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Abstract: This study aims to improve the performance of the Weather Research and Forecasting
(WRF) model in the sea breeze circulation using the micro-Genetic Algorithm (micro-GA). We
found the optimal combination of four physical parameterization schemes related to the sea breeze
system, including planetary boundary layer (PBL), land surface, shortwave radiation, and longwave
radiation, in the WRF model coupled with the micro-GA (WRF-uGA system). The optimization
was performed with respect to surface meteorological variables (2 m temperature, 2 m relative
humidity, 10 m wind speed and direction) and a vertical wind profile (wind speed and direction),
simultaneously for three sea breeze cases over the northeastern coast of South Korea. The optimized
set of parameterization schemes out of the WRF-uGA system includes the Mellor—Yamada—Nakanishi—
Niino level-2.5 (MYNN?2) for PBL, the Noah land surface model with multiple parameterization
options (Noah-MP) for land surface, and the Rapid Radiative Transfer Model for GCMs (RRTMG) for
both shortwave and longwave radiation. The optimized set compared with the various other sets of
parameterization schemes for the sea breeze circulations showed up to 29 % for the improvement
ratio in terms of the normalized RMSE considering all meteorological variables.

Keywords: sea breeze circulations; optimization algorithm; numerical weather prediction model;

coastal regions; fitness function

1. Introduction

Sea breeze is a local atmospheric circulation caused by differential heating between
the sea and land surfaces in coastal regions. This thermal contrast creates a pressure
gradient force that causes airflow from sea to land during the daytime [1,2]. Thus, the sea
breeze circulation exerts significant impacts on local weather and meteorological conditions
through inland transport of moist and cool air, often bringing about development of coastal
thunderstorms [3]. Moreover, it plays a critical role in dispersion of low-level atmospheric
pollutants by changing low-level winds and boundary layer structures [4,5]. Therefore,
precise forecast of the sea breeze circulation is crucial because it affects air temperature,
humidity, precipitation, and air quality in coastal regions.

Surrounded by the sea on three sides (see Figure 1a), South Korea is constantly affected
by sea breezes [6-8]. Its northeastern coastal region, called Yeongdong, forms a narrow and
long coastline, surrounded by the steep Taebaek Mountains and the East Sea/Sea of Japan
(see Table 1); thus, this region experiences diverse and complex weather conditions due to
the combined effect of orography, coastline structure, sea breezes, and synoptic systems,
especially when the landward low-level inflows, called the Kor easterlies [9], are enhanced
under certain synoptic environment [6,9-13]. According to a climatological study on sea
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breezes in Yeongdong [14], prominent sea breezes appeared for 268 days during April,
May, and June from 2009 to 2018. Therefore, sea breezes play a vital role in local weather as
it affects weather elements, e.g., temperature, humidity, and wind, in Yeongdong. Thus,
various studies are needed to improve the prediction skill of the numerical simulation of
the sea breeze in Yeongdong.
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Figure 1. (a) Computational domain in WRF having triple nesting with horizontal resolution of
9 km (d01), 3 km (d02), and 1 km (d03) and (b) locations of the observational stations in d03. Station
GangNeung (GN; in red) is used only for selecting the sea breeze cases. Since the buoy location
(37.54° N, 130.0° S) is out of the range of domain 3 (d03), the buoy site (in red) is marked with a box.
The wind profiler radar is located at BukGangNeung (BGN). See Table 1 for the detailed information
on the stations in blue.

Table 1. Main attributes of meteorological stations used for optimization and validation. See the
station locations on the map in Figure 1b.

Station Latitude (°N) Longitude (°E) Altitude (m)
CheongHo (CH) 38.19 128.60 3.65
YangYang (YY) 38.09 128.63 4.31
JuMunjin (JM) 37.90 128.82 8.94
GangMun (GM) 37.79 128.93 6.61
Gangneung-Seongsan (GS) 37.73 128.78 455.97
OkGye (OG) 37.61 129.03 58.41
SamCheok (SC) 37.45 129.17 68.48
GungChon (GC) 37.33 129.27 14.07
BukGangNeung (BGN) 37.81 128.86 75.24

Recently, various numerical sensitivity experiments of the sea breeze circulations
have been conducted using mesoscale models, mainly on the performance of several
parameterization schemes in a specific physical process (e.g., cumulus, land surface, or
planetary boundary layer (PBL)). For example, among several PBL schemes widely used
in the Fifth-Generation NCAR/Penn State Mesoscale Model (MMb5), Srinivas et al. [15]
showed that the Blackadar scheme had the best performance in simulating sea breezes
over a southeastern coastal area in India. Using the Weather Research and Forecasting
(WRF) model, Steele et al. [16] confirmed that the wind speed and offshore extent of sea
breezes are sensitive to the adopted PBL scheme at scales similar to the southern North
Sea. Impact of three land surface models (LSMs), coupled to WREF, in simulating the sea
breeze circulation was also investigated, showing the most realistic simulations by the
Noah LSM with multiple parameterization options (Noah-MP), followed by the Noah LSM
and the 5-layer soil thermal diffusion scheme [17]. Other studies examined the combined
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effect of the PBL schemes and LSMs on the thermal internal boundary layer formed under
sea-breeze conditions [5,18] and showed that better performance was evident for different
sets of PBL and LSM schemes for different coastal environments. Various WRF physical
parameterizations, including the cumulus, microphysics, and PBL schemes, had been also
assessed in simulating sea breeze and their associated convective events over Florida [19],
which showed diversified results in the intensity and duration of precipitation as well
as the location and duration of the sea breeze events. Most of these sensitivity studies,
however, were limited to experiments with only a few physical parameterization schemes
due to the huge computational resources required to find the physical parameterization
schemes for improving the sea breeze prediction.

Although numerical sensitivity studies provide useful information on model responses
to different parameterization schemes, they do not guarantee optimal solutions for ac-
curate numerical forecast of the sea breeze circulation and its associated local weather
phenomena. The use of numerical models for scientific understanding of sea breezes,
including the onset and intensification of sea breeze front and the mechanisms of initi-
ation and development of the sea breeze-induced convection and precipitation systems,
should be preceded by optimization of model performance in simulating such phenomena,
potentially through optimal parameter estimation [20,21] and/or optimal selection of pa-
rameterization schemes [22-24]. Recently, an artificial intelligence-based optimization tool,
called the genetic algorithm (GA) [25,26], has been widely used in optimization problems
in meteorology and hydrology [20-24,27,28].

In this study, we couple the WRF model with micro-GA to obtain an optimal combina-
tion of physical parameterization schemes for more accurate simulation of the sea breeze
system in Yeongdong, Korea, focusing on near-surface weather elements and PBL winds in
the mountainous coastal region. We employed the micro-GA [29], an efficient GA method,
and developed the WRF-uGA system for the purpose of optimization experiments. We
overcame the limited experiments of previous sensitivity studies by finding the optimal
combination of the physical parameterization scheme without limiting the number of
physical parameterization schemes using the WRF-uGA system.

Section 2 describes the observational data and the sea breeze cases used in this study,
and Section 3 provides a detailed description of methodology. Section 4 presents the results
of simulations and optimizations. Conclusions are given in Section 5.

2. Data and Sea Breeze Cases

The meteorological data observed by the Korea Meteorological Administration (KMA)
are provided to users after data processing in the quality control (QC) system. The Au-
tomatic Weather Station (AWS) measures temperature, pressure, humidity, wind, and
precipitation every minute. The Wind Profiler Radar (WPR) is an operating device that uses
electromagnetic signals to remotely sense wind speed and direction at various altitudes
above the ground every 10 min. In Yeongdong region, Bukgangneung (BGN) has the only
WPR operating station. We employed 1 h interval data from 8 AWS and 1 WPR of the
KMA near the coast of Yeongdong for optimization and validation (see Figure 1b). Table 1
describes the main attributes of the stations. The meteorological variables used in this
study are 2 m temperature, 2 m relative humidity, and 10 m wind (speed and direction) of
the AWSs, and the vertical wind structure from the WPR.

We used the sea breeze selection algorithm of Hwang et al. [14] to select the sea breeze
cases in the Yeongdong region. For the selection of the sea breeze cases, several meteo-
rological variables at Gangneung (GN) and a buoy station over the sea near Okgye and
Samcheok are used, including precipitation, wind direction, air temperature, and sea level
pressure. Station GN is an Automated Surface Observing System (ASOS) station located
about 5.2 km inland from the coast (Figure 1b). The buoy station is located approximately
70 km seaward from the coast between Okgye and Samcheok.

Based on a data set from 2009 to 2018, Hwang et al. [14] reported that GN had a
total of 595 days of sea breezes, which occurred most frequently in April—June with a
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total of 268 days. As the initial and boundary conditions for WRF are provided by the
high-resolution global final analysis (FNL) data, which have been produced since July 2015
by the National Centre for Environmental Prediction (NCEP)’s Global Forecast System
(GFS), we have selected our sea breeze cases for the period of April—June from 2016 to
2021. This period depicted the lowest monthly precipitation and the largest difference in
surface temperature between sea and land.

Although sea breeze is a day-by-day phenomenon routinely observed in coastal areas,
it is hard to be discerned from the synoptic scale winds. Thus, we applied strict rules to
select the sea breeze cases for this study, first by excluding the days with precipitation to
reduce the impact of synoptic fields, and then by including the following days: (1) when
the wind direction is sustained between 0° and 110° for more than 6 h during the daytime,
considering the north-northwest-south-southeast orientation of the coastline in Yeongdong;
(2) when the wind direction is sustained between 110° and 360° for more than 6 h during the
nighttime; (3) when the land surface temperature is higher than the sea surface temperature
for more than 6 consecutive h during the daytime; and (4) when the sea level pressure over
the sea is 0.5 hPa higher than that over the land. Through this procedure, we have selected
the following sea breeze cases for this study: 16 April 2018, 12 April 2019, and 3 May 2019
for optimization, and 17 April 2018, 11 April 2020, and 15 April 2021 for validation.

3. Methods
3.1. WRF Physical Parameterization Schemes

Numerical simulations of sea breezes rely on the subgrid-scale physical processes
of the given model, including the PBL, land surface, radiation physics, etc. [5,15-18].
They significantly affect the sea breeze circulation through the interaction between the
sea/land surface and the lower atmosphere. Figure 2 shows the schematic diagram of
direct interactions among the physical processes and their parameters in WRF [30].

cloud detrainment . .
Cumulus »| Microphysics

i cloud

convective rain  convective rain effects

PBL Sea Breeze Radiation

A A
surface surface
fluxes emission
SH, LH /albedo
v

surface downward
T, Qv, wind Surface SW, LW

Figure 2. Schematic diagram representing direct interactions among the parameterized physical
process. Acronyms SW and LW represent the shortwave and longwave radiation, respectively;
SH and LH indicate the sensible heat and latent heat flux, respectively. Variables T and Qv mean
temperature and water vapor mixing ratio, respectively. Reproduced with permission from Dudhia,
A history of mesoscale model development [30]; published by the Korean Meteorological Society and
Springer, 2014.

To search for the optimal combination of physical parameterization schemes that fits
best the observed sea breeze circulations, we selected a total of 18 parameterization schemes
out of four categories of physical processes in WREF: eight schemes in PBL process, four
schemes in land surface physics, three schemes in shortwave radiation, and three schemes
in longwave radiation (see Table 2). Each PBL scheme is related to one or more surface layer
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schemes. We selected a frequently used surface layer scheme with each PBL based on PBL
sensitivity studies [31-33]. The five PBL schemes (YSU, MY], ACM2, BouLac, and UW) use
the MM5 and ETA surface-layer schemes based on the Monin-Obukhov similarity theory.
The other three PBL schemes (QNSE, MYNN?2, and TEMP) use their own special surface
layer schemes. The shortwave and longwave radiation schemes are optimized using the
pairs of same option numbers in WREF (see Table 2). The option numbers in Table 2 are the
same as those in the WRF namelist.

Table 2. Physical parameterization schemes of the WRF model used for the optimization with the option numbers the same

as in the WRF namelist. The non-local closure schemes are YSU, ACM2, and TEMF scheme. The local closure schemes are
MY]J, QNSE, MYNNZ2, BouLac, and UW scheme.

PBL Schemes Land Surface Radiation
Schemes Schemes
Option Scheme Surface Layer Option Scheme Option Shortwave
Scheme
1 YSU MMS similarity 1 D 1 Dudhia
2 MY] ETA similarity 2 Noah 3 CAM
4 QNSE QNSE 3 RUC 4 RRTMG
5 MYNN2 MYNN 4 Noah-MP OptiOI‘l Longwave
7 ACM2 MMS5 similarity 1 RRTM
8 BouLac MMS5 similarity 3 CAM
9 Uw MMS5 similarity 4 RRTMG
10 TEMP TEMF

3.1.1. Planetary Boundary Layer Scheme

For the PBL schemes, we selected three non-local and five local closure schemes.
The non-local closure schemes are YonSei University (YSU) scheme [34], Asymmetrical
Convective Model version 2 (ACM2) scheme [35], and Total Energy-Mass Flux (TEMF)
scheme [36]. The local closure schemes are Mellor-Yamada—Janjic (MY]) scheme [37],
Quasi-Normal Scale Elimination (QNSE) scheme [38], Mellor—Yamada—Nakanishi-Niino
level-2.5 (MYNN?2) scheme [39], Bougeault-Lacarrere (BouLac) scheme [40], and University
of Washington (UW) scheme [41].

Local schemes only consider vertical levels that are immediately adjacent in the model,
whereas non-local schemes can consider deeper layers containing multiple levels when
exhibiting the effect of vertical mixing through PBL.

The YSU scheme [34] is a 1.0-order non-local scheme with an explicit entrainment
layer and a parabolic K-profile in an unstable mixed layer. It is a modified version of the
Medium Range Forecast (MRF) scheme from the legacy MM5 model. The YSU scheme
determines PBL height where the bulk Richardson number (Ri;) exceeds a threshold value
of 0 for the stable flow while it is 0.25 for the unstable flow.

The MY] scheme [37] is a 1.5-order prognostic turbulent kinetic energy (TKE) scheme
with local vertical mixing and has been used in the operational Eta model. It determines
the PBL height by the level where TKE decreases to a prescribed small value of 0.2 m? s 2.

The QNSE scheme [38] is a 1.5-order local closure scheme with a TKE prediction
option to apply a new theory for stable boundary layers. It determines the PBL height as
the height where the TKE profile decreases to a prescribed low value of 0.01 m? s~2.

The MYNN2 scheme [39] is a 1.5-order local closure scheme that predicts the sub-grid
TKE terms. Like the QNSE scheme, MYNN? is a local scheme based on the comparison
with large eddy simulations. The PBL height is defined as the height where the TKE falls
below a critical value of 1.0 x 1076 m? s72.

The ACM2 scheme [35] is a 1.0-order non-local closure scheme that describes non-local
upward mixing and local downward mixing. It is a hybrid closure scheme that uses local
closure for stable conditions and non-local closure for unstable conditions. The PBL height
is determined as the height where the Ri}, exceeds a threshold value of 0.25.
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The BouLac scheme [40] is a 1.5-order local closure scheme with a TKE prediction
formulation designed for use with the BEP (Building Environment Parameterization) multi-
layer urban canopy model [42]. It diagnoses the PBL height by a level where the prognostic
TKE reaches a sufficiently low value of 0.005 m? s 2.

The UW scheme [41] is a 1.5-order local TKE closure scheme. It is from the Community
Earth System Model [43]. The PBL height is determined as the inversion between grid levels
via a Ri, critical value of 0.25 used in all stability cases, the same as the ACM2 scheme.

The TEMF scheme [36] is a 1.5-order non-local closure scheme, which has the subgrid-
scale total energy prognostic variable and mass-flux type shallow convection. The PBL
height is calculated through a Ri, method with a threshold value of 0.

3.1.2. Land Surface Scheme

We selected four land surface schemes as candidates for optimal combination of
physical parameterization schemes. They are the 5-layer thermal diffusion scheme (TD) [44],
Rapid Update Cycle (RUC) [45], Noah scheme [46,47], and Noah land surface model with
multiple parameterization options (Noah-MP) scheme [48].

The TD scheme [44] is the simplest in the land surface model, where only soil tempera-
ture is calculated in five soil layers with thicknesses of 1, 2, 4, 8, and 16 cm. Soil temperature
is computed using the force-restore method to solve the thermal diffusion equation. Soil
moisture is determined using a season-dependent function of land use. It does not include
representations of the soil moisture, vegetation, and snow processes.

The RUC scheme [45] solves the heat diffusion and moisture transfer equations for
nine layers from 0 to 300 cm, and it is well characterized by the soil temperature, soil
moisture, and snow [49]. It comprises a thin layer covering the surface, including half
of the first atmospheric layer and half of the topsoil layer, to adequately address energy
budgets and embraces the part of canopy moisture and soil texture to account for vegetation
impact on evaporation. This scheme represents different phases of the soil surface water,
vegetation effects, and canopy water.

The Noah scheme [46,47] calculates soil temperature and soil moisture in four soil
layers with thicknesses of 10, 30, 60, and 100 cm, including vegetation and snow processes.
Soil temperature and moisture are computed using the soil thermal diffusion and hydrolog-
ical equations, considering the surface energy and water budgets. In addition, it includes
explicit physics for the vegetation and hydrological processes, i.e., evapotranspiration,
canopy resistance, surface runoff, soil drainage, albedo, and urban canopy.

The Noah-MP scheme [48] followed most of the Noah scheme with the revision to
the overall frame. The revised physics includes the dynamic vegetation and its ecological
processes and descriptions of the snow and underground water processing. The Noah-
MP scheme can use multiple options for each physical parameterization. In this study,
we adopted the default options of each physical parameterization sub-scheme in the
WRF model.

3.1.3. Radiation Scheme

We selected Dudhia [50], NCAR Community Atmospheric Model (CAM) [51], and
Rapid Radiative Transfer Model for GCMs (RRMTG) [52] for the shortwave radiation
scheme. The longwave radiation schemes include Rapid Radiative Transfer Model (RRTM) [53],
NCAR Community Atmospheric Model (CAM) [51], and RRMTG [52] (Table 2).

The Dudhia shortwave radiation [50] scheme is taken from MMS. It includes a simple
downward calculation of solar flux that accounts for clean-air scattering, water vapor
absorption, cloud absorption, and reflection. The RRTM longwave radiation scheme [53] is
a spectral-band scheme using the correlated-k method, with a specified ozone profile that
interacts with resolved clouds.

The CAM shortwave and longwave radiation schemes [51] are spectral-band short-
wave and longwave schemes used in the NCAR Community Atmosphere Model for climate
simulations. The shortwave spectrum is divided into 19 bands, and the longwave spectrum
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is divided into 8 bands. This parameterization can interact with cloud fractions, aerosols,
and trace gases.

The RRTMG shortwave and longwave radiation schemes [52] are widely used for
weather and climate applications globally and regionally. The shortwave scheme includes
14 shortwave bands, and the longwave scheme contains 16 bands with specified ozone
profile, CO,, and trace gases.

3.2. Micro-Genetic Algorithm

The Genetic Algorithm (GA), developed by John Holland in the 1970s [25], is a
global optimization algorithm based on Charles Darwin’s theory of natural selection. The
fundamental mechanism of GA is to evaluate individuals in a generation to select an elite
based on a fitness function (natural selection), bear new offspring using the genes in the
chosen elite through a crossover mechanism, and then reconstitute a new generation with
the offspring. While the reconstitutions with the natural selection and crossover mechanism
are repeated, the generations evolve and converge to the optimum. The evolution with the
natural selection and crossover process continues until the best solution is found or max
generations are satisfied.

The GA needs many computing resources for searching for optimal solutions. The
micro-GA effectively reduces computing resources using a smaller population than GA,
applying reinitialization instead of the mutation process of GA [29].

3.2.1. WRF-uGA System

In this study, we designed the model optimization system by applying the micro-GA
algorithm coupled with the WRF model (WRF-uGA system) to find an optimal combina-
tion of the physical parameterization schemes for the sea breeze. The system is designed
to simultaneously optimize multiple sea breeze cases, effectively performing model op-
timization based on the scheme for sea breeze. The WRF-uGA system is represented in
the algorithm flow chart (Figure 3). A detailed description of the system is as follows: (1)
The micro-GA creates a random population of the chromosomes consists of binary code
when the algorithm is initialized. Here, population means the combination of physical
parameterization schemes; (2) The WRF model runs with a modified namelist file by ap-
plying each scheme combination; (3) The WRF model corresponding to each individual is
run and evaluated against observational data using the fitness function. Then, the selected
scheme combination through tournament selection is inherited by the offspring using the
crossover mechanism; (4) If the nominal convergence occurs, re-initialization is performed
to generate the individuals randomly except for the elite; (5) This process continues until
the maximum generation number is reached.
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Figure 3. The flow chart describing the combinational optimization process from the
WRF-pGA system.

3.2.2. Fitness Function

In micro-GA optimization, we need to define an appropriate fitness function. Because
the GA uses only one fitness function, we should be cautious about organizing a fitness
function. In this study, we defined a normalized RMSE as the fitness function to obtain an
appropriate assessment for variables with different scales. Since our experiments focus on
sea breeze forecasting, the fitness function is based on surface meteorological variables and
vertical wind profile, which are critical data for sea breeze forecasting. The fitness function
is defined as follows:

Fitness Function = NRMSEst + NRMSEy, D
where NRMSE; e and NRMSE,,, are defined as
NRMSEs. = NRMSEr,, + NRMSERp,,, + NRMSEws,,, + NRMSEwp,,, (2)

NRMSEqyer = NRMSEys + NRMSEwp. 3)

Here, NRMSE can be calculated by normalizing RMSE by the standard deviation of
observations (o) as

NRMSE = RA(/iSE, 4)
and RMSEs are given by
1 K T )
RMSE =\ | o7 & 2 2 (Fist = Okst) ®)

—_

k=1s=1t=1
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for the surface variables (T»,,, RH>,,,, WS101, and WDqg,,,) and

1 K T L

for the vertical wind profile (WS and WD). Here, subscripts sfc and ver indicate surface
variables and wind variables at vertical levels; K, S, T, and L denote the number of the sea
breeze cases, observational stations, observations with an interval of 1 h, and model vertical
levels below 1 km, respectively (K=3,S5 =8, T =11, L =6); F and O indicate the prediction
and observation, respectively; subscripts Tp;,, RHapm, WS10m, and WDjg,, indicate 2 m
temperature, 2 m relative humidity, 10 m wind speed, and 10 m wind direction, respectively;
subscripts WS and WD mean the wind speed and direction at vertical levels, respectively.
Note that the smaller fitness function indicates the higher prediction performance. To
calculate RMSE for the wind direction, we applied the method by Jiménez et al. [54]. The
RMSE for the wind direction is calculated using the difference Ad between the simulated
(model) and observed (obs) wind directions are given by

dmodel - dobs ‘if dmodel - dobs < |180|
Ad = dmodel - dobs — 360 Zf dmodel - dobs > 180 (7)
dmodel - dobs + 360 lf dmodel - dobs < —180.

Therefore, the values of Ad are in the range [—180°, 180°] and the RMSE is defined as

2
RMSE = || Hiz1(Adi)”
n

®)

where n is the number of pairs of simulated and observed wind directions.

4. Experimental Designs
4.1. WRF Model

In this study, we use the WRF model, version 4.1.5. The horizontal domain for this
study is configured with 3 two-way nested domains (Figure 1) with resolutions of 9, 3,
and 1 km and with 45 eta vertical levels. The initial and boundary conditions are derived
from the 6 h Global FNL at 0.25° x 0.25° grids generated by the NCEP’s GFS, and the
boundary conditions are updated every 6 h. The model is initialized at 1800 UTC (0300
LST), and the simulations are carried out for 18 h in sea breeze cases. The first 6 h is
considered the model spin-up period, and the next 11 h is the searching period for the
optimal combination of the physical parameterization schemes in three sea breeze cases.
The dynamics and physics schemes used in the study are given in Table 3. The default
physics schemes are the Kain—Fritsch (KF) convective parameterization scheme [55], and
WRF Double Moment 5-class (WDMS5) [56] microphysics scheme except for the PBL, land
surface, shortwave radiation, and longwave radiation scheme. The land use and land cover
distribution use the 15 s Moderate Resolution Imaging Spectroradiometer (MODIS) data
with the International Geosphere-Biosphere Programme (IGBP) modified 21 categories.
The simulations were simultaneously initiated on 1800 UTC 15 April 2018, 1800 UTC 11
April 2019, and 1800 UTC 2 May 2019.
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Table 3. Overview of the WRF model configuration.
Domain 1 Domain 2 Domain 3
Horizontal resolution 9km x 9 km 3 km x 3 km 1km x 1km
Vertical layers 45 eta levels
Cumulus physics Kain-Fritsch Kain-Fritsch -
Microphysics WDM 5 WDM 5 WDM 5
Initial and Boundary NCEP FNL Global Analysis Data (0.25° x 0.25°)
conditions
Initial time 2018/04/15 1800UTC  2019/04/11 1800UTC  2019/05/02 1800UTC
Forecast time 18 h (6 h spin-up)

4.2. Optimization

The settings of the population size and evolutionary generation in the micro-GA are
important for the optimization results. Thus, the population size was set to 5 and the
evolutionary generation was set to 100, following Yu et al. [21] and Zhu et al. [57]. These
values are typically used in micro-GA optimization. The uniform crossover method is
applied with the rate of 0.5 for conserving the variety in the genetic information.

To find the optimal combination of the physical parameterization schemes, we per-
formed the WRF-GA on three sea breeze cases simultaneously (16 April 2018, 12 April
2019, and 3 May 2019). To focus on the sea breeze, we optimized from 0000 UTC (0900 LST)
to 1000 UTC (1900 LST), considering from the average onset time of the sea breeze to the
start time of the land breeze at Gangneung (see Figure 1b).

5. Results and Discussion
5.1. Applications of WRF-uGA System

The optimization results showed that the fitness function converged to the minimum
in the 25th generation (Figure 4). The resulting optimal combination of physical parameter-
ization schemes consisted of the MYNN2 PBL scheme, Noah-MP surface scheme, RRTMG
shortwave radiation scheme, and RRTMG longwave radiation scheme. The theoretical
evidence for the optimal combination of the physical parameterization schemes in coastal
regions is as follows: (1) The Noah-MP scheme better represented the land-surface variables
leading to more realistic simulations of the sea breeze and boundary layer characteristics at
coastal regions [17,58]; (2) The MYNN2 PBL scheme has been shown to more accurately
reproduce the PBL structure in coastal regions [59-61].

6.16
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6.08 Best fitness
6.06

6.04

Fitness

6.02

6.00

598

596

594
1 4 7 10 13 16 19 22 25 28 31 34 37 40 43 46 49 52 55 58 61 64 67 70 73 76 79 82 85 88 91 94 97 100

Generation Number
Figure 4. Evolution of the fitness function in terms of the generations during the optimization process.

5.2. Validation

We selected three sea breeze cases for the validation: 17 April 2018, 11 April 2020,
and 15 April 2021. The verification duration is 11 h at 1 h intervals from the onset time of
the sea breeze to the onset time of the land breeze, which is the same as the optimization
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period. The surface meteorological variables, including T»,,, RH2y, WS10m, and WD1qy,,
and vertical wind profile variables, are compared between the model outputs and the
observational data for the validation. We compared the optimal combination of the physical
parameterization schemes with the combination of physical parameterization schemes
mainly used in numerical simulations of the general sea breeze research [18,58,62,63].
Table 4 summarizes the combinations of the physical parameterization schemes including
optimal combination scheme for the comparison experiments.

Table 4. List of the experiments.

Land Shortwave Longwave
Surface PBL Scheme Radiation Radiation References
Scheme Scheme Scheme
OPTM Noah-MP MYNN2 RRTMG RRTMG -

EXP1 Noah-MP YSU Dudhia RRTM [58]
EXP2 Noah YSU Dudhia RRTM [62]
EXP3 Noah MY] Dudhia RRTM [18]
EXP4 TD MY] Dudhia RRTM [63]

We used Equations (1)—(3) to evaluate the prediction performance in terms of all
variables, surface meteorological variables, and winds at vertical levels, respectively, for
different combinations of physical parameterization schemes (see Figure 5). The best
performances were obtained by OPTM in terms of all variables (Figure 5a) and surface
variables (Figure 5b), followed by EXP1. For the vertical wind profile variables (Figure 5c),
the combination of physical parameterization schemes with the best performance differed
for each sea breeze case: EXP1 on 11 April 2020 and EXP2 on 15 April 2021, respectively,
outperformed OPTM. Overall, OPTM produced the best performance for the sea breeze
circulations. Compared to EXP4, the largest improvement rates by OPTM, with regard
to NRMSE, were as follows: 29 % for all variables on 11 April 2020 (see Figure 5a); 38 %
for the surface meteorological variables on 15 April 2021 (see Figure 5b); and 24 % for the
vertical wind profile variables on 11 April 2020 (see Figure 5c). Both OPTM and EXP1
showed good performances, possibly due to the influence of Noah-MP that is shown to
simulate well the PBL height and heat flux associated with formation of a shallow unstable
boundary layer near the coast during the sea breeze time [17].

Table 5 summarizes the statistical results of the model performances in surface meteo-
rological variables and wind variables at vertical levels. The results of RMSE and Bias are
as follows: the OPTM showed the best results in all sea breeze cases for T5,, and indicated
good performance of WD1g,, and WD. In Ty,,, all experiments showed underestimation
with a cold bias, and OPTM showed the best performance. In RHy,,, OPTM, EXP2, and
EXP3 performed well in each case. In WSy¢,,, EXP1 simulated the closest to observation
while the performance of OPTM is moderate. WSy, was overestimated, which was
consistent with various studies using WRF [33,61].
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Figure 5. Comparison of the optimized vs. non-optimized experiments using the normalized RMSE for (a) all variables based
on Equation (1), (b) surface variables based on Equation (2), and (c) winds at given vertical levels based on Equation (3), on
17 April 2018, 11 April 2020, and 15 April 2021, respectively.

Table 5. Statistics of surface variables (sfc) and winds at vertical levels (ver) from the experiments. Statistical indicators
include bias, root mean square error (RMSE), and Pearson’s correlation coefficient (PCC).

OPTM EXP1 EXP2 EXP3 EXP4
Bias RMSE PCC Bias RMSEPCC Bias RMSE PCC Bias RMSE PCC Bias RMSE PCC

20180417
Tom (°C) -037 120 076 —097 148 0.78 —-121 1.63 077 —097 147 0.77 —-120 1.66 0.75
sfe RHyp (%) —568 1234 059 —-399 13.02 0.56 —4.90 13.00 053 -—-153 1137 0.58 1.44 11.99 0.58
Efns/lsfn 0.40 123 053 039 117 062 050 118 0.64 1.12 1.66 0.63 0.61 1.32 0.63
WD1om (°) 858 3785 044 056 3427 056 355 3562 054 839 33.19 0.55 1.15 31.48 0.57
ver WS (m/s) —207 282 020 -217 292 0.12 —220 292 016 -—-197 282 0.13 —2.04 288 0.19
WD (°) -1.67 8039 050 —13.83 8291 037 0318678 049 038 90.07 0.32 45 88.64 0.14
20200411
Tow (°C) -08 129 080 -110 155 0.79 -1.71 195 075 -135 170 077 =206 236 0.74
sfe RHyp (%) —-250 1169 036 —146 1271 0.34 —0.09 1124 034 130 12.83 0.25 7.81 15.82 0.22
ZX{S;S)’" 0.52 158 025 039 154 022 049 162 023 130 2.04 0.27 0.63 1.99 0.16
WD1om (°) 824 5574 035 874 5861 033 1515 66.61 026 1123 64.62 0.29 1393  83.79 0.23
ver WS (m/s) -051 173 045 —-049 162 0.56 —-099 198 035 -—0.10 1.87 0.45 -128 237 001
WD (°) 16.64 76.16 050 628 6430 048 12.05 66.54 061 1839 75.21 0.41 42.18  96.63 0.33
20210415
Tom (°C) -055 110 076 —085 131 0.74 —-131 1.63 072 -1.06 143 0.73 —-1.62 198 0.62
sfe RHop (%) 591 1236 046 696 1351 035 8.07 13.64 035 1071 1598 0.37 19.89  25.14 0.19
Efns/lsfn 0.87 203 039 078 193 041 091 186 048 221 2.83 0.57 112 2.038 0.49
WD1om (°) 1.04 2083 072 003 2373 070 3.03 2294 069 485 2429 0.67 1341 3621 0.48
ver WS (m/s) —-152 3.32 —-025 -135 3.11 —-020 —1.11 292 —-0.17 -1.14 335 —023 -144 315 —0.19
WD (°) 1.60 6171 047 15.00 6726 043 1635 63.65 040 7.14 6416 044 2280 7153 0.25

The overestimation is partly caused by the uncertainty in the sub-grid surface rough-
ness and its associated turbulence at low atmospheric levels [54]. In W D1,,,, OPTM showed
good performance. In WS and WD, OPTM and EXP1 showed good performance, and
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OPTM performance was better in WD. The Pearson’s correlation coefficient (PCC) was
used to identify the correlation between simulation and observation for each meteorological
variable. Generally, a value of PCC greater than 0.7 is considered a strong correlation, and
anything less than 0.4 is considered a weak or no correlation. In most experiments of the
three cases, T,,; showed a strong correlation greater than 0.7. However, all experiments
showed weak correlations less than 0.4 in RHp;,, WS1¢y,, and WDy, on 11 April 2020.
The WS showed a weak negative correlation in all experiments on 15 April 2021. Overall,
OPTM indicated good performance results in most sea breeze cases for T, RHap, WD1op,
and WD.

Figure 6 shows the time series of surface meteorological variables averaged for
8 observation stations on 17 April 2018, 11 April 2020, and 15 April 2021. In Ty, (Fig-
ure 6a), OPTM simulated the closest to the observations for the sea breeze circulation. In
RHy,, (Figure 6b), EXP3 and EXP4 were closer to observation, and all experiments showed
dry bias until 0600 UTC (15 LST) when the sea breeze was the strongest: OPTM was the
closest to observation after 0600 UTC, and most experiments showed dry bias on 17 April
2018. Diurnal variations in RHy,, were well represented and was inversely related to T»,,
as expected. The EXP2 appeared close to observation and showed dry bias until 0500
UTC (14 LST) when the sea breeze was the strongest, whereas OPTM was the closest to
observation after 0500 UTC on 11 April 2020. All the experiments except for EXP4 showed
similar trends, and OPTM was closest to the observation on 15 April 2021.
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Figure 6. Time series of the surface variables averaged at the eight meteorological stations for different validation dates:
(a) 2 m temperature, (b) 2 m relative humidity, (c) 10 m wind speed, and (d) 10 m wind direction, on 17 April 2018, 11 April
2020, and 15 April 2021, respectively.
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However, moist bias became large after 0400 UTC (13 LST) when the sea breeze was
strong. In WSy, (Figure 6¢c), OPTM and EXP1 were closest to observation: compared to
other meteorological variables, the pattern of overestimation was more significant, espe-
cially on 15 April 2021, which is common in the wind speed prediction using WRF [61,64].
In WDy, (Figure 6d), at the onset time of the sea breeze, the observations showed a change
in the wind direction, from south-southwest to east at 0000 UTC (0900 LST) on 17 April
2018, from southwest to southeast at 0800 LST on 11 April 2020, and from southwest to
southeast at 0000 UTC on 15 April 2021. The OPTM simulated well the onset time of the sea
breeze on 17 April 2018 and 15 April 2021; however, on 11 April 2020, the sea breeze onset
time was delayed by 1 h in OPTM and by 2 h in the other experiments. Therefore, OPTM
captured well the timing of changing from sea breeze to land breeze in all the three cases.

5.3. Sensitivity Analysis

The development and growth of PBL depends on the surface heat and moisture fluxes
and their upward mixing by the turbulent eddies and subsidence [64,65]. The advection of
cold and moist air by sea breeze can lead to important modifications to the land surface
fluxes, and thus have consequences on the boundary layer development. [66]. In other
words, the sea breezes move cold and moist air inland, lowering the air temperature,
weakening the convection structure, and eventually impeding the growth of PBL. Therefore,
in this study, sensitivity analysis was performed on the wind vertical structure of the sea
breeze and PBL height at Gangneung, a representative area of Yeongdong for the optimized
set of the schemes and the various other sets.

Figure 7 shows the time variation of the vertical wind profile and PBL height for the
experiments of OPTM and EXP1—EXP4 on 15 April 2021. In OPTM, the PBL height started
to grow due to solar radiation in the morning and reached the peak at 1100 LST (Figure 7a).
After that, the PBL height began to decrease as the sea breeze became stronger. In particular,
the PBL height appeared lowest at 0500-0600 UTC (1400-1500 LST), which grew slightly
again: this feature is strongly linked to the sea breeze circulation whose intensity was
the strongest at 0500-0600 UTC, and then decreased slightly. Both OPTM and EXP1 use
Noah MP and show similar features in the PBL height and horizontal wind vector: this is
reasonable because LSM calculates the heat and moisture fluxes for land and provides the
lower boundary conditions for vertical transport in the PBL. However, in EXP1, the peak
PBL height appeared at 0300 UTC (1200 LST), 1 h later than that in OPTM (Figure 7b); this
is strongly related to the delay in the sea breeze development—mainly caused by different
choices of the physical parameterization schemes other than LSM (see Table 4). In EXP2,
the peak of PBL height also appeared at 0300 UTC, similarly to EXP1 (Figure 7c): the only
difference between EXP1 and EXP2 is in LSM where the latter employed Noah LSM. Both
EXP2 and EXP3 share the same parameterization schemes except for the PBL scheme—YSU
for EXP2 and MY] for EXP3 (see Table 4)—which resulted in unreasonable PBL features in
EXP3 (Figure 7d). EXP4 is different from EXP3 only in LSM, i.e., 5-Layer scheme in EXP4
vs. Noah LSM in EXP3, but it showed much unreasonable PBL evolution compared to
EXP3 (Figure 7e). Overall, the PBL structure and evolution got adjusted to show better
features with the optimized set of parametrization schemes.
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Figure 7. Time variation of PBL height (black line), horizontal wind speed (shading), and vector (arrow) on 15 April 2021.
(a) OPTM, (b) EXP1, (c) EXP2, (d) EXP3, and (e) EXP4.

6. Conclusions

This study aimed to improve the forecast skill of the sea breeze circulation along the
east coast of Yeongdong in the Korean Peninsula by finding the optimal set of physical
parameterization schemes in the Weather Research and Forecasting (WRF) using a global
optimization method called the micro-Genetic Algorithm (GA). We developed a system
that combines the WRF and the micro-GA (WRF-uGA) and applied it to a combinational
optimization problem.

We selected nine observation stations in Yeongdong coastal region of the Korean
Peninsula for the optimization and validation. The fitness function was composed of
the normalized root mean squared error (RMSE) considering Tp;,, RHom, WS10m, WD10m,
WS, and WD. We simultaneously optimized three sea breeze cases selected by the sea
breeze selection algorithm. Based on the WRF-uGA system, we found that the optimal
combination consists of the MYNN2 (PBL), Noah-MP (land surface), RRTMG (shortwave
radiation), and RRTMG (longwave radiation) schemes.

We first conducted validation tests for the variables used for optimization and con-
firmed that the optimized model results showed generally good matches with the observa-
tions. We then compared the optimized vs. non-optimized experiments and found that
the overall performance of WRF using the optimal parameterization scheme set (OPTM)
was excellent in sea breeze simulations. We noticed that an experiment with the scheme
set of YSU, NoahMP, Dudhia, and RRTM also showed comparable performance. The
YSU and MYNN2 schemes simulated well the PBL structure in the coastal areas and
the sea breezes, respectively, in previous studies: the Noah-MP, commonly employed in
the two experiments is also known as the best land surface scheme for simulating the
sea breeze circulation. In the sensitivity experiments, we found that the optimized set
of parameterization schemes was adjusted to show better features of the PBL structure
and evolution.
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We conclude that the dynamical and thermodynamical characteristics of sea breeze
circulation can be analyzed more accurately using the optimal combination of the physical
parameterization schemes, obtained by the WRF-uGA system; thus, this kind of combina-
tional optimization can lay the foundation for understanding the local circulations and
meteorological phenomena in the coastal areas, including the low-level air convergence,
precipitation, and atmospheric pollutant.
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