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Abstract: WRF is used to simulate eight extreme precipitation events that occurred over the regions of
Schleswig-Holstein and Baden-Wurttemberg in Germany. The events were chosen from the German
Weather Service (DWD) catalog and exceeded the DWD’s warning level 3 (i.e., rainfall > 40 mm/h).
A two-way nesting approach is used with 9 and 3 km spatial resolutions. Initial and boundary
conditions are obtained from the ERA5 dataset at 0.25° x 0.25°. To model each event, thirty dif-
ferent parameterization configurations were used, accounting for all possible combinations of five
microphysics (MP), three cumulus (CU), and two planetary boundary layer (PBL) parameterization
methods, yielding a total of 240 simulations. TOPSIS multicriteria analysis technique is employed to
determine the performance skill of each setup and rank them, using six categorical and five statistical
metrics. Resolution increase from 9 to 3 km did not improve forecasting accuracy temporally or in
intensity. According to TOPSIS ranking, when treating each event individually, the ideal parameteri-
zations combination is spatiotemporally dependent, with certain members ranking higher. When all
events are considered, the Morrison double-moment MP-Grell-Freitas CU-YSU PBL combination
works best with a frequency of occurrence in the top five performing scenarios of 30%, 47.5%, and
57.5% respectively.
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1. Introduction

Weather and climatic extremes are influenced by climate change. Evidence of observed
changes in extremes such as heat waves, heavy precipitation, droughts, tropical cyclones,
and their attribution to human activity [1], is constantly increasing. Heavy precipitation
events are becoming more frequent and severe, and climate change is most certainly the
dominant driver [1]. Increased land evapotranspiration paired with higher temperatures in
a warmer climate lead to a rise in agricultural and ecological droughts, and an enhancement
in the air’s capacity to hold water vapor [1-5], raising the likelihood of intense precipitation
events. The change+ in the atmosphere’s water-holding capacity for the mid-latitudes,
regulated by the Clausius-Clapeyron equation, increases by roughly 7% K~ of temperature
rise [6,7]. Given that variations in relative humidity are minimal, owing to precipitation
physics, the change in the atmosphere’s water-holding capacity is translated into a similar
actual rise in the air moisture content, thus increasing the rainfall intensity at about the
same rate or even more, because of the enhanced moisture convergence [6,8]. As a result,
global warming is more likely to aggravate subdaily precipitation extremes than daily or
extended period intense events [6,9-15], which has already been witnessed in the new
ERADS reanalysis dataset [16].

Complex terrain, land-use diversity, and closeness to the sea are among the primary
geophysical components influencing local and synoptic-scale meteorology, while playing at
the same time a vital role in the interactions between the sea, land, and atmosphere [17-21].
In regions with such characteristics, the forecast of spatial and temporal fluctuations
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of intense precipitation events is a perplexing task. Predicting flash or fluvial floods
is of crucial importance and heavily depends on short-term forecasting of fluctuations
in the subdaily extremes. As a result, the precise forecast of heavy rainfall at subdaily
time periods is a critical component of an early warning system. The combination of
proper initial and lateral boundary conditions with model physical schemes setup in
simulations that permit convection (i.e., those with a grid resolution less than 4 km) using
Numerical Weather Prediction (NWP) models, provides tremendous promise for enhanced
precipitation forecasts [22-30]. The adoption of fine resolution in simulations carried out
by global NWP models is of crucial importance in term of forecasting, particularly in areas
with a high heterogeneity in the lateral boundaries [31-35].

The Weather Research and Forecasting (WRF) [36-38] model is widely used for atmo-
spheric research and operational forecasting, and it is among the state-of-the-art convection-
permitting NWP models predicting changes in meteorological events by downscaling
large-scale data. WREF is highly modular, equipped with numerous parameterization
choices. However, choosing the best performing combination of parameterization schemes
is difficult, as their performance highly depends on space and time. To determine the best
parameterization combination, a multicriteria decision analysis method is often employed.
The Technique for Order Preference by Similarity to the Ideal Solution (TOPSIS) method has
been used in several studies. TOPSIS was initially introduced by Hwang and Yoon [39] and
was further improved by Yoon [40] and Hwang et al. [41]. It ranks the alternatives based
on their distances from the ideal and the negative ideal solution, with the best alternative
having the shortest distance from the ideal solution and the longest from the worst one.
TOPSIS is a compensatory aggregation technique for comparing a set of alternatives by
determining weight values for each criterion, normalizing their rating, and assessing the
geometric distance among each alternative and the ideal one, i.e., the one with the high-
est score in each criterion. For precipitation, the determinant physical parameterization
schemes are the microphysics (MP), the cumulus (CU) and the planetary boundary layer
(PBL) schemes, but their relative importance strongly depends on the geographical location.

Recent studies have yielded mixed results regarding extreme precipitation. Duzenli et al. [42]
studied four different extreme precipitation events over two regions in Turkey, considering
four MP, three CU, two PBL schemes, and evaluated the forecast skill of the simulations
using the TOPSIS method. Their results do not indicate a superior combination of parame-
terizations that will produce the best results in all cases, as the optimal choices were spatial
and seasonal dependent. Liu et al. [43] used the WRF model to assess intense rainfall
events at fine spatiotemporal resolution centered over Alexandria, Egypt. They considered
three microphysics (MP), three cumulus (CU) and two planetary boundary layer (PBL)
schemes and quantified the simulation performances with the TOPSIS technique. The
configuration they suggested comprises the WRF Single-Moment 6—Class (WSM6) [44]
microphysics (MP) scheme, the Mellor-Yamada-Janjic (MY]) [45] planetary boundary layer
(PBL) scheme, and the Grell-Freitas (GF) [46,47] cumulus (CU) scheme, also pointing out
the significance of using an adequate spin-up time (>12 h). Wang et al. [48] aimed to find
the optimal set-up to produce the High Asia Refined v2 analysis using various MP, CU,
PLB, and land-surface model (LSM) schemes. Using the TOPSIS method, they identified
and concluded that a combination of the Kain—Fritsch (KF) [49] CU scheme, Morrison
2-Moment (MDM) scheme [50], Yonsei University (YU) scheme [51], and Noah [52] LSM
provided the best performing one concerning precipitation. Umer et al. [53] simulated
an extreme precipitation event causing floods over Kampala, Uganda. They conducted
24 simulations, combining 8 MP, 4 CU, and 3 PBL schemes, concluding with an opti-
mum combination with the help of the TOPSIS technique. Their best MP-CU-PBL scheme
combinations were the MDM-GF-ACM2 (the Asymmetrical Convective Model version
2 [54] PBL), the WSM6-KF-BL (the Bougeault-Lacarrere scheme (BL) [55]), and the WSM3
(WREF Single-Moment 3-Class [56])-KF-BL. They also noted the fact these high-performing
parameterization combinations are suitable just for the specific event, pointing out the
spatial dependency of the procedure. Sikder and Hossain [57], conducted a sensitivity
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study over Indian river basins that are monsoon governed. They also used TOPSIS to
identify the top performing set of MP and CU schemes, and spatial resolutions from a
total set of 15 combinations. The MP-CU scheme combination of WRF Single-Moment
5-Class scheme (WSM5)-Betts—Miller—Janjic scheme [45] (BM]) performed best, followed
by WREF Single-Moment 6—Class scheme (WSM6) [44]-BM]J and Thompson MP scheme
(TS) [58]-BM]J. The difference in performance between 27 and 9 km was small, indicating
that computational efficiency at 27 km may be achieved without losing precision. Addition-
ally, raising the resolution to a finer 3 km resolution without the use of CU schemes did not
improve the results. Goodarzi et al. [59] projected severe precipitation with the WRF model
in Kan Basin, Iran, utilizing five distinct cumulus schemes and the TOPSIS algorithm to
make flood warning decisions, concluding that the KF CU scheme can simulate convective
precipitation more accurately.

In all the aforementioned studies, the spatial but also the temporal dependence of the
model’s performance is emphasized, as well as the successful use of the TOPSIS technique
in finding the optimal combination of parameterizations. Given that, identifying the
optimal parameterization combination and assessing this capability of such a model in
forecasting extreme events is vital for an early warning system and of particular interest.
To address the concerns raised, this work performs a sensitivity assessment of physical
schemes and spatial resolution, setting up members of the WRF model that are able to
replicate chosen severe precipitation occurrences. Using a nesting approach (9 km for
the parent domain and 3 km for the nested domains), five MP, three CU, and two PBL
parameterization schemes are combined and evaluated over two German regions, where
there are a vast number of meteorological stations (1046) and a fully embedded and freely
accessible database of recorded measurements. Using the TOPSIS technique, the success
of each simulation combination is ranked. The effects of model physics on WREF results
are compared.

2. Materials and Methods
2.1. Model Setup and Study Areas

The Weather Research and Forecasting model version 4 (Forecasting (WRF v4.0
ARW, https:/ /www2.mmm.ucar.edu/wrf/users/download /get_source.html, accessed
on 16 July 2022, hereafter WRF) [36-38], a next-generation mesoscale numerical weather
prediction system, is used to simulate the precipitation events. The model is configured in
a nesting approach. The parent domain consists of 120 x 150 grid cells in the west—east and
south-north directions, respectively, with a 9 km cell resolution, centered at (51° N, 9.8° E)
stretching into the sea to the north and including the Alps to the south, to accommodate
weather systems influenced by synoptic-scale circulations that originate overseas or are
affected by the complex topography of the Alpine region (Figure 1).

Both nested domains have a grid resolution of 3 km. The northern Schleswig-Holstein
(SH) domain consists of 79 x 79 grid cells, while the lower Baden-Wurttemberg (BW)
domain has 82 x 112 grid cells in the west—east and south-north direction. In the vertical
direction, the model used 40 layers. The ERA5 atmospheric reanalysis at 0.25° spatial
resolution is used as the forcing dataset for the single initial and lateral boundary conditions
of the parent domain [60,61] feeding the model every 6 h. A spin-up time of 24 h has been
used in all experiments. The study areas chosen were SH and BW. The SH region is
located in the northern part of Germany, affected by systems coming from the North Sea
and the Baltic Sea and presenting smooth topography. It is one of the coldest regions in
Germany with a mean annual temperature of 9 °C and a mean monthly precipitation of
39.9 mm (478.4 mm per year). It has a humid climate with a mean relative humidity of
80% and receives rainfall all months on an annual basis. The BW region is located in the
southwestern part of Germany, in proximity to the Alps, presenting complex topography
and a mean temperature of 11 °C and mean monthly precipitation of 28.8 mm (345.1 mm
per year). It is less humid than SH with a mean relative humidity of 75%.
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Figure 1. WRF model spatial configuration. The color bar depicts elevation (m).

2.2. Observational Data and Event Selection

The precipitation events chosen for the sensitivity analysis performed herein were
selected from the catalogue of spatially and temporally independent heavy precipitation
events provided by the German Weather Service (DWD) (Table 1, available at https://cdc.
dwd.de/portal/ accessed on 17 December 2022). The methodology for deriving extreme
precipitation events was based on radar precipitation estimates on a 1 km x 1 km grid over
Germany resulting from hourly sums and adjusted to station data. Precipitation objects,
i.e., regions of adjacent grids receiving precipitation over a specific value, for a specific
time frame, which exceeded DWD’s warning level 3, i.e., rainfall more than 40 mm/h,
for severe weather (W3) [62] were identified. For each region, two near-summer and two
near-winter events were chosen so that model performance could be validated thoroughly.
The selection was primarily based on the affected area, so that an adequate number of
meteorological stations was included, and the extremity (Eta), a parameter dependent on
the return period and the affected area of an event, as proposed by Miiller and Kaspar [63].
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Table 1. Selected precipitation events.
. . . Duration Area Maxim}1 m Hourly Mear.l I.-Imfrly .
Region Event ID Starting Date  Ending Date ) (km?) Precipitation Precipitation Eta Number of Stations
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:i) 12310 2(1)5;8:55'30 2(1)213:348:6531 48 8743 139.8 73.8 504 108
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Ei 3697 e 18 477156 1207 68.5 33.1 13
é 14936 2%%‘}5'(1):2652 2%%5(1):2634 48 22618 88.4 69.5 26 15
<

& 10324 oy, Ao 48 3757.2 913 67.4 26.7 25

2.3. Physics Parameterizations

Precipitation, as a process within the WRF model, is mainly driven by three key
schemes: microphysics (MP), cumulus (CU) and planetary boundary layer (PBL). Therefore,
these are examined in this study in search for an optimal configuration that can generate a
reliable precipitation simulation of the selected events.

The MP scheme provides atmospheric heat and moisture tendencies, microphysical
rates, and determines the actions of the water particles, and is therefore responsible for
cloud formation. It also governs surface rainfall and designates surface-atmosphere interac-
tions. The MP parameterizations examined were the Kessler scheme (KS), the Eta (Ferrier)
scheme (ES), the WRF Single-Moment 6—Class scheme (WSM6), the Single-Moment 5-Class
scheme (WSMS5), and the Morrison 2-Moment scheme (MDM). Rain originating from non-
ice-phase activities in clouds (warm rain), formed principally by coalescence of water
droplets of various sizes as they descend at varied terminal velocities inside the clouds, is
the main feature of the KS Single Moment scheme [64]. In marine clouds, warm rain mecha-
nisms are most common. It does not generate ice, hail, graupel, or snow. The ES scheme [65]
uses advection of total condensate. Cloud water, rain, and ice (cloud ice, snow/graupel)
come from storage arrays, and it assumes fixed fractions of water and ice within the column
during advection. It considers suspended cloud liquid water droplets, rain, large ice (snow,
graupel, sleet, etc.) and small ice (suspended cloud ice) as hydrometeors. The WSM5
scheme [56] includes ice, no graupel or hail. It also incorporates supercooled water, snow
melt and ice sedimentation. Using the Bergeron process, it presents a realistic mixed phase,
initializing precipitation in a mixed cloud with a temperature below freezing. Finally, the
WSMB6 scheme [44] incorporates the processes of water vapor, cloud water, cloud ice, snow,
rain, and graupel. The Morrison 2-Moment scheme [50] is a 6-class microphysics scheme
with graupel. It predicts number concentrations also for ice, snow, rain, and graupel.

The CU scheme produces clouds for the microphysics, it provides atmospheric heat
and moisture/cloud tendency profiles, and it establishes the convective fluxes and han-
dles surface subgrid-scale convective rainfall. It also provides the cloud fraction for the
radiation. In our study, we examined the Kain—Fritsch scheme (KF), Betts—Miller—Janjic
scheme (BM]J), and Grell-Freitas Ensemble scheme (GF). The KF [49] is a mass flux param-
eterization scheme, determining updraft and downdraft fluxes. It estimates if instability
occurs, whether any current instability will become accessible for cloud development,
and what the attributes of any convective clouds could be, using the Lagrangian parcel
approach with vertical momentum dynamics. The BM] [45] is not a mass flux scheme
but an adjustment-type scheme; convective processes are worked out from the profiles of
the reference temperature and moisture, which are created based on a large number of
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observations. The GF scheme [46] has a working mechanism that uses a probability density
function in combination with a data assimilation technique.

The PBL scheme distributes boundary layer fluxes of heat, moisture, and momentum,
along with the vertical diffusion in the whole column. There are two classes of PBL schemes:
local closure schemes, also known as turbulent kinetic energy (TKE) prediction schemes
because they determine eddy diffusion coefficients from prognostic TKE, and the diagnostic
nonlocal closure ones. Our study examines the Mellor-Yamada-Janjic (MY]) and the Yonsei
University (YSU) schemes, one from each class. The MY] local closure scheme [45] solves for
turbulent kinetic energy in each column, estimating buoyancy and wind shear, dissipation,
and vertical mixing. Turbulent fluxes at each grid point are determined by the mean values
of atmospheric variables and/or their gradients at that point. The YSU scheme [51], is a
nonlocal scheme that diagnoses a PBL top, specifies a K profile [66], and expresses turbulent
diffusion by adding a nonlocal gradient correction term.

Combining the abovementioned parameterization options, 30 different scenarios were
created for the sensitivity analysis, presented in Table 2, for each of the eight events, leading
to 240 simulations in total.

Table 2. Sensitivity analysis scenarios.

Scenario Scenario ID MP CU PBL Scenario  Scenario ID MP CU PBL
1 111 KS KF YSU 16 622 WSM6 BM]J MY]
2 112 KS KF MY] 17 631 WSMeé6 GF YSU
3 121 KS BMJ] YSU 18 632 WSM6 GF MY]
4 122 KS BM]J MY] 19 411 WSM5 KF YSU
5 131 KS GF YSU 20 412 WSMb5 KF MY]
6 132 KS GF MY] 21 421 WSMb5 BM] YSU
7 511 ES KF YSU 22 422 WSM5 BM]J MY]
8 512 ES KF MY] 23 431 WSMb5 GF YSU
9 521 ES BMJ] YSU 24 432 WSMb5 GF MY]

10 522 ES BM]J MY] 25 1011 MDM KF YSU
11 531 ES GF YSU 26 1012 MDM KF MY]
12 532 ES GF MY] 27 1021 MDM BM] YSU
13 611 WSMé6 KF YSU 28 1022 MDM BM]J MY]
14 612 WSMé6 KF MY] 29 1031 MDM GF YSU
15 621 WSM6 BMJ] YSU 30 1032 MDM GF MY]

2.4. Performance Metrics

The statistical analysis carried out here employs 5 pairwise statistical measures and
6 categorical ones, presented in Table 3, namely Mean Absolute Error (MAE), Root Mean
Square Error (RMSE), Index of Agreement (loA), Covariance (COV), Pearson Correlation
Coefficient (PCC), Probability of Detection (POD), False Alarm Ratio (FAR), Critical Success
Index (CSI), Frequency Bias Index (FBI), Percent Correct (PC), and the Bias Adjusted
Equitable Threat Score (BAETS) [67]. The statistical analysis is based on the hourly values
for each model grid cell that contains a station in the examined domains. In Table 3, X,, and
X, denote the hourly gridded predicted and observed values, with n being the total number
of grid points, while overbars denote mean values, H stands for the correct detections,
Z stands for the false alarms, Y stands for the misses, W denotes the correct negatives,
N denotes the total forecasts, O denotes the observed area (sum of correct detections, H,
and misses, Y), and F stands for the forecast event (sum of correct detections, H, and false
alarms, Z).
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Table 3. Statistical measures.

Name Formula
MAE i [ X~ Xo
n
. RMSE o (% -%)°
g n
% IoA . E?:l(xpfxu)z
§ T (X=X |+ X0 - %o |)°
e cov o (%-%) (X%-%,)
H n
o
A e nE (X X0)—Ei (%) I (X0)
YD (6=(T %)) e (- %07

Name Formula

POD o
8 Z
s FAR HiZ
2 H
E CsI HYZ+Y
S H+Z
§ FBI eang
2 re i
S Hpo—F$

F+O—Hy—F%
BAETS where:
_ r—H o) o)
HA =0 — @lﬂMbE?tﬂ](mln(m))

Xp: hourly gridded predicted values, Xo: hourly gridded observed values, n: total number of grid points, overbars
denote mean values, H: correct detections, Z: false alarms, Y: misses, W: correct negatives, N: total forecast number,
O=H+Y,F=H+Z.

Each scenario is characterized by eleven mean regional statistical values. To conclude
to the best performing parameterization combinations, the TOPSIS multicriteria decision-
making method is employed. TOPSIS uses as input the eleven statistical metrics mentioned
above for each scenario and ranks the options based on their distances from the ideal and
negative ideal solutions, with the top option having the shortest distance from the positive
ideal solution and the longest distance from the negative ideal solution.

3. Results and Discussion
WRF Temporal Performance

Table 4 presents the results of the TOPSIS algorithm for each of the eight rainfall
episodes under study. Apparently, in almost all episodes, the best scenario for the 3 and
9 km simulations is common, together with the fact that in the list of the top 5 performing
scenarios the combinations found are almost the same.

In Table 5, the ranking summary for each parameterization as a percentage for appear-
ing in the five best performing scenarios according to TOPSIS is presented. Most of the
single top-ranking scenarios employed the MDM MP scheme followed by the WSM6, the
GF CU scheme, and the YSU PBL scheme. As an overall performance for both resolutions
and all events, the MDM MP scheme appears in 30% of the top five scenarios followed by
the WSM5 with a 27.5% occurrence. The differences between percentages are not that large,
which is evident of an adequate performance for nearly all the MP schemes, apart from the
model’s default KS. Looking at the CU schemes, GF and KF appear in the highest percent-
age of top-performing combinations, while the BMJ shows in just a few cases. Finally, for
the PBL schemes, the YSU encounters more frequently (57.50%) in the top five performance
combinations compared to the MY] scheme.
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Table 4. TOPSIS scenario ranking for the 3 and 9 km simulations for each event. Top 5 performing

scenarios for each episode and grid resolution are highlighted in grey.

ID:3697 1D:8224 1D:14936 ID:10324 1D:12310 1D:20662 1D:18257 1D:21845
2004-09-20 2008-07-03 2014-12-22 2010-11-04 2013-05-30 2019-05-19 2017-11-11 2020-02-01
3km 9km 3km 9km 3km 9km 3km 9km 3km 9km 3km 9km 3km 9km 3km 9km
632 632 431 431 612 612 1031 1031 1031 1031 1011 1011 532 431 512 631
432 531 1011 531 611 611 1032 1032 411 412 1012 1012 512 532 1031 512
532 432 432 412 412 411 1021 511 631 411 1022 512 431 411 522 431
531 532 412 411 411 412 511 632 1011 612 1021 1022 411 112 631 1031
1032 631 531 1011 521 521 631 432 611 611 512 1021 1031 1031 431 1032
631 431 411 532 531 631 432 431 511 1021 412 612 631 512 532 531
132 1031 532 1012 511 531 1022 1021 431 511 612 412 611 531 1032 532
431 132 1012 432 421 511 431 631 131 1011 522 522 111 111 612 511
131 1032 511 511 512 1011 632 1022 531 512 521 611 1011 631 611 522
1031 131 1022 421 1011 512 411 531 412 1012 1032 112 112 611 412 432
1011 1011 1021 1022 532 532 611 421 111 631 611 1032 531 132 511 611
411 611 421 611 522 522 421 532 132 431 112 521 632 1011 411 632
611 411 611 1021 1012 621 531 621 632 531 411 111 412 522 531 412
511 111 621 621 1021 431 621 422 1032 1032 1031 511 132 632 1021 612
111 511 1031 1031 1031 421 422 622 612 432 122 411 522 432 432 411
1022 1012 1032 631 1032 1012 532 521 432 632 511 422 612 1021 632 621
1012 1022 512 632 1022 1021 622 411 512 1022 621 622 432 511 622 421
1021 412 631 422 631 1031 512 611 112 111 622 621 511 412 422 1021
112 612 422 512 621 1032 521 612 122 131 421 1031 1021 612 421 521
612 112 632 612 431 1022 412 1011 532 112 422 421 122 122 1022 1022
412 1021 612 622 111 111 612 512 1012 521 111 122 131 421 1012 422
422 512 622 1032 112 121 1011 412 121 132 532 432 622 521 521 1012
522 422 521 521 432 112 522 1012 1021 421 121 532 621 1012 621 622
512 522 112 112 422 122 1012 522 621 621 432 632 1012 621 1011 1011
622 622 522 522 622 132 112 112 521 121 632 121 421 1032 132 132
421 421 131 131 632 131 111 111 421 532 431 631 422 422 111 112
521 521 121 132 132 432 121 122 622 122 631 431 1032 131 112 111
621 621 122 111 122 422 122 121 1022 422 531 531 521 622 122 131
122 121 132 121 121 632 132 132 522 622 132 132 1022 1022 131 122
121 122 111 122 131 622 131 131 422 522 131 131 121 121 121 121

Table 5. Schemes of the best performing scenarios for the individual events.
Single Best Performing Top 5 Best Top 5 Best Top 5 Best Performing
Scenario at Performing Scenarios  Performing Scenarios Scenarios at
3 and 9 km at 3 km at 9 km 3 and 9 km
KS 0.00% 0.00% 2.50% 1.25%
WSMb5 18.75% 25.00% 30.00% 27.50%
Microphysics 5 12.50% 25.00% 20.00% 22.50%
scheme
WSM6 31.25% 17.50% 20.00% 18.75%
MDM 37.50% 32.50% 27.50% 30.00%
KF 31.25% 40.00% 45.00% 42.50%
C 1
SRS BMy 0.00% 12.50% 7.50% 10.00%
scheme
GF 68.75% 47.50% 47.50% 47.50%
PBL YSU 62.50% 60.00% 55.00% 57.50%
scheme MY]J 37.50% 40.00% 45.00% 42.50%
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In the next step, the data for all precipitation events were fed into the TOPSIS al-
gorithm to identify which parameterization combination would rank as the best if it
treated all events as one. For the 3 km simulation the MDM-GF-YSU and for the 9 km
the MDM-GF-MY] were ranked first (Table 6), similar to that reported by Umer et al. [53].
Additionally, along the lines of the reasoning above, the TOPSIS algorithm was fed with all
the episodes that were near-summer and then those that were near-winter. Near-summer
events are better simulated by the MDM-GF-MY] combination and the MDM-KF-YSU
for the 3 and 9 km resolutions, respectively, while near-winter events are better simulated
by the WSM5-KF-YSU and the WSM6-GF-YSU combinations (for 3 and 9 km, respec-
tively). Then, the algorithm was fed with all the data from the episodes that occurred in
the north and afterward those in the south. The top setup for the northern SH region is
EF-GF-YSU for both resolutions while for the southern BW region the MDM-GF-MY]
and the EF-KF-MY]J (3 km/9 km). The region and season specific ranking results are
presented in Table 6.

It must be stated that any parameterization scheme is not as crucial on its own but
as part of a combination in delivering a result. Surely, the presence of a given scheme
in combinations generating minor variations from observed values indicates dependable
scheme performance. However, the various combinations must be considered as distinct
choices and their performances validated. The MDM-GF-YSU, WSM5-KF-YSU, and the
WSM5-GF-YSU are the three more frequent combinations encountered in the top five
TOPSIS performance ranks when assessing all events individually for both 3 and 9 km grid
cell distances.

Figures 2 and 3 present the temporal hourly evolution of the recorded area-averaged
precipitation for each distinct event (black line) and both grid size resolutions (i.e., 3
and 9 km). The light blue line depicts the average precipitation derived from all the
different model setups that were examined in this study. The green line indicates the
average hourly area precipitation derived from the five best-performing model configu-
rations according to the TOPSIS algorithm ranking. Finally, the gray area represents the
dispersion of average precipitation values from the various setups that were used to
perform the simulations. Figure 2 shows the four extreme rainfall events that occurred
over the SH region located in the north, while Figure 3 presents the four events for
the southern region of BW. In each case, the correlation values between the model
average and the recorded rainfall data (correlation mean) are presented, together with
the correlation between the average of the five best-performing setups and the recorded
data (correlation TOPSIS).

Regarding the SH area near-summer event (ID:3697), the model performed poorly,
with the mean values from all parameterizations differing substantially from the observed
ones, leading to a low correlation value of 0.17 for the mean model performance for the
3 km simulations and 0.18 for the ones conducted at the 9 km resolution. After applying the
TOPSIS algorithm, the mean precipitation value for the five best scenarios was estimated,
increasing the correlations to 0.47 and 0.40 for the 3 and 9 km resolutions, respectively
(Figure 2, first row).

The improvement is significant as far as the temporal variation is concerned, but the
peak amount of precipitation was still not predicted adequately by the model. For the other
near-summer event (ID:8224), the model ensemble mean-estimated peak precipitation
value is similar to the actual one, and after the application of the TOPSIS algorithm it is
slightly overestimated by the mean of the top five ranking parameterization combinations
(Figure 2, second row). The model failed to estimate the peak rainfall hour, predicting it
earlier than the observed one. For the 3 km simulations, the TOPSIS technique did not add
any value to the results since the average model performance from all parameterization
combinations had a similar correlation value. For the 9 km simulations, results are similar,
with a small correlation improvement after the application of TOPSIS, from 0.68 to 0.70.
Temporarily, the predicted peak hour is again a few hours earlier than the recorded.
Near-winter events (IDs 10324, 14936) present high correlation values for mean model
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performance, and the model accurately predicted the peak hour. In both winter events,
the dispersion of model values is low as it is obvious from the narrow gray areas in
Figure 2, rows 3 and 4. The model underestimated the peak amount of precipitation for
the ID:14936 event, while it successfully predicted the peak hour. The application of the
TOPSIS algorithm did not improve correlation but, as it is obvious from Figure 2 (third
row), it narrowed the difference between the predicted and the recorded peak rainfall
amount in both the 3 and 9 km simulations. For the ID:10324 event, applying the TOPSIS
algorithm slightly improved correlation values since all model scenarios had a relatively
similar performance. The model failed to depict the rainfall amount at the beginning of
the episode, while it predicted the peak rainfall amount but not the overall duration of the
heavy rainfall.

In the BW area, near-summer events (IDs 12310, 20662) are better simulated by the
model, especially after application of the TOPSIS algorithm, for which correlation values
improve significantly. It is also evident that the model’s different parameterization scenarios
exhibit a notable high dispersion, as it was for the warm-season case in the SH area. For the
ID:12310 event, the model succeeds in predicting the peak hour as well as the maximum
amount of precipitation. The TOPSIS algorithm improves correlation for both the 3 and
9 km simulations, from 0.79 to 0.85 and 0.86, respectively. The TOPSIS mean reduces the
difference between the recorded values at the second small increase in rainfall around hour
26. For the ID:20662 event, the model correctly estimated the peak hour but not the peak
amount of rainfall. It failed in depicting the increased early rainfall amount, but afterward
it performed relatively well. The TOPSIS algorithm added significant value, improving
correlation from 0.20 to 0.47 for the 3 and 9 km simulations. Near-winter event simulations
(IDs 18257, 21845), exhibit small dispersion in model output and the TOPSIS algorithm
adds little value to the model performance. For the ID:18257 event, the model predicted the
peak hour a little earlier and succeeded in predicting the peak precipitation amount. The
3 and 9 km simulation results are similar with all parameterization scenarios exhibiting
adequate performance; thus, the TOPSIS technique does not improve model correlation. On
the other hand, for the ID:21845 event, the model was more accurate in predicting the peak
hour but not the maximum amount of precipitation. In this case, the TOPSIS algorithm
slightly improved model performance.

It is also evident from Figures 2 and 3 (first two rows) that during the near-summer
events, many of the parameterization combinations examined fail to predict the evolution
of precipitation, leading to a wide gray area representing the dispersion of rainfall amount
values for the various setups. This may be attributed to the nature of summer precipitation,
where the heating of the underlying air layers is much faster than in winter, leading to
their rapid rise in the atmosphere and ultimately the precipitation generation. In contrast
to summer, all combinations of parameterizations predict the evolution of precipitation
events quite well (Figures 2 and 3, rows 3 and 4), since the corresponding mechanism acts
much more slowly in an atmosphere where more stable conditions prevail.
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Table 6. TOPSIS scenario ranking. Top 5 performing scenarios for each episode and grid resolution are highlighted in grey.
All Summer Winter Baden Schleswig Schleswig Slflhllesm.ng Wi Baderll Wi Bader};
Events Events Events Wurttemberg Holstein Holstein Summer ‘z.steln urttemberg urtt.em 8
inter Summer Winter
3 km 9 km 3km 9 km 3 km 9 km 3km 9 km 3 km 9 km 3km 9 km 3 km 9 km 3 km 9 km 3km 9 km
1032 1031 1032 1011 411 631 1032 512 531 531 432 531 511 511 1032 1011 512 431
1011 431 1011 1031 611 431 1011 1011 532 431 531 432 611 631 1011 412 532 512
1031 411 1031 412 512 531 1031 412 432 532 532 431 411 531 1021 512 431 532
411 1011 432 432 532 1031 1012 612 1032 631 431 532 531 521 1012 612 1031 1031
412 531 1021 411 1031 532 512 611 1031 1031 632 632 421 611 1022 1021 631 631
1012 631 1022 431 511 411 1021 1031 511 1032 1032 631 521 411 1031 1012 411 531
431 611 431 611 531 511 412 1021 431 511 631 1031 412 612 512 611 611 411
1021 412 1012 1032 412 512 612 411 411 411 1031 1032 612 1031 412 411 522 611
611 511 411 1012 612 611 1022 1012 611 611 1011 411 1031 412 612 1031 412 522
531 532 531 531 522 612 611 511 1011 1011 411 1011 532 431 611 511 612 432
532 512 532 1021 421 412 411 1032 631 432 511 511 1021 1021 411 1022 531 511
1022 1032 412 511 1021 521 431 431 632 412 611 611 512 532 511 1032 511 632
432 612 611 631 431 522 631 631 412 632 1022 412 1032 1032 522 112 632 412
612 1021 632 612 631 1021 522 1022 1022 1012 412 1012 1011 421 521 521 432 612
631 1012 631 632 1011 421 511 432 1021 612 1012 1022 1022 512 112 111 1011 1032
512 432 511 532 521 1032 532 531 1012 1021 1021 131 522 621 432 432 1021 1011
511 632 512 512 1032 1011 432 522 421 1022 131 1021 1012 1011 431 522 1032 1021
632 1022 612 1022 1022 621 521 521 612 421 421 612 631 1022 631 631 421 421
421 421 131 421 1012 1012 632 532 512 621 132 132 431 522 621 621 622 521
521 621 421 621 432 1022 531 632 521 512 612 421 432 1012 421 431 422 621
621 521 621 112 632 432 622 421 621 521 621 621 621 632 111 421 1012 1012
522 522 622 422 621 632 421 621 422 522 512 422 632 432 622 422 621 422
622 422 422 131 422 422 621 112 622 422 422 622 422 422 632 632 521 622
422 622 521 622 622 622 422 111 522 622 622 512 622 622 422 622 1022 1022
112 112 112 521 111 112 112 422 132 132 112 112 112 112 531 531 132 132
132 111 522 111 112 111 111 622 131 131 521 111 111 111 532 122 111 112
131 132 132 132 132 132 122 132 112 112 522 521 122 121 122 532 112 111
111 131 111 522 122 122 132 122 111 111 111 522 132 122 121 121 122 122
122 122 122 122 131 121 131 131 122 121 121 121 121 132 131 132 131 131
121 121 121 121 121 131 121 121 121 122 122 122 131 131 132 131 121 121
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Figure 2. Hourly evolution of precipitation for the 3 and 9 km simulation results for the Schleswig—
Holstein area. Black line—observed area-averaged precipitation for each distinct event; light blue
line—average WRF-derived precipitation of all members; green line—average top-five-performing
configurations according to TOPSIS; gray area—dispersion of average precipitation values from the
various setups that were used to perform the simulations (vertical axis units are mm and horizontal
axis units are h).
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Figure 3. Same as Figure 2 but for the Baden-Wurttemberg area.

4. Conclusions

The performance of the WRF model is assessed by means of a wide set of microphysics,
cumulus, and planetary boundary layer scheme combinations for a total of eight extreme
precipitation events that occurred in the regions of SH and BW in Germany. The primary
reason for choosing these specific research sites is related to the distinct climate and weather
systems that govern these regions. The model is tested separately for the near-summer
and near-winter seasons. The initial and lateral boundary conditions are provided by the
ERADS reanalysis dataset. Simulation results are compared against observational station
data obtained from the German weather service DWD.
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The findings of this study suggest that increasing the spatial resolution of the model
from 9 to 3 km grid cell size had very little impact on the performance of the model. As a
result, fine resolution could be disregarded, boosting the computational efficiency of the
forecast. The combination that produced the best results was the same regardless of the
spatial resolution that was employed, except for a few specific cases. When looking at
the rainfall events that occurred during the summer months, the outputs of the various
model configurations showed large discrepancies. On the other hand, the dispersion of the
findings became substantially less noticeable during the winter months.

Looking at the different events as separate from one another and the frequency of
occurrence of the various schemes in the top-ranking combinations, it was revealed that the
MDM MP scheme appeared in the majority of them, followed by WSM6. In terms of the
CU scheme, the GF is the dominant parameterization in the top performing combination
members, whereas the YSU outperforms in the PBL scheme. It should be mentioned here
that when looking at the top five ranking results, the dominance of these observed schemes
lessens because the majority of the schemes were part of a combination that had adequate
simulation performance.

Feeding all statistical measures from all precipitation events into the TOPSIS algorithm,
essentially assuming that all events under consideration were a single event, it was found
that the top parameterization combinations are the MDM-GF-MY] and MDM-GF-YSU for
the 3 and 9 km spatial resolutions, respectively. Similarly, when all the events near-summer
and the corresponding ones near-winter were fed into the TOPSIS algorithm, the combi-
nations with the best performance for the events near-summer were MDM-GF-MY] and
MDM-KF-YSU for the 3 and 9 km grid spacing, respectively, while the top-ranking combos
for the ones near-winter were WSM5-KF-YSU and WSM6-GF-YSU. Finally, depending on
the geographical location, the optimal combinations were investigated, yielding EF-GF-
YSU for the northern region for both grid cell distances and WSM5-GF-MY]/EF-GF-YSU
for the southern region for 3 km/9 km simulations.

Identifying the most appropriate combination of model physics parameterizations
along with a representative grid size resolution is undeniably important in precipitation
forecast attempts. Here, taking into account the small added value of increasing the model’s
resolution on the optimization of the results and the need to choose an ensemble that will be
able to produce accurate results in any case, we propose the MDM-GF-YSU (MP-CU-PBL
schemes) ensemble for forecasting heavy rainfall events in the region of Germany at a grid
spacing of 9 km.
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