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Abstract.

The Weather Research and Forecasting (WRF) model offers a multitude of physics parameterizations to study and analyze

the different atmospheric processes and dynamics that are observed in the Earth’s atmosphere. However, the suitability of a

WRF model setup is known to be highly sensitive to the type of weather phenomena and the type and combination of physics

parameterizations. A multi-event sensitivity analysis is conducted to identify general trends and suitable WRF physics setups5

for three extreme weather events identified to be potentially harmful for the operation and maintenance of wind farms located

in the Belgian offshore concession zone. The events considered are Storm Ciara on 10 February 2020, a low-pressure system

on 24 December 2020, and a trough passage on 27 June 2020. 12 WRF simulations per event are performed to study the effect

of the update interval of lateral boundary conditions and different combinations of physics parameterizations (PBL, cumulus,

and microphysics). Specifically, the update interval of ERA5 lateral boundary conditions is varied between hourly and 3-10

hourly. Physics parameterizations are varied between three PBL schemes (MYNN, scale-aware Shin-Hong, and scale-aware

Zhang), four cumulus schemes (Kain-Fritsch, Grell-Dévényi, scale-aware Grell-Freitas, and multi-scale Kain-Fritsch), and

three microphysics schemes (WSM5, Thompson, and Morrison). The simulated wind direction and wind speed are compared

qualitatively and quantitatively to operational SCADA data. Overall, a definitive best-case setup common to all three events is

not identified in this study. For wind direction and wind speed, the best-case setups are identified to employ scale-aware PBL15

schemes. These are most often driven by hourly update intervals of lateral boundary conditions as opposed to 3-hourly update

intervals, although it is only in the case of Storm Ciara that significant differences are observed. Scale-aware cumulus schemes

are identified to produce better results when combined with scale-aware PBL schemes, specifically for Storm Ciara and the

trough passage cases. However, for the low-pressure system case this trend is not observed. No clear trend in utilizing higher-

order microphysics parameterization considering the combinations of WRF setups in this study is found in all cases. Overall,20

the combination of PBL, cumulus, and microphysics schemes is found to be highly sensitive to the type of extreme weather

event. Qualitatively, precipitation fields are found to be highly sensitive to model setup and the type of weather phenomena.
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1 Introduction

Extreme weather phenomena such as low-level jets, fast changes in wind direction, extreme wind shear (Kalverla et al., 2017;

Aird et al., 2021), wind ramps (Gallego-Castillo et al., 2015), and storms (Solari, 2020) are capable of causing severe dynamic25

loading on wind turbines (Negro et al., 2014; AbuGazia et al., 2020; Chi et al., 2020). Furthermore, precipitation associated

with these phenomena can lead to early blade degradation through leading-edge erosion (Law and Koutsos, 2020). As such,

these extreme weather events (EWEs) play a significant role in wind turbine operational lifetime and must be considered

at the design stage to ensure safe estimates of ultimate and fatigue loading. Such events may also cause sudden changes in

power production leading to grid imbalance and economic losses. Therefore, accurate modeling and forecasting of such EWEs30

are crucial for the operation of onshore and offshore wind farms. Typically, numerical weather prediction (NWP) models are

utilized to identify, study, and analyze such extreme weather phenomena. Recent developments in NWP models pave the way

towards high resolution weather forecasts, thus enabling operational use for wind energy applications (Dudhia, 2014; Bauer

et al., 2015). This study utilizes the public domain Weather Research and Forecasting - Advanced Research WRF (WRF-ARW)

model developed by the National Center for Atmospheric Research (Powers et al., 2017; Skamarock et al., 2019). The WRF35

model represents a multitude of atmospheric processes and dynamics such as the distribution of fluxes within the planetary

boundary layer (PBL), the determination of cloud ensembles and compensating subsidence for convective cumulus systems,

and the evolution of hydrometeor species. Therein, an array of physics parameterizations and model parameters are available

to adequately represent a local weather system. Nonetheless the WRF model simulations are found to be highly sensitive to

the type and combination of physics schemes, the location and the type of weather event, and the lateral boundary conditions40

(LBCs).

Sensitivity analyses are typically conducted to identify the optimal combination of physics schemes for a specific location

(e.g., Efstathiou et al. 2013; Santos-Alamillos et al. 2013; Kala et al. 2015). This type of investigation has not been performed

for the Belgian North Sea. Furthermore, to the authors’ best knowledge, no previous studies have looked at potentially harmful

EWEs from a wind farm perspective as experienced by the machines themselves. Therefore, this sensitivity analysis aims to45

address this gap in research. The analysis presented in this paper assesses the impact of a wide range of physics parameteriza-

tions for PBL, cumulus and microphysics, and length of the update interval of LBCs on the simulated wind direction and wind

speed.

Physics parameterizations in the WRF model for the PBL, cumulus, and microphysics comprise a multitude of large-scale

and sub-grid scale modeling techniques. For the PBL and cumulus, these are primarily divided into scale-aware and non-50

scale-aware parameterizations. The scale-aware parameterizations aim to better represent convective and turbulent fluxes at the

so-called gray-zone resolutions, i.e., for refined horizontal grid spacings on the verge of allowing partial resolution of these

fluxes rather than fully parameterizing them (Wyngaard, 2004; Hong and Dudhia, 2012). The following paragraphs briefly

discuss the state-of-the-art physics parameterizations of the PBL, cumulus, and microphysics.

Concerning the parameterization of boundary-layer turbulence, traditional PBL schemes rely on the assumption of horizontal55

homogeneity to redistribute surface fluxes vertically within the atmospheric boundary layer. However, for horizontal grid
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spacings of around 1 km or finer, 3D atmospheric turbulence is partially resolved, violating this basic assumption employed by

classical 1D PBL schemes. The gray-zone modeling challenge for PBL turbulence has led to the development of scale-aware

PBL schemes which partially resolve turbulent mixing at gray-zone resolutions as a function of the grid spacing. This work

considers three PBL parameterizations: the non-scale-aware 1D Mellor-Yamada-Nakanishi-Niino (MYNN) scheme, the scale-60

aware 1D Shin-Hong (SH) scheme, and the scale-aware 3D Zhang scheme. The MYNN PBL scheme (Nakanishi and Niino,

2006) is a 1D turbulence kinetic energy prediction scheme that solves for a vertical eddy viscosity profile in a grid column. The

SH PBL scheme (Shin and Hong, 2015) is a scale-aware 1D diagnostic scheme representing non-local transport by large eddies

in the atmospheric boundary layer. The SH PBL scheme modifies the YSU PBL scheme (Hong et al., 2006) for sub-kilometer

transition scales by reducing the strength of the non-local term with decreasing horizontal grid spacing, assuming gradual65

resolution of the largest eddies. The Zhang 3D PBL scheme (Zhang et al., 2018) extends the 3D turbulent kinetic energy based

closure by Deardorff (Deardorff, 1980) to gray-zone resolutions, using partitioning functions derived from a reference large

eddy simulation. While the SH PBL scheme has been found to outperform conventional PBL formulations for desert convective

boundary layers (Xu et al., 2018) and for the western Great Plains of the United States (Doubrawa and Muñoz-Esparza, 2020),

its interaction with cumulus and microphysics options is yet to be tested for extreme weather in coastal environments featuring70

strong interaction between PBL and convective cumulus processes.

The cumulus parameterizations represent the ensemble effects of convective clouds with statistical effects of moist convec-

tion and convective rainfall within a grid column. Cumulus schemes are further divided into mass-flux type and adjustment

type. The mass-flux type schemes aim to minimize the convective available potential energy within a grid column by converting

it into compensating subsidence, a combination of vertical advection, moisture, and temperature. The current work considers75

the Kain-Fritsch (KF), the multi-scale Kain-Fritsch (msKF), the Grell-Dévényi 3D ensemble (GD-3D), and the scale-aware

Grell-Freitas (GF) cumulus schemes, to evaluate the performance of WRF across the convective gray-zone. The KF cumulus

scheme (Kain, 2004) is a commonly used 1D mass-flux type scheme that considers deep and shallow convection. The scheme

includes hydrometeor detrainments from clouds, rain, ice, and snow. The scheme is designed to run at a horizontal grid spacing

of 25 km and coarser. The msKF cumulus scheme (Zheng et al., 2016) updates the KF cumulus scheme to convective gray-zone80

resolutions at horizontal grid spacings of 10 km and coarser. The GD-3D cumulus scheme (Grell and Dévényi, 2002) relies on

combining ensemble and data assimilation techniques to represent the local convection and provides adjustable parameters for

further calibration of the scheme. The GF cumulus scheme (Grell and Freitas, 2014) is an adjustment type parameterization that

redistributes compensating subsidence derived from GD-3D to neighboring grid cells using a Gaussian distribution function

and adapts the scale-aware cloud representations from Arakawa et al. (2011). The GF cumulus scheme is designed and tested85

for horizontal grid spacings of 5 km and coarser. A study by Jeworrek et al. (2019) highlights the importance of choosing an

appropriate cumulus parameterization to accurately represent precipitation, particularly in the convective gray-zone.

The microphysical parameterizations emulate moisture removal from the atmosphere by modeling hydrometeor distributions

based on thermodynamic and kinematic fields defined in the WRF model. The most commonly used microphysics schemes are

the so-called bulk schemes. These constitute a mathematical distribution of hydrometeor number concentration versus particle90

size using either a negative exponential or a gamma distribution. Bulk type microphysics parameterizations are further divided
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by order of complexity and number of tunable parameters, which de�ne the moments and intercepts used by the aforementioned

distributions. The microphysics schemes considered for this sensitivity analysis are the WRF Single-Moment �ve-class scheme

(WSM5) (Hong et al., 2004) representing �ve classes of hydrometeor species, the Thompson single-moment (except ice) six-

class scheme (Thompson et al., 2008), and the Morrison double-moment six-class scheme (Morrison et al., 2009). In this95

respect, Hong and Lim (2006) illustrated the advantages in including a greater number of hydrometeor species in microphysical

representations to better predict precipitation �elds. Similar results were observed in a recent study by Jeworrek et al. (2019),

calling for microphysics parameterizations with greater �delity in hydrometeor representation. The study �nds that higher-

order microphysics schemes, such as Morrison and Thompson, in combination with scale-aware cumulus parameterizations,

such as multi-scale KF and GF schemes, accurately reproduce precipitation.100

In the context of offshore wind energy applications, various sensitivity studies have been conducted with the aim of deter-

mining a universal best-case WRF setup for assessing the local weather systems (Carvalho et al., 2012; Giannakopoulou and

Nhili, 2014; Hahmann et al., 2015). Therein, a strong dependence of model accuracy to the type and combination of physics

parameterizations, the initial and LBCs, the horizontal and vertical grid spacing, and the location and type of weather phe-

nomenon. For instance, comparing wind power production to observational data, Hahmann et al. (2015) study the long-term105

sensitivity of simulated WRF offshore climatology evaluated against wind LiDAR observations, indicating a strong sensitivity

to PBL parameterizations and the spin-up period, and an insensitivity to global reanalysis and vertical grid spacing considered

in the WRF model. Similarly, Carvalho et al. (2014) indicate a close dependency on PBL and surface layer parameterizations

studying different physics combinations, that may lead to increased accuracy depending on the prognostic variables of interest.

Cunden et al. (2018) performed a sensitivity analysis considering different combinations of non-scale-aware PBL, cumulus,110

and microphysics parameterizations (despite kilometer-range grid spacing) for the island of Mauritius under clear and extreme

weather. The study was able to identify a best-case WRF setup suitable for accurately simulating both cases. In contrast, the

study by Islam et al. (2015) for the Haiyan tropical cyclone over the west Paci�c Ocean did not identity a suitable combination

of physics parameterizations to best reproduce the EWE. Similarly, for the European continent, studies by García-Díez et al.

(2013), Mooney et al. (2013), and Stergiou et al. (2017) have conducted long-term sensitivity analyses indicating a wide array115

of possible combinations of physics parameterizations depending on the type of weather phenomenon, the season, and the time

period to simulate within the diurnal cycle.

The optimal selection of physics parameterizations remains an important and open challenge to accurately simulate weather

phenomena. The current study quanti�es the sensitivity of WRF simulation results to physics parameterizations and model

setup to identify best suitable combinations for modeling three EWEs detected from SCADA data collected at the Belgian120

offshore wind farms. This multi-variant multi-event sensitivity analysis considers 12 physics combinations comprising three

PBL schemes, four cumulus schemes, three microphysics schemes, and hourly versus 3-hourly update intervals of LBCs. The

remainder of this article is structured as follows. Firstly, a description of EWEs is introduced in Sect. 2. Next, the numerical

methodology and modeling setup are introduced in Sect. 3. The simulation results and discussions are presented in Sect. 4.

Lastly, conclusions and future prospects are presented in Sect. 5.125
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2 Description of the events

The selection of the events in this study is motivated by the occurrence of fast changes in wind direction accompanied by

severe yaw misalignment leading to signi�cant power loss as observed by a Belgian offshore wind farm in the North Sea.

The methodology utilized to identify these events modi�es the approach de�ned by Hannesdóttir and Kelly (2019) to include

yaw misalignment. The wavelet analysis considers a minimum threshold to identify anomalous changes in wind direction130

accompanied by severe yaw misalignment experienced by several wind turbines. Severe yaw misalignment potentially has

adverse effects on the operational lifetime and fatigue loading of a wind turbine (Laino and Hansen, 1998; Wan et al., 2015;

Bakhshi and Sandborn, 2016; Damiani et al., 2018), highlighting its importance and relevance in this study. The SCADA

analysis for the identi�cation of these events includes con�dential error codes and data that are protected under a non-disclosure

agreement, therefore no further details can be provided herein.135

Three case studies are considered in this sensitivity analysis, namely, Storm Ciara on 10 February 2020, a low-pressure

system on 24 December 2020, and a trough passage on 27 June 2020. The radar data presented herein is not publicly available,

but was retrieved through a bilateral agreement with the Royal Meteorological Institute of Belgium (RMI-B). A brief synopsis

of these events is presented in the following sub-sections.

2.1 Case study 1: Storm Ciara140

Storm Ciara was an extratropical cyclone that passed over the Belgian North Sea on 10 February 2020. Storm Ciara originated

in the Atlantic Ocean, moving from the North American continent (starting 3 February 2020) to the European continent (16

February 2020). Storm Ciara swept across the majority of western Europe including the United Kingdom and Norway, bringing

in heavy precipitation and strong winds with a maximum recorded wind gust of 219 km h� 1 at Cap Corse, Corsica, France1.

Over Belgium, the RMI-B2 reported wind gusts of up to 115 km h� 1 in Ostend, located at the Belgian coast, with heavy145

precipitation accompanied by strong winds and thunderstorms.

During the early hours of Storm Ciara on 10 February 2020, an offshore wind farm recorded fast changes in wind direction

accompanied by severe yaw misalignment and concentrated rainfall. An RMI-B radar snapshot at 04:40 UTC is presented in

Fig. 1a, illustrating the presence of a bow-echo moving from the British Isles to Belgium, an indication of a possible micro-

burst phenomenon (Fujita, 1978). Synoptic maps by the Royal Netherlands Meteorological Institute (RNMI3) presented in Fig.150

2a indicate a trough passage during this period. Further, precipitation data from a wind pro�ler located within the wind farm

highlights fast changes in wind direction accompanied by sudden precipitation during the period of interest at 04:40 UTC,

presented in Fig. 3.

1https://www.meteo-paris.com/actualites/retro-meteo-2020-les-evenements-climatiques-marquants-en-france, website consulted on 21 April 2022.
2https://www.meteo.be/nl/info/nieuwsoverzicht/storm-ciara, website consulted on 21 April 2022.
3https://www.knmi.nl/nederland-nu/klimatologie/daggegevens/weerkaarten, website consulted on 21 April 2022.
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