

[Table Al]
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847  Tables

848

849  Table 1. Differences in CRPS skill score between SCC2 and SCC1, SCC3 and SCC1, SCC3-RC and SCC1, and
850  SCC3-RC and SCC3. The CRPS skill score values for all 180 cases (20 sites and 9 lead times) in the 3-year period

851 are pooled together to construct the table.

SCC2 minus SCC1 SCC3 minus SCC1 SCC3-RC minus SCC1 SCC3-RC minus SCC3

Number of improved cases 106 117 143 129
Average CRPS skill score 0.83% 1.13% 1.68% 0.55%
difference
852

853  Table 2. Differences in twCRPS skill score between SCC2 and SCC1, SCC3 and SCC1, SCC3-RC and SCC1, and
854  SCC3-RC and SCC3. The twCRPS skill score values for all 180 cases (20 sites and 9 lead times) in the 3-year period

855 are pooled together to construct the table.

SCC2 minus SCC1 SCC3 minus SCC1 SCC3-RC minus SCC1 SCC3-RC minus SCC3

Number of improved cases 110 119 133 113

Average twCRPS skill

. 1.72% 2.12% 3.04% 0.92%
score difference

856

857  Table Al. Significance testing results of the CRPS (twCRPS) skill score values of calibrated forecasts from SCC2 and
858  SCC1,SCC3and SCC1, SCC3-RCand SCC1, and SCC3-RC and SCC3. The CRPS (twCRPS) skill score values from

859 all of 20 sites and 9 lead times in the 3-year period are pooled together to conduct the significance testing.

p-value of the statistical significance testing

SCC2vs. SCC1 SCC3vs. SCC1 SCC3-RC vs. SCC1 SCC3-RC vs. SCC3

CRPS skill score 0.2442 0.1711 0.0803 0.3192
twCRPS skill score 0.0486 0.0208 0.0018 0.1661
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Figure 2. The modelling process of the two-step calibration approach. Log-sinh is the transformation algorithm we
apply for normalizing precipitation data. SCC1, SCC2, and SCC3 represent the SCC model with three different
methods for estimating ensemble mean values in the first step, and RC represents the use of the ensemble spread

information in the second step.
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Figure 3. Overall forecast evaluation over 20 sites of raw ensemble forecasts, and calibrated forecasts from SCCL1,
SCC2, SCC3, and SCC3-RC models in the 3-year period. For each boxplot, lines on the box portion from bottom to
top represent first quartile (Q1, 25 percentile), median (Q2, 50t percentile), and third quartile (Q3, 75t percentile)
of the data, respectively; lines on the whisker portion from bottom to top represent “minimum” (Q1 —1.5* (Q3— Q1))
and “maximum” (Q3 + 1.5 * (Q3 — Q1)) of the data, respectively; black points outside the whisker are shown as

outliers of the data.
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Figure 4. CRPS skill score verification of calibrated forecasts from SCC1, SCC2, and SCC3 models in the 3-year
period. (a) CRPS skill score of SCC1; (b) CRPS skill score difference between SCC2 and SCC1; (c) CRPS skill score
difference between SCC3 and SCC1. A positive (negative) CRPS skill score indicates that calibrated forecasts are
better (poorer) than the referenced climatology forecasts. The arrow of the right color bar indicates that values can be

above the displayed maximum CRPS skill score difference.
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Figure 5. CRPS skill score verification of SCC3-RC calibrated forecasts in the 3-year period. (a) CRPS skill score of
SCC3-RC; (b) CRPS skill score difference between SCC3-RC and SCC1; (c) CRPS skill score difference between
SCC3-RC and SCC3. A positive (negative) CRPS skill score indicates that calibrated forecasts are better (poorer) than
the referenced climatology forecasts. The arrow of the right color bar indicates that values can be above the displayed

maximum CRPS skill score difference.

46



898

899

900

901

902

903

904

905

(a) SCC1 (b) SCC2 minus SCC1 (c) SCC3 minus SCC1

; g S
2
3
4
5
6
7
_ 8
L 9
E 10
=11
L 12
%41
13
14
15
16
17
18
19
20
1 2 3 4 5 6 7 8 9 1 2 3 4 5 6 7 8 9 1 2 3 4 5 6 7 8 9
Lead time (day) Lead time (day) Lead time (day)
[ [
-20 =10 0 10 20 30 40 50 -6 -4 -2 0 2 4 6 8 10 12 14 16
twCRPS skill score (%) twCRPS skill score difference (%)

Figure 6. twCRPS skill score verification of calibrated forecasts from SCC1, SCC2, and SCC3 models in the 3-year
period. (a) twCRPS skill score of SCC1; (b) twCRPS skill score difference between SCC2 and SCC1; (c) twCRPS
skill score difference between SCC3 and SCCL1. The threshold for calculating twCRPS is the 95% quantile of observed
precipitation values in each case. A positive (negative) twCRPS skill score indicates that calibrated forecasts are better
(poorer) than the referenced climatology forecasts. The arrow of the right color bar indicates that values can be above

the displayed maximum twCRPS skill score difference.
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Figure 7. twCRPS skill score verification of SCC3-RC calibrated forecasts in the 3-year period. (a) twCRPS skill
score of SCC3-RC; (b) twCRPS skill score difference between SCC3-RC and SCC1; (c) twCRPS skill score difference
between SCC3-RC and SCC3. The threshold for calculating twCRPS is the 95% quantile of observed precipitation
values in each case. A positive (negative) twCRPS skill score indicates that calibrated forecasts are better (poorer)
than the referenced climatology forecasts. The arrow of the right color bar indicates that values can be above the

displayed maximum twCRPS skill score difference.
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Figure 8. Reliability diagrams for raw ensemble forecasts, and calibrated forecasts from SCC1, SCC2, SCC3, and
SCC3-RC models with exceedance probabilities considered at the threshold of (a) 0.2 mm/day and (b) 95% quantile
of observed values. Results from all 180 cases (20 sites and 9 lead times) in the 3-year period are pooled together to

construct the diagrams.
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