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ABSTRACT: High-resolution, limited-area forecasting is strongly affected by errors in the initial atmospheric state,
lateral boundary conditions (LBCs), and physical parameterizations used by numerical weather prediction (NWP) models.
These errors need to be accounted for through the introduction of uncertainty in an ensemble prediction system (EPS).
One approach to account for model error is to use a stochastically perturbed parameterizations (SPPs) scheme. A first
version of the SPP scheme of HARMONIE EPS (HarmonEPS) has been tested, with promising improvements in ensem-
ble spread. However, it introduced systematic biases and deteriorated skill scores for some variables. Here, we investigate
the performance of an updated version of the HarmonEPS SPP scheme, which includes (i) the use of uniform distributions,
(ii) the correlation of stochastic patterns between key SPP parameters, and (iii) the introduction of four additional parame-
ters, in the microphysics and mass-flux schemes. Two five-parameter SPP-based setups are compared against initial and
LBC perturbations setups for five forecast periods: (i) 22-28 March 2019, (ii) 612 July 2020, (iii) 20-26 February 2021,
(iv) 13-26 January 2021, and (v) 20 May-2 June 2021. We find that SPP-based experiments show better probabilistic
metrics for near-surface and cloud-related variables than the non-SPP experiments. The SPP-based ensembles show
increased spatial spread (as indicated by dFSS), while maintaining similar spatial skill (as indicated by eFSS) with the non-
SPP experiment. In addition, the systematic bias in the ensemble members of the previous SPP iteration has been allevi-
ated with the use of uniform distributions. Finally, the use of microphysical and mass-flux perturbations improves the
ensemble scores for cloud-related variables, precipitation, and visibility.

SIGNIFICANCE STATEMENT: Ensemble prediction systems are essential for weather forecasting. Their skill
depends on the representation of uncertainties arising from errors in the initial atmospheric state and model physics. In
this study, we present an update to the stochastically perturbed parameterizations scheme, which represents uncertainty
arising from model errors, of the limited-area HARMONIE ensemble prediction system. The update to the scheme
includes the introduction of uniform distributions and correlated perturbations for the perturbed parameters, as well as
the addition of four new perturbed parameters. Overall, this revision removes systematic biases in ensemble members,
which were present in the previous iteration of the scheme, and shows increased ensemble spread (up to 70%) and
reduced model errors (up to 5%) for near-surface and cloud-related variables.

KEYWORDS: Atmosphere; Uncertainty; Ensembles; Numerical weather prediction/forecasting;
Model evaluation/performance

1. Introduction separated into two categories: atmospheric state uncertainty
and uncertainty arising from the incomplete representation
of physical properties and processes (Leutbecher et al.
2017).

Atmospheric state uncertainty is also known as initial state
uncertainty. Initial uncertainty attempts to account for errors
in the atmospheric observations (or their limited availability)
and their assimilation in the generation of the analysis fields.
Uncertainty can also arise from the incomplete representation
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knowledge or limitations in model physics but also uncertain-
ties in dynamics and dynamics—physics coupling. Although in
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Uncertainty is an intrinsic characteristic of the atmosphere
due to its chaotic nature (Lorenz 1963). Accounting for this
uncertainty is essential to forecast potential evolutions of
the current atmospheric state in time, which is the aim of an
ensemble prediction system (EPS). Uncertainty is generally

tice, it is difficult to separate them as initial errors include
physical model errors and vice versa since the analysis is
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Various methods have been developed over the years to
represent initial state uncertainty. Most notable are the singu-
lar vectors (Buizza and Palmer 1995; Barkmeijer et al. 1998,
1999; Leutbecher and Lang 2014), ensemble Kalman filtering
(Evensen 2003), breeding models (Toth and Kalnay 1993),
and ensembles of data assimilation (EDA) (Buizza et al.
2008). For more details on the differences between these ap-
proaches, we refer to relevant review papers (Leutbecher and
Palmer 2008; Buizza et al. 2008). In addition to the initial state
perturbations, lateral boundary conditions (LBCs) perturba-
tions are also important for a limited-area EPS (Romine et al.
2014; Frogner et al. 2019). Usually, the limited-area EPS is
forced by a coarser-resolution EPS at the boundaries, and the
coarser-resolution EPS is, sometimes, also used to generate
initial uncertainty. When no coarser-resolution EPS is avail-
able, the scaled lagged average forecasting (SLAF) method
(Hou et al. 2001) can be used to introduce initial state and
LBCs uncertainty. EPSs that account only for initial and
LBCs uncertainty are not able to adequately represent the ac-
tual forecast uncertainty (Palmer et al. 2005; Jankov et al.
2017; Leutbecher et al. 2017).

Increasing effort has been directed toward the representa-
tion of model uncertainty. Uncertainty associated with incom-
plete knowledge of land surface/soil parameters can be
introduced through perturbations of the surface variables
with substantial impact on near-surface meteorological condi-
tions (Barthlott and Kalthoff 2011; Bouttier et al. 2016;
Frogner et al. 2019). Model errors from parameterization
schemes can be taken into account through the use of multi-
physics schemes (Charron et al. 2010; Berner et al. 2012, 2015;
McTaggart-Cowan et al. 2022) or the commonly used stochas-
tically perturbed parameterization tendencies (SPPT)
schemes (Palmer et al. 2009; Bouttier et al. 2012; Leutbecher
et al. 2017).

The SPPT scheme, with all its variations (Sanchez et al.
2016; Christensen et al. 2017; Wastl et al. 2019a,b), is perturb-
ing parameterized tendencies of atmospheric variables (hori-
zontal wind components, specific humidity, and temperature).
This approach has been very efficient in introducing model
uncertainty and is thus exceptionally useful in improving the
reliability and skill of an EPS (Palmer et al. 2009; Bouttier
et al. 2012; Leutbecher et al. 2017; Wastl et al. 2019a). Yet, as
noted by Leutbecher et al. (2017) and Ollinaho et al. (2017),
the SPPT scheme does not respect energy and mass conserva-
tion laws and it has a smaller impact within the boundary
layer, due to tapering functions commonly used to avoid nu-
merical instabilities (Wastl et al. 2019a). In HARMONIE
EPS (HarmonEPS), Frogner et al. (2022) have shown that the
SPPT scheme has a small impact on the representation of
model uncertainty, which is in contrast with the results for the
AROME EPS (Bouttier et al. 2012), despite the fact that the
two EPSs share the same dynamical core and similar physical
parameterization schemes. Overall deficiencies in the SPPT
scheme led to the development of the stochastically perturbed
parameterizations (SPP) scheme (Ollinaho et al. 2017;
Frogner et al. 2022).

Instead of perturbing parameterized tendencies, the SPP
scheme is directly perturbing uncertain physical parameters in
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the various parameterization schemes to account for model
error. This alternative approach can increase the reliability
and skill of an EPS (Ollinaho et al. 2017; Wastl et al. 2019a;
Jankov et al. 2019; Lang et al. 2021; Frogner et al. 2022;
McTaggart-Cowan et al. 2022), bringing it on par with the
SPPT schemes or even surpassing them (Lang et al. 2021;
Frogner et al. 2022). Parameter distributions for the SPP
scheme are usually lognormal, to ensure that perturbed pa-
rameters do not receive negative or zero values (Palmer et al.
2009; Leutbecher et al. 2017; Ollinaho et al. 2017).

To match the ensemble scores achieved with the use of
SPPT schemes, SPP schemes often need to employ large stan-
dard deviations for the underlying distributions from which
the perturbed parameters are sampled (Wastl et al. 2019a;
Lang et al. 2021). However, the combination of large standard
deviation and the lognormal distributions can lead to skewed
parameter distributions (Frogner et al. 2022). Moreover, due
to nonlinear behavior, parameter values in the tail of the
probability distribution functions (PDFs) can lead to extreme,
unrealistic response for the perturbed physical processes. This
can lead to systematic model biases in the SPP scheme and
deteriorate its skill (Jankov et al. 2019; Frogner et al. 2022;
McTaggart-Cowan et al. 2022).

To address these biases and improve the performance of
the SPP scheme, it is essential to investigate different ap-
proaches for the representation of parameter distributions.
One way to do this would be to look for ways to increase en-
semble spread, without increasing the standard deviation of
the underlying parameter distributions. In general, it is prefer-
able that parameter perturbations are independent (Palmer
et al. 2009; Wastl et al. 2019a; Leutbecher et al. 2017; Ollinaho
et al. 2017) of each other. However, different studies have
shown that correlation/anticorrelation between perturbations
for parameters acting in a similar/opposite direction can in-
crease ensemble spread and improve probabilistic perfor-
mance of an ensemble (Jankov et al. 2019; Lang et al. 2021).

Another approach would be to use so-called stretched-
uniform distributions, as seen in recent research (McTaggart-
Cowan et al. 2022). The former have clearly defined edges,
which eliminates the need of clipping. Moreover, in uniform
distributions, all parameter values have equal probability of
occurrence, which can increase the actual standard deviation
of the parameter without the need for long distribution tails.
Uniform distributions can be easily centered around the de-
fault value, to equally split probabilities between positive and
negative perturbations, or even offset the distribution’s center
to account for nonsymmetry in the impact of the perturbation.
This can help alleviate the systematic bias in ensemble mem-
bers when using lognormal distributions (Frogner et al. 2022),
as seen in the recent SPP literature (McTaggart-Cowan et al.
2022).

Finally, increasing the number of parameter perturbations
to sample uncertainty from different physical parameteriza-
tions can also lead to increased ensemble spread (Jankov et al.
2019; Lang et al. 2021). Perturbations in microphysics
(Thompson et al. 2021) and shallow-convection/mass-flux
parameters (Fleury et al. 2022) can have a significant impact
on the representation of clouds and precipitation, which are
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physical processes that convection-permitting ensembles still
struggle to improve (Frogner et al. 2019, 2022).

Therefore, to address the issues discussed above, we ex-
panded the functionality of the scheme with the addition of
(i) uniform distributions, (ii) correlated perturbations be-
tween selected parameters, (iii) four new SPP parameters,
and (iv) changes in the standard deviation of lognormal distri-
butions for some SPP parameters. In this manuscript, we com-
pare three different SPP-based EPS suites (two new and one
based on the previous SPP iteration) versus an EPS suite with
only initial and LBC perturbations. In section 2, we describe
the methodology followed and modifications implemented in
the new iteration of the SPP scheme. The results are pre-
sented in section 3, while discussion and conclusions are pro-
vided in sections 4 and 5.

2. Methodology
a. Model description

The experiments were conducted using HarmonEPS
(Frogner et al. 2019), which is the ensemble prediction system
based on the HARMONIE-AROME limited-area model, at
convection-permitting grid spacing (2.5 km) and 65 vertical
levels. We use the CY43H.2.2 version of the HARMONIE-
AROME code, which is based on the CY40 version described
in Bengtsson et al. (2017), but includes updates to various
physical parameterizations [e.g., the updates described in de
Rooy et al. (2022)]. In HARMONIE-AROME, turbulence
and convection are described in the coherent framework
of eddy diffusivity mass flux (EDMF) (Siebesma et al. 2007).
The eddy diffusive turbulent parameterization scheme
HARMONIE with RACMO Turbulence (HARATU) is
based on the prognostic TKE scheme of Lenderink and
Holtslag (2004) with different length scale formulations for heat
and momentum (Bengtsson et al. 2017). Shallow convection is
parameterized as in de Rooy et al. (2022). Surface processes
are parameterized using the surface externalized (SURFEX)
model (Masson et al. 2013), version 8.1, while the microphysi-
cal process is parameterized following the ICE3 scheme
(Lascaux et al. 2006). For a detailed description of the model
dynamics and parameterization schemes of HARMONIE-
AROME, we refer the reader to Bengtsson et al. (2017),
de Rooy et al. (2022).

HarmonEPS is capable of variational data assimilation
(3D-Var and 4D-Var) with 3-h cycling (Brousseau et al. 2011,
2012; Gustafsson et al. 2018). Uncertainty in the initial and
lateral conditions can be introduced from a coarser regional
or global model (in this case, we used the IFS). This is done
by nesting HarmonEPS members into the coarser EPS’s
members, which provide the different initial and later bound-
ary conditions for the HarmonEPS members. Alternatively,
HarmonEPS can use the SLAF method of Hou et al. (2001),
when boundary conditions are only available from determinis-
tic IFS forecasts. Observation perturbations using EDA can
also be applied to generate initial perturbations for the en-
semble members of HarmonEPS (Frogner et al. 2019), while
perturbations to surface parameters can also be applied
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following Bouttier et al. (2016). In terms of model error repre-
sentation, HarmonEPS can utilize a multiphysics ensemble
(Frogner et al. 2016), a SPPT scheme (Bouttier et al. 2012;
Frogner et al. 2019), and a SPP scheme (Frogner et al. 2022).
The SPP scheme is discussed in detail in section 2b.

b. The HARMONIE-AROME SPP scheme

The SPP scheme can account for uncertainty arising from
errors in model physics by perturbing uncertain parameters in
the parameterization schemes of HARMONIE-AROME.
The parameters that have been tested and perturbed (Frogner
et al. 2022) can be seen in Table 1. From these 11 parameters,
the most important in terms of ensemble spread were (i) the
proportionality constant in the additional variance term in the
cloud scheme (VSIGQSAT) [see de Rooy et al. (2022)],
(ii) the cloud thickness threshold for shallow/deep convection
(CLDDPTHDP), which is shutting down moist convection
above the threshold, (iii) the ice nuclei (ICENU), (iv) the top
entrainment (RFAC_TWO_COEF), which is a proportional-
ity constant in the top entrainment term, (v) the proportional-
ity constant of the stable condition length scale (RZC_H),
and (vi) the asymptotic free atmosphere length scale (RZL_
INF) (Frogner et al. 2022; de Rooy et al. 2022).

The method used to create the stochastic perturbations to
the SPP parameters can be separated into two parts: (i) the use
of the stochastic pattern generator (SPG) (Tsyrulnikov and
Gayfulin 2017) and (ii) the particular perturbation amplitude
and distribution type applied to the individual parameters.

SPG is based on a linear third-order stochastic model driven
by white Gaussian noise, which is used to generate spatiotempo-
rally correlated pseudorandom fields (Tsyrulnikov and Gayfulin
2017). The spatial and temporal perturbations are achieved by
using Matérn class correlation functions (Handcock and Stein
1993; Guttorp and Gneiting 2006). This results in a 2D pseudo-
random spatially and temporally correlated noise, which satisfies
the proportionality of scales (Tsyrulnikov and Gayfulin 2017).
The spatiotemporal pattern evolves in time using a spectrally
based SPG numerical solver.

Four main parameters control the spatial SPG patterns:
(i) the standard deviation (SDEV) of Gaussian noise field,
(ii) the spatial length scale A, (iii) the temporal decorrelation
scale 7, and (iv) the proportionality of scale factor (SPGQ).
These SPG parameters are the same for all SPP parameters
as in Frogner et al. (2022). To ensure that each SPP parameter
has a different SPG-generated pattern, a different random
seeding per parameter is applied generating a unique SPG
field (hereby denoted as @;).

The SPG fields for each SPP parameter are then converted
into lognormal fields. If we assume that Xj is the perturbed
value of the jth parameter with default parameter value )7] ,
then the equation reads (Ollinaho et al. 2017)

X; = Xy, M

where ¥; is the pseudorandom standard Gaussian noise gen-
erated by the SPG (®;) after the multiplication by CMPERT;
(the multiplicative noise factor for the jth parameter applied
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TABLE 1. Parameters, descriptions, default values, recommended ranges, and multiplicative factor (CMPERT) used in the SPP
scheme. Recommended ranges and CMPERT values are shown as in Frogner et al. (2022), while defaults values are those set in
CY43H2.2 of HarmonEPS. CMPERT values have been adjusted for SDEV = 1, instead of SDEV = 3, as in Frogner et al. (2022).
Parameter values for RZC_H and RZL_INF are based on de Rooy et al. (2022). Parameter values for RZALPHA, RZNUC,

ZMFDRY, and ZMBCLOSURE are newly introduced parameters here discussed in section 2c¢(3) and were not tested before

(Frogner et al. 2022).

Physics Default Recommended CMPERT
Parameter name Description scheme value (units)  range (units)  (cy40.1.1)
VSIGQSAT Saturation limit Microphysics 0.02 (—) 0.0-0.6 (—) 1.2
CLDDPTHDP Cloud thickness threshold for shallow/deep Convection 4000 (—)  1000-8000 (m) 12
convection
ICE_CLD_WGT Cloud ice content impact on cloud thickness Microphysics 1(—) 0-2 (—) 12
ICENU Ice nuclei Microphysics 1(—) 0.1-100 (—) 21
KGN_ACON Kogan autoconversion speed Microphysics 10 (—) 1-500 (—) 1.5
KGN_SBGR Kogan subgrid scale (cloud fraction) sensitivity ~Microphysics 0.5 (—) 0.01-1 (—) 0.6
RADGR Graupel impact on radiation Radiation 0.5 (—) 0-1 (—) 0.9
RADSN Snow impact on radiation Radiation 1(—) 0-2 (—) 0.9
RFAC_TWO_COEF Top entrainment efficiency Turbulence 2(—) 0.5-3 (—) 12
RZC_H Proportionality constant in the stable length Turbulence 0.11 (—) 0.1-0.2 (—) 12
scale formulation
RZL_INF Asymptotic free atmosphere length scale Turbulence 40 (m) 20-200 (m) 1.8
RZALPHA Parameter « of generalized vy distribution used  Microphysics 3(—) — —
in cloud droplet size distribution
RZNUC Parameter v of generalized vy distribution used ~ Microphysics 3(—) — —
in cloud droplet size distribution
ZMFDRY Dry updraft mass-flux parameter Convection 1(—) 0-2 (—) —
ZMBCLOSURE Mass-flux closure parameter Convection 0.35 (—) 0-0.45 (—) —

to ®;) and u; is the mean of the ¥; distribution, which can be
set to either p; = —0.5(SDEV CMPERT))” (the mean of the
lognormal distribution is equal to 3(;) or p; = 0 (the median
of the lognormal distribution is equal to X/.). This effectively
means that the amplitude of the total standard deviation of
the jth parameter is SDEV CMPERT;.

¢. SPP modifications
1) CORRELATED PERTURBATIONS

The concept of correlating parameter perturbations is
based on the physical assumption that certain parameters are
acting in a similar direction (e.g., increasing both parameters
separately increases the turbulent mixing). For this study, we
have identified two SPP parameters (RZC_H and RZL_INF)
that modulate the mixing length scales in the boundary layer
and free troposphere, mainly under neutral and stable condi-
tions (de Rooy et al. 2022). From a physical process perspec-
tive, correlating their spatial perturbation patterns ensures
similar perturbations in turbulent mixing within and above
the boundary layer, and consequently, a similar influence on
the strength of atmospheric inversions and stratus/stratocu-
mulus dissipation (de Rooy et al. 2022).

The correlation between the perturbations is achieved by using
the pseudorandom spatially and temporally correlated SPG
field of ®;, instead of ®;,; for the jth + 1 parameter. This
ensures that the resulting perturbations for jth + 1 parameter
have the same spatial pattern with the jth parameter but dif-
ferent amplitude due to the different multiplication factor
CMPERT;, ;.
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2) UNIFORM DISTRIBUTIONS

The second modification to the SPP scheme is the addition
of uniform distributions for the SPP parameters. The idea of
the uniform distribution arises from the physical reasoning
that the uncertainty in the reference value of a parameter
does not always have a predefined probability distribution
function (e.g., a normal or lognormal distribution); hence,
all values within the uncertainty range are equally proba-
ble. This assumption may be true for highly uncertain
physical parameters but may not hold for well-constrained
parameters.

Uniform distributions are generated separately for each
SPP parameter and are not affecting the generation of the
SPG fields. To generate the uniform perturbations, the cumu-
lative distribution function of the pseudorandom SPG field ®;
of the jth parameter is calculated as

CDF, = 0.5 {erf[(x — m)/(SDEVV2)] + 1}, 2)

where erf[(x — mj)/(SDEV\/E)] is the error function of the
Gaussian distribution from the SPG field ®; with mean value
m; and SDEV. The perturbations for the jth SPP parameter
are generated as

X, = X, [1 + CMPERT,(CDF, - )], (3)

where CDF; — B is the uniform SPG noise and 8 is a para-
meter used to adjust the center of the uniform distribution,
with B = 0.5 leading to a uniform distribution centered around
the default parameter value.
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This approach ensures that the probability distribution of
the perturbed parameters is close to uniform but retains the
spatially and temporally correlated pattern of the SPG pseu-
dorandom noise. For simplicity in the implementation, we
make the assumption that m; is equal to zero.

3) NEW MICROPHYSICS AND MASS-FLUX PARAMETERS

In terms of microphysics, we decided to add the parameters
a and v, which are controlling the shape of the generalized
gamma distribution used to compute the cloud droplet size
distribution (Contreras Osorio et al. 2022). Previous studies
(Miles et al. 2000; Bari et al. 2015; Igel and van den Heever
2017, Wurtz et al. 2021; Thompson et al. 2021) have shown
that the values of these parameters are highly uncertain.
These parameters have a strong impact on cloud formation
and precipitation and can also affect fog (Thompson et al.
2021; Barthlott et al. 2022; Boutle et al. 2022; Contreras Osorio
et al. 2022). In HARMONIE-AROME, the parameters « and
v have two different values over the land and sea (ag, = 3,
Qand = 1; Usea = 1, Vjang = 3). Here, we decided to perturb
Osea and vpupg to display part of the sensitivities highlighted
in Contreras Osorio et al. (2022), but in the future, we plan
to include perturbations for all four parameters.

Apart from the uncertainty in several parameters of the
shallow-convection scheme (de Rooy et al. 2022), there is also
a more fundamental problem of using deterministic mass-flux
schemes at high resolutions. These schemes assume convec-
tive quasi-equilibrium and consequently a one-to-one corre-
spondence between the large-scale (grid point) forcing and
the convective response. However, already at the current op-
erational grid resolution of the HARMONIE-AROME
model (2.5 km), the mass-flux response is just one realization
from a broad probability density function of possible mass
fluxes [see Plant and Craig (2008), Fig. 1]. In the future, with
steadily increasing model resolution, the necessity to capture
the stochastic nature of convection will only increase. One
way to represent the variable convective response at high
resolutions is the use of an intrinsically stochastic convec-
tion scheme [see, e.g., Dorrestijn (2016)]. However, another
obvious option to capture the stochastic nature is to modu-
late the mass-flux response with SPP perturbations. Note
that our shallow-convection scheme is based on a dual
mass-flux approach (Neggers et al. 2009; de Rooy et al.
2022) in which we distinguish two updrafts: 1) a dry updraft
describing all the thermals that do not convert into satu-
rated updrafts in the cloud layer and 2) a moist updraft rep-
resenting all updrafts that do reach the lifting condensation
level (LCL) and continue their ascent in the cloud layer.
Therefore, we modulate the mass flux of both updrafts sep-
arately. The dry updraft mass flux is perturbed by adding a
control parameter (ZMFDRY, default value 1) to modulate
the intensity of the dry updraft mass flux. Uncertainty in the
moist updraft mass flux is represented by perturbations to
the mass-flux closure parameter ¢, = 0.035 (Brown et al.
2002; de Rooy et al. 2022). This is done by introducing a new
perturbed parameter ZMBCLOSURE (reference value 10c}),
which is then perturbed.
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d. Experimental design

To test the impact of the SPP modifications, we conducted a
series of experiments for different periods over the KNMI
domain (Fig. 1): (i) 20-26 February 2021, (ii) 612 July 2020,
and (iii) 22-28 March 2019; and over the MetCoOp domain
(Fig. 1): (i) 13-26 January 2021 and (ii) 20 May-2 June 2021.
These periods encompass a variety of weather conditions
(e.g., cold and mild winter, convective weather during
summer with thunderstorms) that are usually challenging for
limited-area NWP models. Each domain is tested using a
different version of HarmonEPS as we attempted to stay as
close to the operational EPS versions used at the Royal
Netherlands Meteorological Institute (KNMI) and MetCoOp
(see differences in the appendix). Apart from the different
domain and EPS setups, the MetCoOp domain is larger
with 1069 X 949 grid cells versus 789 X 789 grid cells in the
KNMI domain. Both domains used the same number of verti-
cal levels (65).

Each EPS experiment consists of seven members (0—control,
1-6 perturbed members) running forecasts over the selected pe-
riods. Forecast lead times are set to 36 h starting each day at
0000 UTC (the KNMI domain) and 48 h starting at 1200 UTC
(MetCoOp domain). In addition, 3-hourly forecasts are run ev-
ery 3 h to keep data assimilation running continuously during
the forecast period. For the KNMI domain, each member does
its own assimilation of surface observations, but atmospheric as-
similation is restricted to the control member. In the MetCoOp
domain, all members do their own 3D-Var as EDA with ob-
servation perturbations is active. The control member does
not use the SPP scheme. Data output is provided every 3 h. A
summary of the HARMONIE-AROME configuration set-
tings and the differences between each EPS version is pro-
vided in the appendix.

The experiments are split into two parts. In the first part,
we evaluate the impact that the correlated perturbations and
uniform distributions have on the performance of the SPP
scheme. For this comparison, both KNMI and MetCoOp
have selected an SPP setup consisting of five dominant SPP
parameters (SPP_SP setup), which was tested using their re-
spective model domains, HarmonEPS setups, and forecast pe-
riods. These SPP_SP experiments vary slightly between the
domain as seen in Table 2 but are very similar; thus, we will
refer to them as SPP_5P. These SPP_5P experiments are com-
pared to reference HarmonEPS experiments (hereby CY43_
REF), which do not include SPP perturbations and represent
the current operational HarmonEPS setups used by KNMI
and MetCoOp (valid until August 2022). Thus, the CY43_
REF experiment for the KNMI domain includes perturba-
tions in initial and LBC conditions using the SLAF approach,
while over the MetCoOp domain, the CY43_REF experiment
includes perturbations in initial and LBC conditions from IFS
ensemble members, observation perturbations (EDA), and
surface perturbations. Furthermore, to test the reduction in
model biases reported in (Frogner et al. 2022), we ran two ad-
ditional SPP_5P experiments (thereafter named SPP_S5P_
CY40S) for the two winter forecast periods but using the
SPP setting of CY40hl.1 (i.e., old CMPERTsS, not correlated
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FIG. 1. Model domains used in HARMONIE-AROME for MetCoOp (orange domain;
METCOOP25D) and KNMI (red domain; NETHERLANDS) experiments. For simplic-
ity, we refer to them as MetCoOp and KNMI domains.

or uniform distributions) from Frogner et al. (2022) (see
Table A2).

In addition, for the forecast periods over the KNMI do-
main, an additional SPP experiment (SPP_9P) has been con-
ducted based on SPP_5P but with the addition of the four
new SPP parameters [see section 2¢(3)]. For a description of
the experiments and the SPP settings used, please see Table 2.

e. Evaluation metrics

The evaluation of the EPS experiments is conducted against
point observations of 2-m temperature (75,,), 2-m relative hu-
midity (RHay,), 2-m specific humidity (Qy), 10-m wind speed
(S1om), fractional total (CCy,), and low cloud cover (CCy),
mean sea level pressure (PMSL,) and accumulated 3-hourly pre-
cipitation (AccPcp3h) using the HARP package (https:/github.
com/harphub). Observations are based on synoptic (SYNOP)
stations across the modeled domains.

Here, we use the same evaluation metrics available in
HARP as used in Frogner et al. (2022): (i) the root-mean-
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square error (RMSE) of the ensemble mean, (ii) the bias of
the ensemble mean, (iii) the ensemble spread (square root of
the unbiased variance estimation of the ensemble members
with respect to the ensemble mean), and (iv) the continuous
ranked probability score (CRPS, negatively oriented). Testing
for the significance in the verification metrics difference be-
tween each experiment has been done using bootstrapping
methods, where we randomly sample forecast-observation
pairs for the calculation of the verification metrics (as done
in Frogner et al. 2022). This random sampling is repeated
20 times to compute the statistical significance of the results.

The ability of the ensemble to predict the occurrence of fog
events is evaluated using the Brier score:

1
BS = 7 Zif;(l’i/ - Oij)z’ “)

where 7 is the number of forecast—observation pairs, i is the
verification point, j is the forecast number, and p;; and o;; are
the modeled and observed probabilities for the jth forecast at
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TABLE 2. SPP-based experiment settings using SPP_5P and SPP_9P for both domains. The format for each entry is name, default
value, CMPERT, distribution.

Experiment name

Parameters SPP_5P, MetCoOp SPP_5P, KNMI SPP_9P, KNMI

P1 VSIGQSAT, 0.02, 0.6, VSIGQSAT, 0.02, 0.6, VSIGQSAT, 0.02, 0.6, lognormal (mean)
lognormal (mean) lognormal (mean)

P2 CLDDPTHDP, 4000, 0.6, RFAC_TWOC, 2, 0.6, RFAC_TWOG, 2, 0.6, lognormal (mean)
lognormal (mean) lognormal (mean)

P3 ICE_CLD_WGT, 1, 1.2, ICE_CLD_WGT, 1, 1.5, ICE_CLD_WGT, 1, 1.5, uniform (8 = 0.5)
uniform (B = 0.5) uniform (B = 0.5)

P4 RZC_H, 0.11, 1.05, RZC_H, 0.11, 1.35, RZC_H, 0.11, 1.35, uniform (B8 = 0.475)
uniform (B = 0.475) uniform (B = 0.475)

P5 RZL_INF, 40, 0.45, RZL_INF, 40, 2.25, RZL_INF, 40, 2.25, uniform (B = 0.25)
lognormal (mean) uniform (B = 0.25)

P6 — — RZALPHA, 3, 1.5, uniform (B = 0.57)

P7 — — RZNUC, 3, 0.6, lognormal (mean)

P8 — — ZMFDRY, 1, 0.8, lognormal (mean)

P9 — — ZMBCLOSURE, 0.35, 1.5, lognormal (mean)

Correlations RZC_H + RZL_INF RZC_H + RZL_INF RZC_H + RZL_INF

location i, respectively. The Brier score is calculated for three
threshold values for visibility (250, 500, and 1000 m), intended
to separate the ability of the ensemble to capture dense, mod-
erate, and light fog.

To complement the point-based model evaluation, we also
conducted spatial evaluation on 3-hourly precipitation and
cloud cover with the use of the fractions skill score (FSS)
(Roberts and Lean 2008). Previous studies (Dey et al. 2014;
Skok and Roberts 2016; Frogner et al. 2022) have shown that
a spatial evaluation for precipitation and cloud cover can pro-
vide additional information on the spatial skill score and en-
semble spread, especially for high-resolution simulations at
convection-permitting resolutions. The spatial skill (eFSS) is a
measure of the spatial difference between forecast and the ob-
servations. Here, we follow Dey et al. (2014) and compute
eFSS scores for each member—observation pair and then aver-
age them to compute the mean eFSS. The dispersion of the
FSS (dFSS) is derived by calculating the FSS between each
member pair (e.g., member 0 vs member 1, member 2 vs
member 3) and then averaging (Dey et al. 2014). The mean
dFSS score gives a measure of the spatial agreement of the
variable fields in the different ensemble members and hence
is an indication of spatial ensemble spread (Dey et al. 2014).
The eFSS score is a positive oriented score (larger is better),
while the dFSS score is negatively oriented (lower score
means more spatial ensemble spread).

Modeled cloud mask is evaluated against satellite-derived
observations from the MSG-SEVIRI following the algorithms
of Le Gleau (2019). The grid spacing of the retrieved cloud
mask is 3 km at nadir and is regridded to match the model’s
domain and 2.5-km grid spacing using bilinear resampling
from the pyresample python module (https://pyresample.
readthedocs.io/en/latest/). MSG-SEVIRI retrievals provided
cloud masks every 15 min (00, 15, 30, and 45 min); however,
to match the modeled output times, we only used the re-
trieved cloud mask at 0000 UTC every 3 h (0000, 0300 UTC,
etc.). Similar to Frogner et al. (2022), we decided to use a
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cloud mask threshold value of 0.2, to ensure that grid cells
with high-altitude clouds are excluded from the analysis. For
the satellite scores, we used spatial scales of 2.5-192.5 km.
Note that for the MetCoOp domain, the analysis of cloud cover
with the eFSS score is limited to 75°N as the MSG-SEVIRI ob-
servations were not available above this latitude. The eFSS and
dESS scores for cloud cover are calculated for all forecast peri-
ods over the KNMI domain but only during the 20 May-2 June
2021 period for the MetCoOp domain due to the lack of model
data availability for the spatial cloud mask during the winter
period.

The evaluation of spatial precipitation skill is done only for
the experiments conducted over the KNMI domain and only
within the geographical boarders of the Netherlands as the ra-
dar precipitation product is not available outside these geo-
graphical boarders. The radar observations are a product of
hourly precipitation estimates from radar, which are corrected
using the rainfall gauge network of KNMI in the Netherlands.
The methodological details of radar precipitation processing
to generate the hourly precipitation products are thoroughly
described in Overeem et al. (2009b,a, 2011). The hourly pre-
cipitation data are accumulated into 3-hourly values (starting
from 0000 UTC every day) to match the maximum forecast
lead time of the ensemble experiments. For the computation
of the eFSS and dFSS scores, we evaluated the modeled 3-
hourly accumulated precipitation fields (lead times 3-36 h)
against observations for different precipitation thresholds
(1st-99th percentiles of the observed precipitation) and spa-
tial scales (2.5-92.5 km).

3. Results
a. Evaluation against point observations

We start with the evaluation of the improvements in the
systematic bias of the ensemble members, before proceeding
to the comparison of the CY43 SPP-based experiment with
CY43_REF.
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FIG. 2. Comparison of RMSE, spread, CRPS, and mean bias between the CY43_REF, SPP_SP, SPP_9P, and
SPP_5P_CY40S for the KNMI domain during the 20-26 Feb 2021 period. Evaluation metrics are calculated against
observations from point stations (>500 point stations included for 75,,) across the domain and are averaged over all
forecast lead times (3-36 h) and forecast initialization days during the aforementioned forecast period. Actual metric
values are given in the text. The differences (%) vs the CY43_REF experiment for RMSE, spread, and CRPS are pre-

sented using the color scale.

1) REDUCTION IN SYSTEMATIC BIASES

The reduction of systematic model bias is investigated
for the winter periods over the KNMI and MetCoOp do-
mains by comparing SPP_SP versus the SPP_5P_CY40S
experiments.

The SPP_5P_CY40S experiments show a substantial in-
crease in ensemble spread for the February and January 2021
periods over the CY43_REF experiments (Figs. 2 and 3).
However, we do find a substantial deterioration of RMSE
and mean ensemble bias in the SPP_5P_CY40S, leading to a
substantial deterioration of the CRPS scores for 7,, com-
pared to CY43_REF. Substantial changes in ensemble mean
bias are seen mainly for all near-surface variables (except
Q>m) during the February period. These findings are in line
with those from Frogner et al. (2022).

The change in the ensemble mean bias of SPP_5P_CY40S
is systematic in nature and is driven by the SPP perturbations
in SPP_5P_CY40S settings (Table A2), as the ensemble mean
bias is not present in the CY43_REF experiment (Fig. 4). This
is quite apparent looking at the bias of the perturbed ensem-
ble members for 7, and S;o in SPP_5P_CY40S versus those
in CY43_REF (Fig. 4). In the SPP_5P_CY40S, the use of
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lognormal distributions with large CMPERT values results in
negative perturbations accounting for more than 70% of the
total perturbations applied to some of the SPP parameters
(see Fig. 5). More specifically for the RZC_H, the imbalance
in negative versus positive perturbations results in lower-
than-reference RZC_H values over most of the model do-
main. The disproportionality in the probability of negative
and positive perturbations, and the fact that negative pertur-
bations in RZC_H tend to have a larger impact than a similar
magnitude positive perturbation, lead to weak vertical mixing
during stable conditions, which results in the systematic de-
crease in 75, and Sy in the perturbed members.

Systematic biases due to perturbations can lead to ensem-
ble members with different mean model climate than that of
the control member, which is not a desired trait for an EPS
(Jankov et al. 2019; McTaggart-Cowan et al. 2022). Moreover,
systematically biased perturbed members may limit the reli-
ability of the ensemble.

Comparing the SPP_5P_CY40S experiment with the new
SPP experiments (SPP_SP and SPP_9P) reveals that the dif-
ferences in ensemble mean bias versus CY43_REF experi-
ment decrease substantially. Systematic biases for 75, and Sy
have been decreased (Figs. 2-4), by reducing CMPERT

Institute | Unauthenticated | Downloaded 08/27/24 12:51 PM UTC
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FI1G. 3. Comparison of RMSE, spread, CRPS, and mean bias between the CY43_REF, SPP_5P, and SPP_5P_CY40S
for the MetCoOp domain during the 13-26 Jan 2021 period. Evaluation metrics are calculated against observations
from point stations across the domain and are averaged over all forecast lead times (3-48 h) and forecast initialization

days during the aforementioned forecast period. Actual me

tric values are given in the text. The differences (%) vs the

CY43_REF experiment for RMSE, spread, and CRPS are presented using the color scales.

values (VSIGQSAT), by changing to uniform distributions
(for ICE_CLD_WGT, RZC_H, and RZL_INF), and by ad-
justing B for some SPP parameters to account for the nonsym-
metric impact of the perturbations (Table 2). These changes
result in a substantial reduction in ensemble spread compared
to SPP_5P_CY40S but have mainly positive or neutral impact
on RMSE and CRPS scores (Figs. 2 and 3). This is also con-
firmed by comparing the scorecards of SPP_5P_CY40S versus
SPP_5P, which shows significant improvements for most of
the evaluated variables, except CCior and Cpyge (Fig. S1 in the
online supplemental material).

2) EVALUATION OF SPP SETUPS

The SPP_SP and SPP_9P experiments show improved veri-
fication metrics compared to CY43_REF, but these improve-
ments can vary drastically for the different forecast periods.

For the experiments conducted over the KNMI domain,
SPP perturbations substantially increase (>10%) the ensem-
ble spread (Figs. 2, 6, and 7) for most variables, except for
3-hourly precipitation and mean sea level pressure (only
about 1%-2% increase). The largest increase occurs in the
February 2021 forecast period, with ensemble spread for 75,
increasing by 70%, while for the rest of the variables, the

Brought to you by Swedish Meteorological & Hydrological Institute | Unauthenticated | Downloaded 08/27/24 12:51 PM UTC

increase in ensemble spread ranges between 5% and 50%
compared to CY43_REF (Fig. 2). An increase in ensemble
spread during the July 2020 and March 2019 periods is smaller
(around 5%-15%). The inclusion of four new perturbations
in the mass-flux and microphysics parameters (SPP_9P setup,
Table 2) results in an additional increase of about 5% in en-
semble spread for all variables (except 3-hourly precipitation
and PMSL) versus the SPP_SP experiment for the July 2020
forecast period and about 1%-2% increase during the February
2021 and March 2019 periods.

For the experiments in the MetCoOp domain, the increase
in ensemble spread in the SPP_SP experiment is smaller
(around 5%-10%). The stark difference in the ensemble
spread increase between the two domains can be attributed
mainly to the use of EDA and surface perturbations in
CY43_REF and SPP_SP experiments in the MetCoOp do-
main. This leads to generally larger ensemble spread com-
pared to the SLAF approach used in the KNMI domain and
also highlights the fact that in the presence of an already rea-
sonably dispersive ensemble, SPP perturbations will have a
smaller impact. Another reason for the differences could be
the lower amplitude of the perturbations for RZC_H used in
the MetCoOp domain (Table 2), since this parameter has
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SPP_9P experiments for the control member (red) and the perturbed members (gray). Evaluation metrics are calculated against observa-

tions from point stations during the 20-26 Feb 2021 period.

been shown to increase ensemble spread substantially in
Frogner et al. (2022).

The difference in ensemble spread between SPP_SP and
CY43_REF experiments for near-surface variables (7,
RHyy,, Oom, and Sygy,) varies substantially between the differ-
ent forecast periods over the KNMI domain. These differ-
ences can be attributed to the different impact of the SPP
perturbations during these periods. For instance, perturbations to
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RZC_H show the strongest impact on ensemble spread for near-
surface variables during winter (Frogner et al. 2022), as these per-
turbations have a much larger impact on the near-surface profiles
during stable stratification (de Rooy et al. 2022). In addition, the
perturbations to mass-flux parameters (in SPP_9P) show a stron-
ger impact during the summer period, probably due to the larger
impact of the mass-flux perturbations in a summer period when
there is substantial convective activity.

SPP 5P (uniform)
0.008 =

0.007 4

0.006 -

0.005 1

0.004 4

0.003

0.002 +

0.001 +

0.000 - T T T
0 2 3 4 5
Normalized parameter values

FI1G. 5. Comparison of idealized lognormal and uniform distribution of the perturbed values of RZC_H (normalized by the reference
value) generated from the SPP settings for the parameter in the SPP_5P_CY40S and SPP_5P experiment setups.
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FIG. 6. As in Fig. 2, but for the 6-12 Jul 2020 period and without the SPP_S5P_CY40S experiment.

Changes in RMSE between the three setups (CY43_REF,
SPP_5P, and SPP_9P) are rather neutral (<1%) for near-
surface variables, but RMSE is reduced by around 2%-10%
for cloud-related variables depending on the forecast period
and domain evaluated (Figs. 2, 3, and 6-8). A small increase
in RMSE is visible for 3-hourly precipitation for the winter
and summer periods, though not for the spring period. The
inclusion of the four new perturbations (SPP_9P) results
in small decreases in RMSE (about 1%) compared to the
SPP_5P experiment, mainly for CC,,, and CC,,, and mainly
for the winter and summer periods. The changes in RMSE
and spread lead to an increase in the spread-to-RMSE ratio
for the SPP_5P and SPP_9P experiments for all forecast
periods. Considering that the spread-to-RMSE ratios for
the CY43_REF experiment are substantially smaller than
the optimal value of 1, an increase in spread-to-RMSE
ratios indicates that the SPP-based ensembles are less
underdispersive.

The CRPS is also reduced for most variables when SPP
perturbations are active (Figs. 2, 3, and 6-8). Cloud-related
variables show the largest reduction in the CRPS (3%-5%)
over the KNMI domain, with a smaller reduction over
the MetCoOp domain (1%). A substantial reduction is
also visible for T, RHom, Qom, and Siom, but 3-hourly accu-
mulated precipitation and PMSL show mixed results with
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slight improvement in some forecast periods (summer period
KNMI domain and winter period MetCoOp domain) and de-
terioration for the rest. The differences in ensemble spread
and CRPS are statistically significant for most forecast lead
times across all forecast periods (Figs. S2-S4).

During the 20-26 February 2021 period, there was signifi-
cant fog over the Netherlands and northern Europe. Thus, we
decided to also evaluate the ensembles using the Brier score
[Eq. (4)] for visibility thresholds of 250, 500, and 1000 m. We
found that the SPP perturbations reduce the Brier score for
all thresholds (except in the SPP_SP_CY40S experiment
where the BS increases), especially for visibility < 250 m, i.e.,
dense fog (Fig. 9). There is a similar decrease in the Brier
score reliability for all thresholds (see Fig. S5), indicating a
better match between forecast and observed probabilities for
the selected visibility thresholds. On the contrary, in the SPP_
5P_CY40S experiment, Brier score reliability increases. This
could be due to an increase in forecast probabilities for visibil-
ity below the specified thresholds, due to substantially colder
2-m temperatures (as seen in Fig. 4). In Fig. 12 of Frogner
et al. (2022), a similar SPP setup as SPP_SP_CY40S experi-
ment resulted in a substantial increase in the forecast proba-
bility for fog over the MetCoOp domain. The addition of
perturbations to the cloud droplet distribution parameters
(RZALPHA and RZNUC) in the SPP_9P setup improves the
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FIG. 7. Asin Fig. 2, but for the 22-28 Mar 2019 period and without the SPP_SP_CY40S experiment.

Brier score for visibility compared to the SPP_5P experiment
(viz., a reduction in BS reliability). This supports our under-
standing that perturbations to the microphysics and mass-flux
parameters can have a substantial impact on clouds and fog,
as seen in previous studies (Thompson et al. 2021; Contreras
Osorio et al. 2022; Fleury et al. 2022).

b. Spatial evaluation

Cloud mask and precipitation often have a highly localized
nature, which may lead to an insufficient evaluation through
SYNOP observations alone. Thus, we decided to apply the
FSS, to evaluate the ensemble versus spatial observations
(eFSS score) (Roberts and Lean 2008; Frogner et al. 2022)
and to get a measure of the spatial spread of the ensemble
(dFSS score) (Dey et al. 2014).

1) CLOUD MASK

The mean eFSS and dFSS scores are calculated by aver-
aging individual scores for each member—observation pair,
as in Dey et al. (2014) to allow us to directly compare eFSS
and dFSS. Similar to Frogner et al. (2022), we compute the
25th and 75th percentiles of eFSS and dFSS scores. Addi-
tionally, we used bootstrapping with resampling (1000
times) to obtain the 95th confidence intervals of the mean
eFSS and dFSS.
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As expected, both eFSS and dFSS increase with increasing
spatial scales, as the displacement error for clouds is mini-
mized when averaging over larger spatial scales (Figs. 10 and
11). Over the KNMI domain, eFSS for the CY43_REF,
SPP_5P, and SPP_9P experiments is very similar, with the
mean eFSS for CY43_REF being slightly higher at larger
spatial scales for the February 2021 and March 2019 periods
(Fig. 10). Yet, given the large range of the 75th-25th per-
centiles and the 95% of the confidence intervals for the mean
eFSS, these differences are probably not significant. On the
contrary, the eFSS for the SPP_SP over the MetCoOp domain
deteriorates compared to the CY43_REEF setup and across all
spatial scales (Fig. 11).

The SPP_SP and SPP_9P experiments exhibit lower dFSS
compared to CY43_REF across all spatial scales over the
KNMI domain (Fig. 10), which indicates lower agreement
in cloud fraction between the ensemble members and hence
more spatial ensemble spread (Dey et al. 2014). These dif-
ferences in mean dFSS scores are substantial, and there is a
clear downward shift in the 75th-25th percentiles of the
dFSS in the SPP_5P and SPP_9P setups. Over the MetCoOp
domain, the differences in dFSS between CY43_REF and SPP_
SP increase and the 75th-25th percentile range are not overlap-
ping (Fig. 11), which indicates an even larger improvement in
spatial ensemble spread for SPP_SP. The addition of the four
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FIG. 8. Asin Fig. 3, but for the 20 May-2 Jun 2021 period and without the SPP_SP_CY40S experiment.

new perturbations in SPP_9P leads to lower dFSS compared to
SPP_SP (more spread) for the 6-12 July 2020 period, which is
in line with our findings for total cloud cover in Fig. 6. This
is likely to be caused by the mass-flux perturbations, which
are more active during the summer period, leading to addi-
tional ensemble spread for cloud fraction. Overall, these re-
sults indicate that the new SPP-based experiments should
be less underdispersive compared to the CY43_REF ex-
periments, with only a small deterioration in forecast skill.

2) PRECIPITATION

The calculation of mean eFSS and dFSS for 3-hourly pre-
cipitation is only done for days (in the periods 20-26 February
2021, 6-12 July 2020, and 22-28 March 2019) and 3-hourly
precipitation fields, when the 99th percentile of the 3-hourly
observed precipitation over the Netherlands exceeds 1 mm.

The mean eFSS for CY43_REF decreases for larger precip-
itation percentiles and smaller spatial scales (Fig. 12). The en-
semble is generally not able to achieve eFSS > 0.5 (a measure
of the usefulness of the ensemble forecast) above the 50th
precipitation percentile. This indicates that the ensemble is not
able to reasonably predict intense localized precipitation (e.g.,
convective precipitation). The mean eFSS is improved if we cal-
culate it using 36-hourly accumulated precipitation (not shown),
but given the importance of accurate precipitation timing, we
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consider that the evaluation of 3-h accumulated precipitation is
appropriate. Comparing the SPP_SP and SPP_9P experiments
with the CY43_REF reveals that the eFSS slightly decreases
(less than 5%) for most percentiles and spatial scales but with
a few exceptions. SPP_5P and SPP_9P experiments have
similar or slightly better eFSS compared to CY43_REF for
the 1st-10th percentiles and also for the 95th-99th percentiles
at scales < 25 km (only for SPP_9P). The small improve-
ment in mean eFSS for 95th-99th percentiles in SPP_9P may be
related to the perturbations of the mass-flux SPP parameters,
which can result in suppressed mass-flux that helps to build up
organized convection and intense precipitation.

In terms of spatial ensemble spread, the mean dFSS for the
CY43_REF experiment follows a similar pattern as the mean
eFSS (Fig. 13), which indicates that the ensemble members
differ less at lower precipitation percentiles and larger spatial
scales. There is an increase in spatial ensemble spread (lower
dFSS) for the SPP_5P and SPP_9P experiments compared to
CY43_REF for all spatial scales. The reduction in dFSS
reaches up to 10% for the 75th and 90th precipitation percen-
tiles in the SPP_9P experiment. A decrease in dFSS scores be-
tween the SPP_5P and SPP_9P experiments indicates that the
perturbations in mass flux and microphysical SPP parameters
in SPP_9P also increase the spatial precipitation differences
between the ensemble members.
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FIG. 9. Brier score for visibility thresholds of 250, 500, and 1000 m for the CY43_REF (red), SPP_5P (blue), SPP_9P (green), and
SPP_5P_CY40S (orange) setups for the 20-26 Feb 2021 period. Evaluation is done against point observations across the domain.

Opverall, the inclusion of SPP perturbations can decrease
dESS for 3-hourly accumulated precipitation, while only show-
ing a small reduction in the eFSS. We also tested applying differ-
ent thresholds [2 mm (3 h)™! or 4 mm (3 h)"!] when filtering
the 3-hourly precipitation fields for the calculation of mean
eFSS and dFSS and found similar results (see Figs. S6-S9).

4. Discussion

The use of SPP schemes has been shown to improve the
performance of an EPS for near-surface and cloud-related
variables (Wastl et al. 2019b; Lang et al. 2021; Frogner et al.
2022; McTaggart-Cowan et al. 2022). However, the previous
version of the SPP scheme of HarmonEPS introduced system-
atic biases and increased RMSE and CRPS scores for 75,
RH,,,, and CCy,y, (Frogner et al. 2022). Changes in ensemble
mean bias with the use of a SPP scheme were also seen in
other implementations of SPP (Jankov et al. 2019; McTaggart-
Cowan et al. 2022). Systematic differences in mean bias
between control forecast and perturbed members are not a de-
sirable trait of an ensemble, as it can lead to worse RMSE and
CRPS scores and reduce the reliability of the ensemble. We
address systematic biases by introducing an option for uni-
form distributions in our SPP scheme. One could also con-
sider to reduce the standard deviations for the perturbed
parameters, while maintaining the original lognormal distri-
butions. This may result in a simpler and easier way to
maintain SPP scheme, due to the reduction in testing re-
quired to optimize the different distributions and perturba-
tion magnitudes for all SPP parameters. However, this will
also limit the flexibility of adjusting individual parameter
perturbations and distributions to correct for additional
systematic biases that may arise, when default values of
SPP parameters change.

Similar to previous research (Jankov et al. 2019; Wastl et al.
2019b; Frogner et al. 2022; Lang et al. 2021; McTaggart-Cowan
et al. 2022), our findings show a significant improvement in
the CRPS and ensemble spread with the use of the SPP
scheme. The exact magnitude of these improvements varies
depending on the forecast period and model domain evaluated.
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This may depend on the underlying uncertainty in the
large-scale synoptic forcing, as reported by studies looking
at differences in the impact of perturbations during strong
and weak synoptic forcing Hally et al. (2014), Keil et al.
(2019), and/or the different impact of the SPP perturbations
during these periods. Similar to Frogner et al. (2022), we
find larger improvements during the winter period, which
may be associated with the substantial impact of the pertur-
bations in the turbulent-mixing parameters (RZC_H and
RZC_INF) under stable conditions.

The correlation of the SPG patterns between the SPP pa-
rameters was limited to RZC_H and RZC_INF, based on the
relation between these parameters in de Rooy et al. (2022). In
preliminary tests conducted to investigate the impact of the
correlation between RZC_H and RZC_INF, we found that
their correlations increased ensemble spread by 2%-5%,
without deteriorating RMSE and CRPS. Hence, we decided
to correlate their SPG noise in the SPP_5P and SPP_9P ex-
periments. We also considered correlating perturbations be-
tween the new mass-flux and microphysical parameters. It is
likely that the mass-flux parameters should be anticorrelated
to increase their impact at the initiation of deep convection.
For instance, a positive perturbation of dry updraft mass-flux
transport will increase the convective inhibition (CIN), which
hampers the triggering of moist updrafts or resolved convec-
tion. On the other hand, a negative perturbation of the dry
updraft transport, and therewith the CIN, will increase the
moist updraft mass flux and the subgrid parameterized moist
convection. The option to correlate or anticorrelate any SPP
parameter with another has now been implemented but was
not yet available when the experiments were conducted. Ad-
ditional testing will be needed to find the appropriate correla-
tion pairs between the different SPP parameters. This can be
a computationally expensive endeavor and thus may best
be done with the use of a single-column (1D version of the
HARMONIE-AROME model) to identify the impacts of the
correlated perturbations on the relevant physical process.
Such an analysis in a 1D model can be done with the use of a
“process diagram” as seen in Sterk et al. (2013), Tsiringakis
et al. (2020).
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FIG. 10. Evolution of mean (right) eFSS and (left) dFSS for 3-hourly cloud cover over the KNMI domain across dif-
ferent spatial scales for CY43_REF (red), SPP_5SP (blue), and SPP_9P (green) in (top) the 20-26 Feb 2021, (middle)
6-12 Jul 2020, and (bottom) 22-28 Mar 2019 periods. The scores are an average of all ensemble members—observation
(eFSS) and member-member (dFSS) pairs over all 3-hourly output time steps. The 75th and 25th percentiles from the
original sample of eFSS and dFSS (light shadow area) are also plotted. The 95% confidence interval for the mean
eFSS and dFSS scores is calculated using bootstrapping (with resampling). Smaller dFSS values indicate more
spatial ensemble spread.

Although the evaluation indicates that SPP-based ensem-  of the perturbations reaches close to the maximum (or mini-
bles perform better than non-SPP ensembles, special atten- mum) of the distribution, the perturbations for certain param-
tion needs to be given to the reliability/sharpness of the eters may substantially alter the modeled physical processes
ensemble for localized forecasts. In areas where the amplitude  locally. This can result in situations where ensemble members
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FIG. 11. Evolution of mean (right) eFSS and (left) dFSS for 3-hourly cloud cover over the MetCoOp domain across different spatial
scales for CY43_REF (red) and SPP_5P (blue) for the 20 May-2 Jun 2021 period. The scores are an average of all ensemble members—
observation (eFSS) and member-member (dFSS) pairs over all 3-hourly output time steps. The 75th and 25th percentiles from the original
sample of eFSS and dFSS (light shadow area) are also plotted. The 95% confidence interval for the mean eFSS and dFSS scores is calcu-

lated using bootstrapping (with resampling). Smaller dFSS values indicate the higher spatial ensemble spread.

might have locally unrealistically high/low turbulent mixing in
the boundary layer, which can erode nocturnal inversions and
lead to unrealistic boundary layer heights during nighttime
(not shown). This tends to be a local effect (with scales of few
grid cells) and can lead to ensemble members being intermit-
tently highly inaccurate when looking at forecasts for individual
locations (point or grid cells), even if domain-wide probabilistic
metrics are improved. Such issues can be alleviated by in-
vestigating closely the impact of parameter perturbations

eFSS CY43 REF

AeFSS (SPP_5P - CY43_REF)

on processes such as turbulent mixing, surface energy balance,
and fluxes and adjusting the perturbation magnitudes and distri-
bution types accordingly.

In section 3a(2), we showed that SPP_SP and SPP_9P
experiments had lower ensemble mean RMSE, CRPS, and
larger ensemble spread for total and low cloud cover com-
pared to the CY43_REF experiment, when evaluated against
in situ observations. Yet, during the spatial evaluation of cloud
fraction, we found no improvement in eFSS. This may be due to
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FIG. 12. The mean eFSS from all ensemble members—observations pairs for different 3-hourly precipitation percentiles and spatial scales
for (left) CY43_REF and the differences of eFSS scores AeFSS between (middle) SPP_SP-CY43_REF and (right) SPP_9P-CY43_REF
over the Netherlands. The scores are averaged over all 3-h accumulated precipitation outputs (3-36-h forecast lead times) and forecast ini-
tialization days across the three periods (20-26 Feb 2021, 6-12 Jul 2020, and 22-28 Mar 2019) for which the 99th observed precipitation
percentile is larger than 1 mm (3 h)~". The line shows the contour corresponding to the eFSS = 0.5 threshold.
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1 mm (3 h) L. The line shows the contour corresponding to the dFSS = 0.5 threshold. Smaller dFSS values indicate more spatial

ensemble spread.

the difference in the metrics used when evaluating against in situ
(cloud cover units are in oktas) or satellite observations (cloud
fraction is evaluated for threshold values > 0.2). Our findings
suggest it may be appropriate to evaluate cloud cover and pre-
cipitation with the use of spatially based scores as done here and
suggested by the previous literature (Roberts and Lean 2008;
Crocker and Mittermaier 2013; Dey et al. 2014).

The updated version of the HarmonEPS SPP scheme offers
many optimization options with respect to the temporal
and spatial correlation time scales and length scales, and also
in relation to the sharpness of the generated noise features
(sections 2b and 2c). Currently, these parameters are used
according to Frogner et al. (2022), but it would be possible
to optimize them further. Optimization of CMPERT values
for the rest of the SPP parameters can be done based on on-
going SPP tuning experiments and their results. Currently, an
operational SPP-based EPS, following the MetCoOp domain
SPP_5SP setup, is already used in the operational ensemble
prediction system by MetCoOp (MEPS). At a later stage,
CMPERT and SPG parameter values could be optimized and
calibrated with the use of machine-learning. However, such
an endeavor would require a large amount of data, generated
via the operational use of the SPP scheme to create a large
enough dataset needed for a machine-learning based ap-
proach to optimize the SPP scheme for the different meteoro-
logical conditions throughout the year.

5. Conclusions

We have investigated the impact of an updated version of
the stochastically perturbed parameterizations (SPPs) scheme
within HarmonEPS. We have introduced a series of modifications
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in the SPP scheme: (i) the option to use uniform distributions
for SPP parameters, (ii) the option to correlate perturbations
between SPP parameters, (iii) the introduction of four new mi-
crophysical and mass-flux parameters, and (iv) small changes in
the standard deviation of lognormal distributions for some SPP
parameters. Two new SPP-based experimental setups with five
(SPP_5P) and nine (SPP_9) SPP parameters are compared to
an EPS setup with only initial and LBC perturbations (CY43_
REF) and an SPP setup with five SPP parameters (SPP_SP_
CY40S) based on the first version of the SPP scheme (Frogner
et al. 2022). This comparison was conducted for two different
model domains, totaling five different forecast periods, to eval-
uate the impact of these modifications under different weather
conditions.

The use of the updated SPP scheme results in a substantial
improvement in probabilistic score metrics (ensemble spread
and CRPS) for 2-m temperature, 2-m relative humidity, 2-m
specific humidity, 10-m wind speed, total cloud cover, and
low cloud cover compared to CY43_REF. Mixed results are
shown for 3-hourly precipitation and mean sea level pressure.
RMSE for cloud cover improves in the SPP-based experi-
ments, while no deterioration in RMSE occurs for the near-
surface variables. This results in increased spread/RMSE
ratios, indicating a better calibrated and less underdisper-
sive ensemble.

The updates on the first version of the SPP scheme pre-
sented in Frogner et al. (2022) have resulted in the reduction
of systematic biases for 2-m temperature, 2-m relative humidity,
10-wind speed, and cloud cover and a decrease in the CRPS.
This can be attributed mainly to the use of uniform distributions
for selected SPP parameters, which reduce systematic biases,
and to correlating perturbations between the two turbulent-
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mixing parameters. The addition of the four new parameters
results in an increase in ensemble spread and a decrease in
the CRPS scores for most of the investigated variables during
the summer period and an improvement in the Brier score for
visibility during the winter period compared to the SPP_SP
experiments.

The spatial verification for cloud fraction and 3-hourly pre-
cipitation in the SPP_SP, SPP_9P, and CY43_REF experi-
ments, with the use of eFSS (measure of spatial skill) and
dFSS (measure of spatial spread) metrics, reveals not only
very small reductions in eFSS with the use of the SPP scheme
but also a substantial increase in spatial ensemble spread
(lower dFSS). These results generally agree with the finding
from the point-based evaluation of the experiments. How-
ever, the eFSS for cloud fraction suggests that there is no im-
provement in ensemble skill when using the SPP scheme,
which is contrary to the evaluation using point-based observa-
tions. This highlights the need to evaluate ensembles with spa-
tial skill and spread metrics, in addition to the standard
evaluation against SYNOP observations.

Overall, the use of the updated SPP scheme leads to an im-
provement in the ensemble spread versus the non-SPP-based
EPS, without sacrificing deterministic scores. The flexibility
that the new SPP scheme offers allows us to maintain a sub-
stantial improvement over the non-SPP-based EPS, while us-
ing narrower and more realistic parameter distributions
compared to the previous iteration of the scheme. This will al-
low us to introduce, expand, and balance the SPP scheme bet-
ter in the future, especially when there are changes in the
model physics in the HARMONIE-AROME model.

As all SPP configurations need to be recalibrated when
model physics are updated, the use of the URANIE software
platform (Blanchard et al. 2019) is planned in order to mini-
mize the need for long drawn-out manual sensitivity tests. It is
also in our plans to investigate the use of SPP during the gen-
eration of the EDA analysis, as well as expanding the use of
SPP to perturb the surface/soil parameters. As is the case with
other EPSs from limited-area models, a move to using single
precision will allow resources to be reinvested in more ensem-
ble members and an expansion of our SPP scheme to include
a much larger suite of perturbed parameters.
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Data availability statement. This study uses the HARMONIE-
AROME, version CY43H.2.2. The HARMONIE-AROME
model system is part of the ALADIN-HIRLAM system.
The model code is not open-access. Based on the ALADIN-
HIRLAM collaboration agreements, members institutes of
the consortia are allowed to share the model code following
nonanonymous requests in their home country and only for
noncommercial research. Access to the HARMONIE-AROME
can be provided after contacting any core-system staff from
the member institutes of HIRLAM consortium (information in
https://hirlam.github.io/HarmonieSystemDocumentation/dev/
System/GitDeveloperDocumentation) and signing a standard-
ized ALADIN-HIRLAM licensing agreement. We provide ac-
cess to modified model code routines and example configuration
files used in this study in the following Zenodo repository
Tsiringakis et al. (2024). Detailed documentation of various
HARMONIE-AROME EPS configurations and settings is
available here (https://hirlam.github.io/HarmonieSystem
Documentation/dev/EPS/). Radar precipitation data are avail-
able in the KNMI data platform (https://dataplatform.knmi.nl/
dataset/rad-nl21-rac-mfbs-01h-netcdf4-2-0) under Creative
Commons Attribution 4.0 license. Satellite-derived cloud mask
from MSG-SEVIRI is available in the EUMETSAT NWC
SAF website (https://www.nwcsaf.org/) after user registration.
Model and observational data used for model initialization
(and verification against SYNOP stations) were obtained from
the Meteorological Archival and Retrieval System (MARS) of
ECMWEF. Retrieval of the data is done automatically through
the HARMONIE-AROME model code (for information, see
https://hirlam.github.io/HarmonieSystemDocumentation/). For
access information to MARS archive data, we refer to the
following link: https://www.ecmwf.int/en/forecasts/accessing-
forecasts. The verification package HARP is freely available in
the following repository: https:/github.com/harphub. Example
scripts used for ensemble verification, postprocessing, and plot-
ting, along with a small subset of model output and postpro-
cessed observational data, are provided in the same Zenodo
repository Tsiringakis et al. (2024). The remaining model out-
put data (i.e., those not included in the repository) are available
upon request to the author.

APPENDIX

Differences in HarmonEPS Suites and Experiment
Settings between KNMI and MetCoOp

Table Al shows differences in the experimental Harmo-
nEPS suites between KNMI and MetCoOp. Table A2
shows differences in SPP settings for SPP_S5P_CY40S ex-
periments between KNMI and MetCoOp.
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TABLE Al. General settings for the HarmonEPS experimental setups for the different periods and domains.

Test periods

13-26 Jan 2021, 20 May-2 Jun 2021

20-26 Feb 2021, 6-12 Jul 2020,
22-28 Mar 2019

Physics suite
Domain name
Ensemble members
Forecast time

METCOOP25D
7 (6 + control)

Data assimilation
assimilation (all members)
Initial conditions and LBCs

Initial and LBCs perturbations

Surface perturbations Yes

SPG settings

HARMONIE-AROME (CY-43h.2.2)

48 h starting at 1200 UTC each day, 3-h
forecasts at (0300, 0600 UTC, ..., etc.)

3D-Var (all members) CANARI surface

ENS 3 hourly (source: ECMWF EPS members)

ENS initial conditions + EDA
(observation perturbations)

A =200 km, 7= 12 h, SPGQ = 0.5

HARMONIE-AROME (CY-43h.2.2)

NETHERLANDS

7 (6 + control)

36 h starting at 0000 UTC each day, 3-h
forecasts at (0300, 0600 UTC, ..., etc.)

3D-Var (control only) CANARI surface
assimilation (all members)

SLAF 1-hourly (source: ECMWF
deterministic forecast)

SLAF (source: IFS deterministic forecast)

No
A =200 km, 7 = 12 h, SPGQ = 0.5

TABLE A2. SPP-based experiment settings for SPP_SP_CY40S for both domains. The format for each entry is name, default value,
CMPERT, distribution.

Experiment name

Parameters SPP_5P_CY40S, MetCoOp SPP_5P_CY40S, KNMI

P1 VSIGQSAT, 0.02, 1.2, lognormal (mean) VSIGQSAT, 0.02, 1.2, lognormal (mean)
P2 CLDDPTHDP, 4000, 1.2, lognormal (mean) RFAC_TWOC, 2, 1.2, lognormal (mean)
P3 ICE_CLD_WGT, 1, 1.2, lognormal (mean) ICE_CLD_WGT, 1, 1.2, lognormal (mean)
P4 RZC_H, 0.11, 1.2, lognormal (mean) RZC_H, 0.11, 1.2, lognormal (mean)

P5 RZL_INF, 40, 1.8, lognormal RZL_INF, 40, 1.8, lognormal (mean)
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