University Library

o o A gateway to Melbourne's research publications

Minerva Access is the Institutional Repository of The University of Melbourne

Author/s:
Zhao, P;Wang, QJ;Wu, W;Yang, Q

Title:

Spatial mode-based calibration (SMoC) of forecast precipitation fields from numerical
weather prediction models

Date:
2022-10

Citation:

Zhao, P., Wang, Q. J., Wu, W. & Yang, Q. (2022). Spatial mode-based calibration (SMoC)
of forecast precipitation fields from numerical weather prediction models. Journal of
Hydrology, 613, https://doi.org/10.1016/j.jhydrol.2022.128432.

Persistent Link:
https://hdl.handle.net/11343/332620



10

11

12

13

14

15

16

17

18

19

20

Spatial mode-based calibration (SMoC) of forecast precipitation fields from

numerical weather prediction models

Pengcheng Zhao*, Quan J. Wang, Wenyan Wu, Qichun Yang

Department of Infrastructure Engineering, The University of Melbourne, Parkville 3010,

Australia

*: Corresponding author

E-mail address: pengcheng@student.unimelb.edu.au



mailto:pengcheng@student.unimelb.edu

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

ABSTRACT

Statistical calibration of precipitation forecasts from numerical weather prediction (NWP) models
is routinely performed grid-cell by grid-cell, aiming to produce accurate and reliable ensemble
forecasts for precipitation fields. Calibrated ensemble members from different grid-cells are then
connected using ensemble reordering to form spatially structured ensemble forecasts. However,
ensemble reordering approaches, such as the well-known Schaake shuffle method, are often
criticized for not considering real physical atmospheric states of precipitation events. In this paper,
we propose a spatial mode-based calibration (SMoC) model for post-processing forecast
precipitation fields and producing ensemble forecasts with an inbuilt spatial structure, so that
ensemble reordering is not required. The SMoC model is developed based on spatial modes
derived from empirical orthogonal function (EOF) analyses of precipitation fields and linear
regressions of derived EOF expansion coefficients of the first few dominant modes. Unlike
conventional calibration models that are applied to forecast grid-cells individually, SMoC is
applied to the whole forecast fields, and the spatial structure is inherently present in calibrated
ensemble forecasts. There is therefore no need to rely on ensemble reordering for spatial
reconstruction. The performance of SMoC is evaluated by applying it to NWP forecasts of
substantive precipitation events over the Brisbane drainage basin in eastern Australia. Cross-
validated results show that SMoC calibrated forecasts are of high quality at both grid-cell and basin
scales. The spatial structure of precipitation is found to be well embedded in the ensemble members

of the calibrated forecasts for the basin.

Keywords: forecast precipitation fields, numerical weather prediction, statistical calibration,

spatial structure, empirical orthogonal function, spatial modes.
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1. Introduction

Short-term precipitation forecasts are commonly produced using numerical weather prediction
(NWP) models in major meteorological centers worldwide. However, current NWP models cannot
fully simulate dynamic physics of the atmosphere due to various sources of uncertainty, including
model structures, model initial and boundary conditions, and model parameters (Palmer et al.,
2007). Consequently, raw forecasts from NWP models are often subject to systematic bias
(Gneiting et al., 2007; Li et al., 2017) and can be even less skillful than naive climatology forecasts
(Zhao et al., 2020). Additionally, raw forecasts from ensemble NWP models are often subject to
dispersion errors (Buizza, 2018). These deficiencies need to be addressed to improve the

usefulness of raw precipitation forecasts.

A number of statistical calibration models have been developed in the past few decades to improve
raw precipitation forecasts. Notable models include but are not limited to ensemble model output
statistics (EMOS) (Gneiting et al., 2005; Scheuerer, 2014; Baran and Lerch, 2015; Taillardat et al.,
2016), Bayesian model averaging (BMA) (Raftery et al., 2005; Sloughter et al., 2007; Schmeits
and Kok, 2010; Wang et al., 2012a; Moller et al., 2013; Baran and Moller, 2015), the Bayesian
Joint Probability (BJP) model (Robertson et al., 2013; Shrestha et al., 2015; Zhao et al., 2015;
Wang et al., 2019a; Cattoén et al., 2020; W. Li et al., 2020; Y. Li et al., 2020; Li et al., 2022), the
seasonally coherent calibration (SCC) model (Wang et al., 2019b; Zhao et al., 2020; Yang et al.,
2021; Zhao et al., 2022), and machine learning based regression models (Dogulu et al., 2015).
These calibration models are typically aimed at producing ensemble forecasts that are free from

bias, reliable in ensemble spread, and as skillful as possible.

Current forecast calibration is mostly performed separately at individual grid-cells for forecast

precipitation fields. However, the resulting calibrated ensemble members from different grid-cells
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are not spatially connected, and thus cannot reproduce the spatial structure of corresponding
observed precipitation events (Shrestha et al., 2015; Schepen et al., 2020). Consequently, several
ensemble reordering approaches have been proposed to connect calibrated ensemble members
from different grid-cells, so that the spatial structure can be reconstructed in calibrated forecasts
(Schefzik and Moller, 2018; Straaten et al., 2018). The two most popular ensemble reordering
approaches are the Schaake shuffle (Clark et al., 2004; Scheuerer et al., 2017) and the ensemble
copula coupling (Schefzik et al., 2013; Schefzik, 2017). However, both have drawbacks. The
Schaake shuffle, which reorders calibrated ensemble members based on ranks of selected historical
observations, is often criticized for not considering real physical atmospheric states of the
forecasted precipitation events (Bellier et al., 2017; Scheuerer et al., 2017). Besides, Schaake
shuffle becomes problematic when applied to precipitation forecasts, as there are often many zero
values in observed precipitation that will result in tied ranks in constructing spatial dependence
templates (Clark et al., 2004; Bellier et al., 2017; Wu et al., 2018). ECC takes raw ensembles as
templates of spatial dependence, so it is only applicable to raw ensemble forecasts as there is no
available template for raw deterministic forecasts. Its usefulness is therefore largely limited by the

size of raw ensembles and the quality of raw ensemble structures.

In view of the above-mentioned limitations of existing methods of calibration of forecast
precipitation fields, it would be highly valuable if the spatial structure can be inherently embedded
in the calibration process, thereby eliminating the need for further spatial reconstruction using
ensemble reordering approaches. However, precipitation fields are often high-dimensional in
space, and therefore it is difficult to achieve the synchronous calibration for all of the grid-cells in
the fields. One possible way is to first reduce the precipitation fields to only a few representative

variables, and then calibrate these dimensionally reduced variables.
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The empirical orthogonal function (EOF) analysis is the most widely used technique for
dimensionality reduction and pattern extraction of spatial-temporal fields (Lorenz, 1956; Hannachi
et al., 2007; Monahan et al., 2009; Schmidt et al., 2019). EOF can decompose high-dimensional
data into a set of orthogonal spatial modes along with a set of associated uncorrelated expansion
coefficients. These two features can give a spatial display and a temporal display of the large high-
dimensional meteorological data and provide valuable insights into the main physical
characteristics by focusing on a few dominant EOF modes. The EOF technique and its variants
have been widely applied in a variety of studies, including meteorology, oceanography, and remote
sensing. For example, Barnett (1978) used EOF to examine space-time variations of surface air
temperature over the Northern Hemisphere. Servain and Legler (1986) applied EOF to analyze the
seasonal variability of monthly sea surface temperature and wind stress within the tropical Atlantic
region. Lintner (2002) identified the interannual variability of global carbon dioxide using the first
few EOF modes. Wang et al. (2015) studied the Asian summer monsoon precipitation by
employing an EOF variant with emphasis on seasonal predictability. And Feng et al. (2016)
proposed an EOF-based data integration algorithm to improve the estimation of terrestrial latent

heat flux from multiple remote sensing data sources.

In this study, we set out to develop a new approach based on the EOF analysis for post-processing
forecast precipitation fields from NWP models and producing ensemble forecasts with an inbuilt
spatial structure. For this purpose, we extract representative variables from forecasts and
corresponding observations of precipitation fields based on spatial modes derived from the EOF
analysis of long-term climatology of observations and establish calibration models for these

extracted variables. We call this approach a spatial mode-based calibration (SMoC). In this paper,
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we introduce the rationale and mathematical formulations of the SMoC model in detail and

evaluate its performance through a case study.

2. Model formulation

Here we consider daily deterministic NWP forecast precipitation fields at a single lead time. We
aim to calibrate raw forecast fields and produce spatially structured ensemble forecasts that are of
high quality at both grid-cell and field scales. The developed spatial mode-based calibration
(SMoC) model in this paper involves data normalizations of precipitation data, empirical
orthogonal function (EOF) analysis, and calibration of EOF variables. The framework of the

SMoC formulation is illustrated in Figure 1 and detailed in Sections 2.1 and 2.2.
[Figure 1]

In this section, we first introduce the EOF analysis by demonstrating its application to long-term
observations of precipitation fields. Thereafter, we explain how EOF is used to establish the SMoC
model for raw precipitation forecasts and corresponding observations. Finally, we present how we
apply SMoC to calibrate new forecast fields. For clear notation, we set up three time variables t,
£ and to distinguish three different sets of precipitation data, as shown in Table 1. The long-term
observation period (t = 1,2, ..., T) may or may not overlap with the period of forecast data used
for model training (£ = 1,2, ..., T), where T and T denote the number of days in the long-term
observation period and the period of forecast data, respectively. £ represents the time of a new

forecast event that will be calibrated using the SMoC model in Section 2.3. And £ does not overlap

with the long-term observation period or the forecast period.

[Table 1]
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2.1 EOF analysis of long-term observation fields

We apply the EOF analysis to long-term observation fields to derive representative patterns with
long-term statistical characteristics of climatology. Given a gridded precipitation field, long-term

observations can be represented as

Y(1,1) Y(1,2) - Y(L5)
Y= Y(Z:rl) Y(2:,2) Y(Z,S) (1)
Y(T,1) Y(T,2) - Y(T,S)

where T and S denote the number of days in the long-term observation period and the number of
grid-cells in the gridded field, respectively; Y (¢, s) in the data matrix ¥ represents the observed

precipitation at day t in grid-cell s (t =1,2,...,Tand s = 1,2, ..., 5).
2.1.1 Data normalization

Statistical treatment on precipitation values is always challenging due to highly skewed
distribution of precipitation data. It has therefore been a common practice to apply data
transformation for normalizing precipitation data before formal analysis (Wang et al., 2012b;
Wang et al., 2019b; Zhao et al., 2022). To ensure the spatial consistency of data normalizations
among different grid-cells, we apply an approach of regionally optimized power transformation as
recommended by Du et al. (2022) to transform the long-term precipitation observation fields from

Y to Y, . Details of the power transformation can be found in Text S1 and Figure S1 of

Supplementary Material S1.
2.1.2 EOF decomposition

As an integral part of the EOF analysis, we center precipitation values (i.e., subtracting the
temporal average from the values) for each grid-cell. The centering process assures that the EOF

technique only focuses on the variance within the precipitation data, rather than taking the overall
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average of the data as an important piece of extracted information. For Y,,, temporal averages of

precipitation values can be calculated as
Y, =[Y,(1),%(2),...Y,(S)] 2
where for each grid-cell s, the precipitation average is calculated as
Vy(s) = 220, Yo (£, 5) ()

where Y, (t,s) is the power transformed observed precipitation at day ¢ in grid-cell s (¢ =
1,2,..,Tands =1,2,..,5). The centered precipitation field Y3, can be produced by subtracting

17,, from each row of ¥, and then decomposed using EOF as

Y;; = CyUy (4)
where
Cy(1,1) Cy(1,2) - Cy(1,K)
Cy = Cy(:z,l) Cy(:Z,Z) CY(Z:' K) (5)
Cy(T,1) Cy(T,2) - Cy(T,K)
Uy(1,1) Uyp(1,2) - Uyp(1,S5)
UY(KJ 1) UY(KI 2) UY(KI S)

where K is the number of derived EOF modes after the decomposition and generally equals to the
smaller dimension of the original spatial-temporal patterns (i.e., the smaller of T and S). Equation

(4) can also be written as

Y;) = Z£=1 CY(t' k)UY(kr S) (7)
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where Cy(t, k) (t = 1,2,...,T) is a column vector and varies with day ¢, representing expansion
coefficients of the k" EOF mode; Uy (k,s) (s = 1,2, ..., S) is a row vector and varies with grid-
cell s, representing spatial modes of the k** EOF mode. In this way, the original gridded long-
term observation fields (i.e., ¥) can be represented using a set of temporal variables (expansion
coefficients Cy(t, k), t = 1,2,...,T) and a set of spatial variables (spatial modes Uy (k,s), s =

1,2,...,5).
2.2 Establishing relationships between raw forecasts and observations

For a given k" EOF mode, Cy(t,k) (t = 1,2, ...,T) is a function of day t, which is analogical to
the fact that the occurrence of natural precipitation events varies with time in the field. We
therefore choose to relate raw precipitation forecasts to corresponding observations by matching

their respectively derived expansion coefficients.
2.2.1 Expansion coefficients of raw forecast fields and corresponding observation fields

Raw forecast fields in the period of training forecast data (a.k.a. forecast period from hereon) can

be represented as

X1 X@2) - X@S$)
g=|X@D X2 - X@S$) ®)
%F, 1) %F2) - X(ES)

where T and S denote the number of days in the forecast period and the number of grid-cells in the
gridded field, respectively; X (£, s) in the data matrix X represents the precipitation forecast at day
tin grid-cell s (£=1,2,..,T and s = 1,2,...,S). Similar to the processing of long-term
observation fields, we apply the data normalization and the centering process to raw forecast fields

and obtain 7(;,. To derive expansion coefficients of raw forecasts, one way is to simply apply the
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EOF decomposition to X »- However, two independent EOF analyses performed separately on raw
forecasts and corresponding observations will produce different spatial modes. This makes it hard

to match the two sets of derived expansion coefficients.

In this study, instead of repeating the EOF decomposition, we employ the spatial modes of the
long-term observation fields (i.e., Uy) and a variant of Equation (4) to derive expansion

coefficients from X,
Cx = XUy ©)
where Uy isthe inverse of Uy; Cy represents the derived expansion coefficients of raw forecasts.

Likewise, for corresponding observation fields in the forecast period

Y(1,1) Y(@2) - Y(@,9)
Y= 7(?,1) 1?(2.,2) " 17(2.,5) (10)
?(f,1) 17(7;,2) " ?(f,S)

where T and S denote the number of days in the forecast period and the number of grid-cells in the
gridded field, respectively; Y (, s) in the data matrix ¥ represents the observed precipitation at day
tin grid-cell s (f=1,2,..,T and s = 1,2, ..., 5), we apply the same data normalization and
centering process to obtain 7;,. It should be noted that we use the parameters of the data
normalization and the centering process from long-term observation fields to normalize and center
corresponding observation fields, as these parameters are derived from long-term statistical
characteristics of climatology and are more sensible for use. We then derive expansion coefficients

from 17;, using the spatial modes of the long-term observations:

Uy' (11)

10
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where Uy? isthe inverse of Uy; Cy represents the derived expansion coefficients of corresponding
observations. In this way, Cy and Cy are both derived from the same spatial modes that represent
long-term climatology statistics. This assures that these two expansion coefficients are comparable
in a reasonable manner. Similarly, this use of the EOF analysis has been performed for
hydrodynamic model inundation simulations in Fraehr et al. (2022), which derives expansion

coefficients of low-resolution models using the spatial modes of high-resolution models.

In the EOF analysis, the first few modes are often selected to represent the whole set of original
data, without compromising much of the explained data variance. The high-dimensional datasets
can therefore be reduced to only a few representative variables. In practice, the number of the
selected modes is often determined by specifying a certain amount of the total variance, e.g. 90%,
and then finding the minimum number of modes needed to explain this amount of variance. In this
study, we select expansion coefficients from the first M EOF modes, i.e., Cx(Z, k) and Cy (%, k)
(f=1,2,..,Tand k = 1,2, ..., M), to represent the whole sets of expansion coefficients, where M
is the number of the selected EOF modes. The actual value of M will vary with application. For
example, in the case study later shown in Section 3.2, the first 10 modes are chosen, which account
for 95% of the long-term observation data variance. In addition, detailed illustrations of the spatial
modes and expansion coefficients from the first 10 EOF modes are also provided in Section 3.2 to

further demonstrate the EOF analysis of the precipitation field data.
2.2.2 Seasonality removal in expansion coefficients

In establishing calibration models based on the two selected sets of expansion coefficients, we aim
to produce ensembles that are not only free from bias, reliable in ensemble spread, and as skillful
as possible, but also coherent with a seasonally varying climatology that exists in both forecasts

and observations, as well as in their respective expansion coefficients. This is especially important

11
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for forecasts at long lead times when forecast skill becomes low and forecasts approach
climatology (Wang et al., 2019b). However, it is challenging to produce coherent calibrated
ensembles as NWP models tend to be updated regularly and available NWP forecasts to establish
coherent calibration models are often limited. To resolve this problem, we choose to remove the
seasonality in expansion coefficients and pool the data from all year round together to establish
calibration models. When applying the established SMoC model for forecast calibration, we add
the removed seasonality back to calibrated expansion coefficients and finally produce coherent

calibrated forecasts (see Section 2.3 later).

In this study, we remove the seasonality by using daily climatological mean and daily
climatological standard deviation to standardize expansion coefficients of forecasts and
corresponding observations. For the k** EOF mode (k = 1,2,3,...,M), we first employ the
spectral method in Narapusetty etal. (2009) to estimate the daily climatological mean p¢, ¢ k) (t =
1,2,3, ..., T) for expansion coefficients of observations from the long-term period. We then use the
daily climatological mean to calculate the squared error of expansion coefficients and employ the
spectral method again to estimate the daily climatological standard deviation o ¢, k) (¢t =
1,2,3, ..., T) for expansion coefficients of observations from the long-term period. We apply these
two estimated variables to produce daily climatological mean and daily climatological standard
deviation for expansion coefficients of observations at day  (f = 1,2, ..., T) during the forecast

period (i.e., Hey Bk and 067@,()). The standardization goes as
Cy(E k) = (Cx(E k) — tey @)/ Tcy (12)

G k) = (Co(E 1) = Heyen) /Ty n (13)

12
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where Cx(t, k) and Cy(t k) are expansion coefficients of forecasts and corresponding
observations for the k** mode at day &, respectively; C4(t,k) and Cy (%, k) are standardized
Cx (&, k) and Cy (&, k), respectively.

2.2.3 Linear regressions of expansion coefficients

After the standardization, we establish calibration models based on these two sets of expansion
coefficients. As expansion coefficients from different EOF modes are independent from each
other, we establish calibration models separately for the M modes. Specifically, we fit an ordinary
least-square linear regression for each mode. For the k" mode (k = 1,2,3,..., M) at day f (f =

1,2,..., T), the regression can be formulated as
Cy(t, k) = a(k) x C3(E, k) + b(k) + (&, k) (14)

where a(k) and b (k) denote linear regression coefficients, and the residual term £(%, k) follows a

normal distribution:

e(t, k)~N (0,0 (k) (15)
Estimates of a(k), b(k) and o, (k) can be found by using the method of maximum likelihood
estimation.

2.3 Model use for calibrating new forecasts

Once parameters of the data normalization, data centering, spatial modes Uy, standardization of
expansion coefficients, and linear regressions in Sections 2.1-2.2 are derived from training
datasets, we can apply the established SMoC model to calibrate new forecasts. Given a new
forecast field ?((f,s) (s=12,..,5) at day £, a calibrated ensemble forecast can be produced

following the steps shown in Figure 2 and detailed as below.

13
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(a) Apply the data normalization and the centering process to produce ):(;,(f, s)(s=12,..,5).

(b) Derive expansion coefficients C;(f, k) (k =1,2,...,K) using Equation (9).

(c) Select the first M EOF modes of C)z((f, k) (k = 1,2,...,K) and remove the seasonality of
expansion coefficients to give C%(f, k) (k =1,2,...,M) using Equations (12) and (13).

(d) For the k** mode, draw a random e(ft, k) from Equation (15). Then a predicted Ci;f(f, k)
can be obtained using C)i((f, k) and Equation (14). Results for the M EOF modes are pooled
together to produce C5 (k) (k = 1,2, ..., M).

(e) Add the removed seasonality back to C5(£,k) (k = 1,2,..., M) to give C5(£,k) (k =
1,2, ..., M) using variants of Equations (12) and (13).

(f) Derive 77;,(5, s) (s = 1,2,...,5) using Equation (4):
Y, s) = C5(E k)Uy (16)

(9) Inverse the centering process and the data normalization to 7{, (f,s) (s=12,..,5and
obtain a calibrated forecast field ¥(Z,5) (s = 1,2, ..., S) in the original spatial dimension

for day £. Negative values in the inverse of data normalization are set to zero to give zero

precipitation forecasts.
(h) Repeat steps (d)-(g) N times to produce a calibrated ensemble forecast field 7(5, s, n) (s =
1,2,..,Sandn = 1,2, ..., N) for day £, N being the size of the ensemble.
[Figure 2]

Following above steps, raw forecast precipitation fields are calibrated as a whole, not grid-cell by

grid-cell. The calibrated ensemble forecast field for one precipitation event contains N ensemble

14
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members, each being a forecast ensemble member for the whole precipitation field. The spatial
structure is inherently embedded in calibrated ensemble members and therefore there is no need

to further apply conventional ensemble reordering approaches for spatial reconstruction.

3. Case study

3.1 Research basin and data

We apply the SMoC model to calibrate NWP forecasts from a case study to demonstrate the model
performance. The Brisbane drainage basin located in eastern Australia is selected as the research
basin (shown in Figure 3(a)). The basin area is 13,549.2 km?, and the average annual precipitation

in the basin is 866 mm per year.
[Figure 3]

Observed precipitation data are obtained from the Australian Water Availability Project’s (AWAP)
(Jones et al., 2009) climate datasets, which are commonly considered the best available reference
climate data for Australia. AWAP datasets have a horizontal grid spacing of 0.05° x 0.05° and are
produced by interpolating rain gauge observations across Australia. Daily observations for a period
of 30 years from 3 November 1988 to 2 November 2018 are used as long-term observations for
EOF analysis and estimation of long-term statistics of seasonality. Daily observations for a period
of 3 years from 3 November 2018 to 2 November 2021 are used as reference data for forecast

calibration and forecast evaluation.

Raw precipitation forecasts are generated from the Australian Community Climate and Earth-
System Simulator Global 3 (ACCESS-G3) model developed by the Australian Bureau of

Meteorology. ACCESS-G3 model produces deterministic NWP forecasts with a horizontal grid

15
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spacing of 0.18° (longitude) by 0.12° (latitude). With a forecasting horizon of 10 days, ACCESS-
G3 forecasts are issued at 0000 UTC, 0600 UTC, 1200 UTC and 1800 UTC every day and are
available at an hourly temporal resolution. ACCESS-G3 forecasts have been operational since 25
July 2019. To minimize possible impacts of sample size on calibration performance, we integrate
experimental forecasts (from 3 November 2018 to 24 July 2019) and operational forecasts (from

25 July 2019 to 2 November 2021) to obtain 3 years of forecasts.

To match the daily AWAP data, we adjust the spatial and temporal resolutions of ACCESS-G3
forecasts. We apply bilinear interpolation to re-grid the forecasts to the horizontal grid spacing of
observations. And we aggregate the hourly forecasts to daily values by accumulating forecast
values according to the daily period on which the AWAP data are produced. Consequently,
precipitation forecasts and observations are both provided at a grid spacing of 0.05° x 0.05° and
on a daily basis for this study. Brisbane drainage basin covers 493 grid-cells at the 0.05° x 0.05°
scale, and average annual precipitation values of the 33 years of AWAP data at these grid-cells are

shown in Figure 3(b).
3.2 SMoC model setup

The SMoC model is set up for application to 30 years of long-term observations and 3 years of
forecasts and corresponding observations for the case study. The total number of days in the long-
term period and the forecast period (i.e., T and T) are therefore 10957 and 1096, respectively. The
total number of grid-cells in the research basin (i.e., S) is 493. The size of the generated ensemble
of calibrated forecasts (i.e., N) is set as 1,000 members. The model is applied to forecasts of day

1 ahead, which represent the best performing forecasts among different lead times.

In the SMoC model establishment, the number of the first few EOF modes (i.e., M) is set as 10.

From our case study, the first 10 modes are found to account for 96% of the long-term data variance

16
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(shown in Figure S7 from Supplementary Material S1). The large number of no and little
precipitation days in the research basin (as typically in most regions) means that there are
numerous very small values of expansion coefficients (shown in Figure S6 from Supplementary
Material S1). When all these values are used to derive the linear relationships between forecasts
and observations, the model fit will be heavily geared towards the no and little precipitation events,
neglecting the model fit to the substantive precipitation events, which the public cares about the
most (Lerch et al., 2017). Therefore, we choose only to fit linear regressions to expansion
coefficients of substantive precipitation events whose corresponding basin average of raw
forecasts is beyond a pre-defined threshold in the 3-year forecast period. The threshold is set as
90% quantile of raw forecast basin averages and equals to 5.47 mm per day. And the resulting

number of chosen substantive precipitation events is 110.

To help readers understand the EOF analysis and the SMoC model more intuitively, we produce a
number of figures (Figures S2-S5 in Supplementary Material S1) to illustrate the spatial modes
and expansion coefficients of the precipitation data used in our case study. Specifically, we apply
the EOF analysis to decompose 30 years of normalized and centered observations to obtain a set
of spatial modes Uy along with a set of expansion coefficients Cy. The first 10 spatial modes (i.e.,
the first 10 rows of Uy) are shown in Figure S2, each representing one spatial pattern across the
Brisbane drainage basin over the 30-year period. The first 10 expansion coefficients (i.e., the first
10 columns of Cy) are shown in Figure S3, each representing one temporal pattern in the 30-year

period for its corresponding spatial mode.

The first 10 expansion coefficients of 3 years of normalized and centered forecasts as well as
corresponding observations (i.e., the first 10 columns of Cy and Cy that are derived using Uy) are

shown in Figures S3-S4. We also select five precipitation events of different magnitudes in the 3-
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year period (shown in Figures S4-S5) and investigate if original forecasts and observations can be
reconstructed using the first 10 EOF modes of the spatial modes Uy and expansion coefficients Cx
and Cy. Results in Figure S5 show that the EOF analysis can reconstruct the precipitation fields
reasonably well, even with only the first 10 EOF modes, both for light and heavy precipitation
events. Therefore, it is suggested that the calibration of raw forecast precipitation fields can be
represented by the calibration of raw forecast expansion coefficients using linear regressions in

Section 2.2.
3.3 Forecast evaluation

In this study, the performance of SMoC calibrated forecasts is evaluated using a leave-one-event-
out cross validation. To assess different aspects of forecast quality over the precipitation field, we
use continuous ranked probability score (CRPS) (Hersbach, 2000), probability integral transform
(PIT) (Renard et al., 2010), and structure-amplitude-location (SAL) spatial verification (Wernli et
al., 2008; Radanovics et al., 2018) to perform a comprehensive evaluation. Furthermore, we
implement the forecast evaluation at both grid-cell and basin scales, with the evaluation at grid-
cell scale assessing model calibration performance for individual grid-cells and the evaluation at
basin scale for the whole basin. Forecasts and corresponding evaluation metrics are presented in

Table 2 and detailed in Sections 3.3.1 and 3.3.2.
[Table 2]
3.3.1 Forecast evaluation at grid-cell scale

We apply CRPS and PIT to evaluate forecast skill and forecast reliability of forecasts at each of

the 493 grid-cells. CRPS measures the difference between ensemble forecast cumulative
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distributions and corresponding observations. The average CRPS for calibrated ensemble forecasts

atdayi = 1,2,...,1 isevaluated as
BT . N\ 2
CRPS = - %1 J{F(i,x) — H(x — y())} dx (17)

where F (i, x) is the forecast cumulative density function, and y (i) is the observation at day i; H
is the Heaviside step function that equals 1 if x — y(i) = 0 and equals 0 otherwise; and I is the

number of the evaluated precipitation events.

In practice, we often use CRPS skill score to evaluate the relative forecast skill improvement of
forecasts compared to reference forecasts. In this study, we produce a reference ensemble
climatology forecast for each substantive precipitation event. For this purpose, we first fit a normal
distribution in power transformed space for 30 years of AWAP observations of the month in which
the event occurred. We then draw a random sample from the distribution and inverse the power
transformation to generate an ensemble climatology forecast for the event. The sample size is also
set as 1,000. Then we calculate the average CRPS of reference climatology ensemble forecasts

(CRPS,) for the evaluated precipitation events, and give a CRPS skill score:

CRPS,or—CRPS
CRPSy¢f

CRPS skill score = X 100(%) (18)

The CRPS skill score is positively oriented, with a maximum skill score of 100% indicating perfect
forecasts and a skill score of 0% indicating that forecasts have comparable errors to the reference

forecasts. A negative skill score indicates that forecasts are less skillful than reference forecasts.

For deterministic precipitation forecasts, CRPS is equivalent to the mean absolute error (MAE):

MAE = > 3!_,1x(D) - y (@) (19)
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where x(i) and y (i) are the forecast and corresponding observation at day i, respectively; and I is
the number of the evaluated precipitation events. Similarly, we use CRPS skill score to
demonstrate the performance of raw forecasts relative to reference climatology forecasts. To have
a fair evaluation, we use the same reference CRPS for raw deterministic forecasts and calibrated

ensemble forecasts.

We use PIT to evaluate the reliability of ensemble forecasts (ensemble spread not too narrow or
too wide). Statistically, forecast reliability represents the consistency between ensemble forecast
probability distributions and the observed frequency of corresponding observations. The PIT of an

ensemble forecast at day i is calculated as
(i) = F(i,x = y(i)) (20)

where F(i,x) is the forecast cumulative density function, and y(i) is the corresponding
observation. For a set of reliable forecasts, (i) follows a uniform distribution, and the uniformity

can be examined by the well-known PIT alpha index:

(i) — — (21)

: —1_2¥y1I
PIT alpha index = 1 T di=1 1

where *(i) is the sorted (i) in an increasing order; and I is the number of the evaluated
precipitation events. PIT alpha index is also positively oriented, and ranges from 0 (poorest

reliability) to 1 (perfect reliability).
3.3.2 Forecast evaluation at basin scale

We evaluate basin average forecasts to give an overall assessment of forecast precipitation fields.
For raw forecasts, we calculate the basin average of forecasts and corresponding observations.

Then we calculate CRPS skill score of raw basin average forecasts. For calibrated ensemble
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forecasts, we calculate the basin average of each ensemble member to produce a basin average
ensemble forecast for each evaluated precipitation event. Then we calculate CRPS skill score of
calibrated basin average ensemble forecasts. Likewise, the reference ensemble climatology
forecast used for calculating CRPS skill score of each event is sampled from the distribution fitted
for 30-year basin average observations of the month in which the event occurred. Besides
calculating the PIT alpha index of calibrated basin average ensemble forecasts, we also apply the
PIT uniform probability plot to visualize the forecast reliability, where sorted PIT values ™ (i) of
all evaluated precipitation events are plotted against corresponding theoretical quantiles of the

uniform distribution. Reliable forecasts will display a scatter plot close to the 1:1 line.

To indicate whether SMoC calibrated ensemble forecasts are spatially correlated in an appropriate
way across the grid-cells, we evaluate reliability of ensemble spreads of basin average precipitation
forecasts. The rationale is as follows. When forecast spatial correlation is low, the ensemble
spreads of basin average forecasts will be narrow because much of the randomness across the grid-
cells will be averaged out. On the contrary, when forecast spatial correlation is high, the ensemble
spreads of basin average precipitation forecasts will be wide because there is less randomness
across the grid-cells in individual ensemble members. Therefore, when ensemble spreads of
forecasts of individual grid-cells and basin average are both reliable, appropriate spatial correlation

is strongly indicated.

We also apply SAL spatial verification to evaluate the structure (“S”), amplitude (“A”), and
location (“L”) of precipitation forecasts for the research basin. SAL is an object-based and
dimensionless quality measure. Formulas for calculating these three SAL components are
presented in Appendix A. “S” measures the size and shape of precipitation objects, assessing

whether the predicted precipitation objects are too large (positive “S”) or too small (negative “S”).

21



448

449

450

451

452

453

454

455

456

457

458

459

460

461

462

463

464

465

466

467

468

469

“S” ranges from -2 to 2 and a “S” value of 0 indicates perfect forecasts. “A” measures the relative
deviation of the basin average forecasts from corresponding observations. Positive (negative) “A”
values indicate that forecasts overestimate (underestimate) the basin average precipitation.
Similarly, “A” ranges from -2 to 2 and an “A” value of 0 indicates perfect forecasts. “L” measures
the displacement of the center of mass of predicted precipitation field and the error in the weighted-
average distance of the individual precipitation objects from the total precipitation field’s center
of mass. “L” ranges from 0 to 2, with 0 indicating perfect forecasts and positive values indicating

spatial forecasts that have location errors.

In addition, we plot spatial precipitation maps for several selected ensemble members of calibrated
ensemble forecasts to check whether calibrated ensemble members are capable of capturing the
intensity and spatial features of observed precipitation in the research basin. Specifically, we select
three extreme precipitation events in terms of either raw forecasts or observations or both, to
investigate the SMoC model performance in different forecasting situations. To facilitate
visualization, we choose to plot 10 ensemble members for each calibrated ensemble forecast,
corresponding to 10 equally divided quantiles from 5% to 95% based on basin averages of the

1,000 calibrated ensemble members for the whole research basin.

4. Results

4.1 Forecast evaluation at grid-cell scale
4.1.1 Forecast skill

Results of CRPS skill score for raw forecasts and calibrated ensemble forecasts at individual grid-

cells of the research basin are shown in Figure 4. To have a fair comparison, we also provide
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calibrated ensemble median forecasts as deterministic-style forecasts for comparing with raw
deterministic forecasts, as MAE is found to work better for ensemble median than for ensemble
mean (Gneiting, 2011). It can be seen from the figure that raw forecasts overall perform the worst
among these three forecasts in terms of forecast skill. There are negative CRPS skill score values
of raw forecasts across most grid-cells, especially for grid-cells in the middle and southeast areas
of the basin. By contrast, the SMoC model markedly improves the forecast skill of raw forecasts,
with the average of CRPS skill scores across all of the grid-cells increasing from -7.21% to 19.25%
(calibrated ensemble median forecasts) and 40.29% (calibrated ensemble forecasts). The calibrated
forecasts have positive CRPS skill score values at all of the grid-cells, suggesting that they are

more skillful than reference climatology forecasts.
[Figure 4]

In addition, calibrated ensemble forecasts have clearly greater CRPS skill scores than calibrated
ensemble median forecasts. This is due to the benefits of the ensemble spread information included
in calibrated ensemble forecasts. And this highlights the advantages of forecast calibration models
that can produce ensembles even when taking raw deterministic forecasts as model inputs (Schaake

et al., 2007; Shrestha et al., 2015).
4.1.2 Forecast reliability

Results of PIT alpha index for calibrated ensemble forecasts at individual grid-cells of the research
basin are shown in Figure 5. It is obvious that PIT alpha index values at almost all of the grid-cells
are close to 1, with the average across all of the grid-cells being 0.9491. Therefore, the ensemble
spread of calibrated ensemble forecasts at grid-cell scale is overall reliable in the research basin.

This indicates that the assumed normal distributions of residuals in the linear regressions can
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reliably quantify the uncertainty of predicted expansion coefficients as well as the uncertainty of

calibrated ensemble forecasts.
[Figure 5]

In addition, we calculate the root mean square errors of SMoC ensemble mean forecasts and plot
them against the square root values of average SMoC ensemble variance over the 110 substantive
precipitation events, both for grid-cell and basin scales, as shown in Figure S11 from
Supplementary Material S1. It is found that SMoC calibrated ensemble forecasts in grid-cell scale
perform well in terms of the well-known “spread-error correlation” (Whitaker and Loughe, 1998;
Fortin et al., 2014; Van Schaeybroeck and Vannitsem, 2016) as well as the ensemble forecast
reliability. However, it should be noted that the ensemble forecasts tend to be over-dispersed,

especially for grid-cells with large ensemble forecast variance.
4.2 Forecast evaluation at basin scale

For forecasts at basin scale, we first evaluate the performance of basin average forecasts. Figure 6
shows 90% and 50% ensemble intervals, and ensemble medians of calibrated basin average
ensemble forecasts against raw basin average forecasts for substantive precipitation events in the
research basin. Corresponding observations are also provided for visual forecast verification. The
width of calibrated basin average ensemble intervals generally increases with raw basin average
forecasts. This is in line with the well-known consensus that forecast uncertainty on precipitation
events increases with precipitation amounts. Calibrated ensemble medians are shown to be overall
closer to corresponding observations than raw forecasts, especially for the several extremely
substantive precipitation events on the far right of Figure 6. Statistically, the distribution of

observations is visually consistent with the shown 90% and 50% ensemble forecast intervals. To
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further assess the quality of basin average forecasts, we provide evaluation results on forecast skill

and forecast reliability in Section 4.2.1.
[Figure 6]
4.2.1 Forecast skill and forecast reliability of basin average forecasts

Results of CRPS skill score for basin average forecasts are summarized in Table 3. Similar to the
evaluation at grid-cell scale, in the order of raw forecasts, calibrated ensemble median forecasts,
and calibrated ensemble forecasts, CRPS skill scores are found to increase successively, indicating
gradual forecast skill improvements. For reliability of calibrated basin average ensemble forecasts,
PIT alpha index is calculated as 0.9692 and PIT uniform probability plot is close to the uniform
distribution (Figure 7), showing that these ensemble forecasts have good performance in forecast
reliability. The “spread-error correlation” results in Figure S11 from Supplementary Material S1
also show that SMoC calibrated basin average ensemble forecasts in basin scale perform well in

forecast reliability, although there is a potential over-dispersion issue of ensemble forecasts.

Together with the forecast reliability results presented in Section 4.1.2, it can be concluded that
calibrated ensemble forecasts are reliable at both grid-cell and basin scales. This indicates that
calibrated ensemble members from different grid-cells are connected in an appropriate way so that
basin average forecasts are reliable in ensemble spread. Spatial correlation is well embedded in

SMoC calibrated forecasts of the whole research basin.
[Table 3]

[Figure 7]
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4.2.2 SAL verification of forecast precipitation fields

Results of SAL verification for substantive precipitation forecasts of the whole research basin are
shown in Figure 8. In addition to raw forecasts and calibrated ensemble forecasts, we also evaluate
the SAL of climatology forecasts as a reference. Forecasts of high quality are illustrated as small
dots in the center of the SAL diagram. Most climatology forecasts are located in the third quadrant
of the diagram where both structure and amplitude are underestimated. This is because climatology
forecasts are produced based on historical precipitation events with all magnitudes of precipitation
amounts. When such climatology forecasts are used to predict substantive precipitation events,
they tend to provide light forecasts and therefore underestimate the size of precipitation objects

and the capacity of precipitation amounts.
[Figure 8]

Most of raw forecasts and calibrated ensemble forecasts, however, are found in the first quadrant
of the diagram where both structure and amplitude are overestimated. Raw forecasts tend to
overestimate the precipitation amounts by producing too large precipitation objects, while
calibrated ensemble forecasts, though with a similar tendency, have weaker overestimation issues,
especially for structure. For dots in top-right corner of the diagram, substantive precipitation is
predicted in terms of structure and amplitude, but little precipitation is observed. These cases are
generally considered as false alarms. By contrast, there are few blue and green dots in the bottom-
left corner of the diagram, indicating that the raw and calibrated forecasts rarely miss the prediction

of substantive precipitation events.

Furthermore, calibrated ensemble forecasts also have smaller location errors than raw forecasts
and climatology forecasts. Dots with the largest sizes are mainly found at the top-right corner of
the diagram. Green dots have overall smaller sizes than blue dots, indicating that calibrated
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ensemble forecasts perform better than raw forecasts in terms of the largest location errors. To sum
up, calibrated ensemble forecasts have the best forecast quality among these three forecasts in

terms of the SAL verification.
4.2.3 Spatial visualization plots of forecast examples

Figures 9-11 provide visualization of forecast examples from three selected extreme precipitation
events, corresponding to three different forecast performances of calibrated ensemble forecasts.
Each example contains a raw forecast, the corresponding observation, and 10 selected calibrated
ensemble members. Overall, ensemble members from Figures 9-11 have smooth precipitation
surfaces across the research basin, meaning that there are similar predicted precipitation amounts
in adjacent grid-cells. This is an important feature in correctly structured precipitation forecasts

for a spatial field.
[Figure 9]

In Figure 9, extreme precipitation is forecasted by raw forecast but not observed in the basin.
Although the raw forecast clearly overestimates precipitation amounts, we still obtain several
calibrated ensemble members (e.g., quantiles of 25% and 35%) that can predict a similar amount
of precipitation to the observation for the whole basin. However, calibrated ensemble members
with large precipitation (i.e., high quantiles) should not be considered useless, as extreme
precipitation events might occur with any magnitude of forecasted precipitation amounts,
especially with high magnitudes predicted in raw forecasts. This will be further illustrated with the

following two forecast examples.

[Figure 10]
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In Figure 10, extreme precipitation is not forecasted by raw forecast but observed in the research
basin. It can be seen that there is intense observed precipitation in the northeast of the research
basin. However, raw forecast fails to capture the large amount of observed precipitation and its
spatial distribution. This is a typical case that raw forecasts cannot successfully predict extreme
precipitation events, which might lead to severe flooding events when people have no precautions.
Fortunately, SMoC model can generate more forecast possibilities even when only relatively light
precipitation is predicted in raw forecasts. For example, the two calibrated ensemble members of
85% and 95% quantiles are approximately able to predict the intensity of the observed precipitation
event. Indeed, it is crucial for forecast users to be aware of possible extreme precipitation events

in flooding risk management (Wu et al., 2020).
[Figure 11]

In Figure 11, extreme precipitation is forecasted by raw forecast and also observed in the research
basin. However, there are differences between the raw forecast and the observation in terms of the
intensity and spatial distribution of precipitation. For example, the raw forecast has intense
precipitation amounts in the west where the intensity is much lower for the observed event. By
contrast, many calibrated ensemble members (e.g., quantiles of 35%, 45%, and 55%) are shown
to be capable of predicting the intensity of the observed precipitation. This is especially the case
for the ensemble member of 35% quantile, which has similar spatial patterns to the observed

precipitation event.

In addition to the displayed quantiles (from 5% to 95%) of basin averages of SMoC calibrated
ensemble members, we provide a few more calibrated ensemble members for forecast visualization
by using animation, as shown in Animations S1-S3 from Supplementary Material S1. Apart from

the basin-scale quantiles, we also produce spatial precipitation plots based on the grid-cell-scale
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quantiles of calibrated ensemble members for the three selected forecast examples, as shown in
Figures S8-S10 from Supplementary Material S1. The quantiles are also set to 10 equally divided
values from 5% to 95% but applied to the 1,000 calibrated ensemble members from each grid-cell.
Different from Figures 9-11 that display multiple quantiles of calibrated ensemble members for
the whole research basin, Figures S8-S10 offer insight into the forecast uncertainty information
present in individual grid-cells. SMoC calibrated ensemble members are found to contain diverse

forecast possibilities at both basin and grid-cell scales.

5. Discussion

In the case study, we select the first 10 EOF modes that account for over 95% of the data variance
to represent all the 493 modes. To investigate the influence of the number of selected EOF modes
on the SMoC model performance, we conduct further experiments using some other numbers of
EOF modes. Results of CRPS skill score and PIT alpha index for grid-cell-scale calibrated
forecasts and calibrated basin average forecasts are shown in Figure S12 (from Supplementary
Material S1). It can be seen that CRPS skill scores do not change much with the number of EOF
modes used, especially for numbers larger than 2. By contrast, PIT alpha index values increase
dramatically with the increase in the number of EOF modes used initially, and then have only
small fluctuations when the number of EOF modes is larger than 9. These results indicate that we
can achieve the highest possible forecast skill with only a few EOF modes. However, a relatively

large number of EOF modes is required to reliably quantify the forecast uncertainty.

In our analysis, we standardize the EOF expansion coefficients prior to linear regressions by

removing the embedded seasonality, so that we can pool values from different months together to
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establish the SMoC model and produce coherent calibrated forecasts. As a comparison, we also
establish a calibration model without the standardization of expansion coefficients. Results of
CRPS skill score and PIT alpha index for grid-cell-scale calibrated forecasts and calibrated basin
average forecasts are summarized in Table S1 (from Supplementary Material S1). It can be found
that the standardization of expansion coefficients does not have a significant impact on forecast
reliability but leads to higher forecast skill of calibrated ensemble forecasts, at both grid-cell and
basin scales. The removal of seasonality also helps demonstrate the true correspondence between
expansion coefficients of forecasts and corresponding observations (Zhao et al., 2020). This
facilitates the establishment of a robust calibration model and improves the performance of

calibrated forecasts.

The EOF analysis is well known as an effective tool to perform dimension reduction for climate
data, typically for Gaussian-distributed data such as temperature variables (Barnett, 1978; Servain
and Legler, 1986). However, for climate data that are not Gaussian-distributed such as the daily
precipitation investigated in this study, the use of EOF for dimension reduction may lead to loss
of useful data information (Lim et al., 2012). To alleviate this issue, we apply power
transformations to normalize precipitation data before the EOF analysis and standardize EOF
expansion coefficients before the Gaussian-based linear regressions. The EOF analysis is found to
perform well for this study according to the fairly good representation of precipitation field data
(shown in Figure S5 and Figure S7 from Supplementary Material S1) and the remarkable
calibration results of the SMoC model. Despite these performances, it would be of interest to
further investigate the possible effects of EOF on the loss of precipitation data information. It
would also be worthwhile to try out other dimension reduction methods that are suitable for non-

Gaussian-distributed data, such as the independent component analysis (ICA) (Lim etal., 2012).
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We acknowledge that the SMoC model is only used to calibrate forecasts of substantive
precipitation events in our case study. Theoretically, if we have a long record of NWP forecasts,
it will be more sensible to establish multiple calibration models respectively for events with
different magnitudes of precipitation (Li et al., 2019; Wang et al., 2019b). However, the archived
record of forecasts is commonly short as NWP models are frequently updated and there are only a
limited number of NWP models producing hindcasts. The developed SMoC model might be
further improved using longer archived NWP forecasts and could be extended to calibrate events
with other magnitudes of precipitation. Indeed, extending the SMoC model for calibration of non-

substantive precipitation events in the research basin will be investigated in our future work.

SMoC calibrated ensemble forecasts are found to be reliable in ensemble spread. However, it
should be noted that the produced ensemble members tend to be over-dispersed to some extent, as
shown in Figure S11 from Supplementary Material S1. In other words, these ensemble forecasts
are not sharp in terms of ensemble spread. According to the well-known paradigm of forecast
calibration in Gneiting et al. (2007), the sharpness of predictive ensembles should be maximized
subject to forecast reliability. Indeed, this issue could potentially be alleviated by using a longer
record of archived NWP forecasts, in which case we will be able to establish a calibration model
specifically for those extremely substantive events. In this way, the residuals of linear regressions
for expansion coefficients can exclusively apply to the fitted extreme precipitation events, which
helps to reduce the forecast uncertainty information and thus enlarges the sharpness of calibrated

ensemble forecasts.

In this study, the ordinary least-square linear regression is employed to establish statistical
calibration models for forecast expansion coefficients and is found to perform well in producing

high-quality calibrated ensemble forecasts. Indeed, this classical linear regression, also named
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model output statistics (MOS), has been extended to incorporate many complexities for
accommodating a variety of objectives of forecast calibration (\Van Schaeybroeck and Vannitsem,
2011). For example, the Error-in-Variable MOS (EVMOS) method (Vannitsem, 2009) was
developed to take into account the errors in both observations and forecasts, unlike the original
MOS method that only considers the errors in observations. Consequently, EVMOS was found to
produce more appropriate variabilities for calibrated forecasts, even at long lead times. Other
extended linear regression methods include the Time-Dependent Tikhonov Regularization
(TDTR) (Golub and Loan, 1996), the Total least-square (TLS) (Huffel and Vandewalle, 1991;
Golub and Loan, 1996), and the Geometric Mean (GM) (Teissier, 1948). It would be valuable to
further investigate if the uses of these extended linear regression methods and some other methods
like machine learning (Dogulu et al., 2015) can produce improved model performance compared

to the ordinary least-square linear regression used in the current SMoC model.

The SMoC model is innovatively developed to calibrate forecast precipitation fields as a whole,
rather than calibrating univariate forecasts separately for each grid-cell as in conventional
calibration models. The main advantage is that calibrated ensemble forecasts are produced with an
inbuilt spatial structure, and there is no need to further employ ensemble reordering to connect
calibrated ensemble members from different grid-cells. And forecast post-processing no longer
suffers from the aforementioned drawbacks of ensemble reordering approaches (e.g., the Schaake
shuffle and ECC). As SMoC calibrated ensemble forecasts in our case study have shown good
performance, it would be highly valuable to compare the SMoC model to conventional calibration

models along with ensemble reordering approaches in future study.

In addition to the spatial structure across different grid-cells, calibrated ensemble forecasts should

also have a correct temporal structure across different forecasting lead times (Clark et al., 2004),
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especially for adjacent ones. Substantive precipitation events often occur at consecutive days, and
so does light precipitation events. In practice, meteorological centers often issue precipitation
forecasts for several lead times. Raw forecasts are produced from different temporal phases of the
evolution of simulated atmospheric states in NWP models and are therefore temporally correlated.
The SMoC model is currently capable of calibrating raw forecasts of different lead times
individually (e.g., forecasts of day 1 ahead in our case study). In our future work, we will apply
SMoC to calibrate raw precipitation forecasts of other lead times, especially long lead times, and
further investigate how to connect SMoC calibrated ensemble members from different lead times

in a sensible way.

6. Summary and conclusions

In this paper, a spatial mode-based calibration (SMoC) model for calibrating forecast precipitation
fields from NWP models is presented. We aim to produce calibrated ensemble forecasts that are
of high quality at both grid-cell and field scales, and crucially, with a correct spatial structure. The
SMoC model is developed based on the EOF analysis and linear regressions. Representative EOF
variables are derived from forecasts and corresponding observations using the same spatial modes
that represent long-term climatology statistics, so that forecasts and observations are related in a
sensible manner. Linear regression models are established for calibrating the extracted EOF
variables, with distributions of regression residuals provided as uncertainty information to produce

ensemble forecasts.

SMoC is an innovative model developed to post-process forecasts from multiple grid-cells as a

whole and produce calibrated ensemble forecasts with an inbuilt spatial structure. By contrast,
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conventional post-processing of forecast fields typically requires two steps, i.e., statistical
calibration of raw forecasts separately for individual grid-cells and ensemble reordering of
calibrated ensemble members from different grid-cells. The SMoC model turns the two-step post-
processing to only one step and avoids a few well-known drawbacks of ensemble reordering

approaches.

The performance of SMoC is evaluated by applying it to forecasts of substantive precipitation
events over the Brisbane drainage basin in eastern Australia. A number of evaluation measures are
used for verification of calibrated ensemble forecasts, including CRPS, PIT, SAL verification, and
also spatial visualization plots. Cross-validated results show that calibrated forecasts are reliable
in ensemble spread and have much improved forecast skill compared to raw forecasts, at both grid-
cell and basin scales. Calibrated ensemble members from different grid-cells are shown to be
spatially correlated appropriately. Calibrated forecasts are also found to outperform both raw
forecasts and climatology forecasts in terms of the structure, amplitude, and location of substantive

precipitation forecasts for the whole research basin.

Future work of the SMoC model is being undertaken on the improvement of SMoC using other
dimension reduction and statistical regression methods, the application of SMoC for calibrating
forecasts of non-substantive precipitation events and forecasts of long lead times, the maximization
of the sharpness of calibrated ensemble forecasts, the comparison between SMoC and conventional
calibration models along with ensemble reordering approaches, the construction of the temporal
structure among calibrated ensemble forecasts from different lead times, and the extension of

SMoC to calibrate forecast fields of other weather variables.
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Appendix A. Structure-amplitude-location (SAL) spatial verification

We employ an object-based spatial verification, the SAL method (Wernli et al., 2008; Radanovics
et al., 2018), to compare the structure (“S”), amplitude (“A”), and location (“L’) components
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between precipitation forecasts and corresponding observations. Considering a precipitation field
that contains a number of grid-cells, precipitation objects are identified as contiguous grid-cells
where precipitation amount is above a given threshold. The identification of objects is
implemented separately for forecast and observed precipitation fields. Following an approach in
Wernli et al. (2009), we determine the threshold as 1/15 of the 95th percentile of all grid-cell
precipitation amounts in the field larger than 0.2 mm/day. Here we display the formulas of SAL

for deterministic forecasts of the precipitation field.

In this study, given a forecast precipitation field X(£,s) (s = 1,2, ...,S) and a corresponding
observed precipitation field Y(£,s) (s = 1,2, ..., S) at day £, the three components “A”, “L”, and

“S” are calculated in order from easy to difficult as follows.
(1) The amplitude component (“A”)

The amplitude component corresponds to the relative difference in field average precipitation

between the forecast field and the observation field.

A=2(X(Es)-Y(E9))/(X(Es)+Y(Es)) (A1)

where the overbar represents the field average precipitation of X (£,s) and Y (£, s). “A” provides a

simple evaluation on the quantitative accuracy of total precipitation amount in the field.
(2) The location component (“L”)

The location component consists of two parts: “L1” and “L2”. “L1” measures the relative distance

between the centers of mass of the forecast field and the observation field.

L, = |c (7((5,5)) —c (7(5, s))| /d (A2)
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where c(-) denotes the center of mass of the precipitation in the field and d represents the largest
distance between any two grid-cells within the field. “L.” gives a first-order evaluation on the

overall distribution accuracy of the precipitation in the field.

However, a zero value of “L1” does not guarantee a perfect forecast in terms of the location error,
as more detailed distribution features can be very different between the forecast field and the
observation field. “L>” is therefore introduced to capture such difference by considering the
weighted average distance between the center of mass of the precipitation field and identified

precipitation objects. Specifically, assuming the number of the precipitation objects is J for the

forecast precipitation field X (£, s), the weighted average distance is calculated as
r(XE9) = (2P |c (RE9) - (X)) /2es P (A3)

where P; is total precipitation amount that integrates all grid-cell precipitation amounts in the jt"

precipitation object 7(}- (G =1,2,..,]). The same calculation is applied to the observation

precipitation field ¥ (£,s) to obtain r (17(5, s)). “L,” is then calculated as

L, =2 |r (7((5,5)) —r (7(5, s))| /d (A4)
and “L” is finally obtained as
L=L, +1L, (A5)
(3) The structure component (“S”)

The structure component aims to measure the size and shape of precipitation objects. For this
purpose, a scaled volume for the j* forecast precipitation object 7(1- (G =12,..,])is calculated

as
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vy = B/ (A0

where 7(]’-"“" denotes the grid-cell maximum precipitation amount in the precipitation object 7(]-. A

weighted average of scaled volumes for all forecast precipitation objects is then produced by
V(XEs) =i PV /E) P (A7)

The same calculation is applied to the observation precipitation field Y(Z, s) to obtain V (?(E, s)).

“S” is then defined as the relative difference in weighted average of scaled volumes between the

forecast field and the observation field, which is analogous to the component “A” (Equation (Al)):

S=2 (V (XG9)-v (¥ s))> / (v (X)) +v (V6 s))) (A8)
SAL for ensemble forecast precipitation fields has similar forms to the introduced deterministic
SAL. Taking an ensemble forecast field as an example, each ensemble member is treated as a

deterministic forecast and the X(,s), c(f((f,s)), and V(T((E,s)) calculation results of all

ensemble members are averaged to be used in Equations (A1), (A2), and (A8) to derive “A”, “L1”,

and “S”, respectively. The calculation of “L,” is defined as 2 times the continuous ranked

probability score (CRPS) of r (7((1?, s)) calculation results of all ensemble members compared to

r (17(5, s)) divided by d. This relationship between the deterministic “L,” and the ensemble “L,”

is similar to the relationship between the mean absolute error (MAE) of deterministic forecasts
and the CRPS of ensemble forecasts introduced in Section 3.3. Further details of the deterministic

SAL and ensemble SAL can be found in Radanovics et al. (2018).
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Tables

Table 1. Time variables set up for precipitation data.

Time variables Descriptions
t Time of precipitation data in long-term observation period (t = 1,2, ..., T)
t Time of forecast data used for model training (£ = 1,2, ..., T)
£ Time of a new forecast precipitation event

Table 2. Forecasts and corresponding evaluation metrics at grid-cell and basin scales.

Evaluation scales Forecasts Evaluation metrics

Grid-cell Forecasts of individual grid-cells

CRPS, PIT
Basin average forecasts

Basin
Forecasts of the whole precipitation basin SAL

Table 3. CRPS skill score verifications of basin average forecasts.

Basin average forecasts

Raw forecasts Callbrgted ensemble Calibrated ensemble
median forecasts forecasts
CRPS skill score 19.62% 33.83% 52.14%
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1041 Figure 1. The modelling process of the SMoC model. Observation fields* represent observations
1042 in the same period as raw forecasts used in model training. Power transformation is used for
1043 normalizing precipitation data, and ECs are derived expansion coefficients from the EOF analysis.
1044  Red texts denote processing steps between two neighboring datasets (shown in shaded text boxes).
1045  Boxes with dashed boundaries and solid boundaries respectively represent inputs and outputs of

1046 the modelling process. Green boxes will be used for calibrating new forecasts as in Figure 2 later.
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Figure 2. Calibration of new forecast fields using the SMoC model. Power transformation is used
for normalizing precipitation data, and ECs are derived expansion coefficients from the EOF
analysis. Red texts denote processing steps between two neighboring datasets (shown in shaded
boxes). Boxes with a dashed boundary and a solid boundary respectively represent the input and
output of the calibration process. Green boxes are obtained from the modelling process of the

SMoC model.
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Figure 3. Location (a) and average annual precipitation map (b) of the Brisbane drainage basin.
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Figure 4. CRPS skill score verification at grid-cell scale of raw forecasts, calibrated ensemble
median forecasts, and calibrated ensemble forecasts for substantive precipitation events in the
research basin during the 3-year forecast period. The averages of CRPS skill scores across all of
the grid-cells for raw forecasts, calibrated ensemble median forecasts, and calibrated ensemble
forecasts are respectively calculated as -7.17%, 19.16%, and 40.27%. A positive (negative) CRPS
skill score indicates that forecasts are more (less) skillful than reference climatology forecasts. The
arrow of the left (right) color bar indicates that values can be below (above) the displayed minimum

(maximum) CRPS skill score.
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substantive precipitation events in the research basin during the 3-year forecast period. Dots are
sorted PIT values of observed precipitation events; solid line represents 1:1 uniform distribution
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Figure 8. SAL verification diagram for raw forecasts, calibrated ensemble forecasts, and
climatology forecasts of substantive precipitation events in the research basin during the 3-year
forecast period. Every dot shows values of the three components of SAL for a particular
substantive precipitation event. The values of the amplitude and structure components are shown
along the x and y axes. The value of the location component is indicated by the size of the dots.
The median values of location are 0.1163 (climatology forecasts), 0.0843 (raw forecasts), and
0.0693 (calibrated ensemble forecasts). Median values for structure and amplitude components are
shown as dashed lines, and colored boxes extend from the 25th to the 75th percentile of the
distributions of structure and amplitude. It should be noted that the differences among forecasts in
the amplitude do not reflect the differences in forecast bias. Indeed, biases of these three forecasts
are calculated as -9.49 mm/day (climatology forecasts), 2.79 mm/day (raw forecasts), and 0.26
mm/day (calibrated ensemble forecasts). This indicates that the linear regressions inside the SMoC
model are capable of correcting the bias of raw forecast expansion coefficients and consequently

the bias of raw precipitation forecasts.
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Basin-scale quantiles of SMoC calibrated ensemble members (event date: 29 October 2020)
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1120  Figure 9. Spatial precipitation plots of calibrated ensemble members selected based on a set of

1121 quantiles of basin averages of SMoC calibrated ensemble members for a substantive precipitation
1122 event on 29 October 2020. Extreme precipitation is present in the raw forecast but not in the

1123  observation for this event.
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Basin-scale gquantiles of SMoC calibrated ensemble members (event date: 19 January 2021)
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1126 Figure 10. Spatial precipitation plots of calibrated ensemble members selected based on a set of

-

0

1127 quantiles of basin averages of SMoC calibrated ensemble members for a substantive precipitation
1128  event on 19 January 2021. Extreme precipitation is present in the observation but not in the raw

1129  forecast for this event.
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Basin-scale quantiles of SMoC calibrated ensemble members (event date: 14 December 2020)
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1132 Figure 11. Spatial precipitation plots of calibrated ensemble members selected based on a set of

1133 quantiles of basin averages of SMoC calibrated ensemble members for a substantive precipitation
1134 event on 14 December 2020. Extreme precipitation is present in both the raw forecast and the

1135  observation for this event.
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