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A B S T R A C T   

This study investigates the performance of two commonly used planetary boundary layer (PBL) schemes, the 
local turbulence closure (Mellor-Yamada-Janjić: MYJ) and the nonlocal turbulence closure (Yonsei University: 
YSU), over the tropical coastal region of Shenzhen, China, using the Weather Research and Forecasting (WRF) 
model. The simulation results are evaluated by comparing them to various measurements. Additionally, we also 
investigate the performance of the PBL schemes over different land cover types and their ability to reproduce the 
physical relationships between several pairs of interrelated near-surface atmospheric parameters. The results 
show that both PBL schemes underestimate temperature and PBL height and overestimate wind speed and 
turbulent fluxes throughout the whole day, but this can be improved by increasing horizontal resolution. We find 
that the overestimation of wind speed and turbulent heat fluxes is mainly caused by the strong mechanical 
mixing in the model. Some improvements are required such as more accurate surface morphology parameters 
and momentum transport coefficients. Overall, the YSU scheme outperforms the MYJ scheme at all horizontal 
resolutions over complex terrain in terms of near-surface variables, PBL vertical structures, and the internal 
relations between turbulent heat fluxes and atmospheric instability. However, the difference between the two 
PBL schemes, varying over different land covers and with time periods and altitudes within the PBL, is generally 
greater over the land than over the sea for thermal-related variables (especially during daytime), while for 
variables associated with water vapor is the opposite. This highlights the importance of the underlying surface 
for the performance of PBL schemes and the need to select appropriate PBL schemes for simulating the evolution 
of PBL processes over different land covers.   

1. Introduction 

The planetary boundary layer (PBL), the lowest part of the tropo
sphere ranging from tens of meters to a few kilometers, is directly 
influenced by the Earth's surface (Stull, 1988). It responds to various 
surface forcings (e.g., heat transfer, evaporation and transpiration, 
frictional drag, pollutant emission and transportation, and terrain- 
induced flow) within a timescale of about an hour or less (Stull, 1988; 
Garratt, 1994). The structures and processes of the PBL play a crucial 
role in the exchange of physical and chemical quantities (e.g., mass, 
momentum, heat, moisture, and pollutants) between the surface and 
atmosphere, and thus directly affect weather, climate, and air quality 
(Garratt, 1994). These exchange processes are generally characterized 

by transport and mixing associated with turbulent eddies (Konor et al., 
2009), which are intrinsic to the boundary layer and constitute the 
dominant mechanism to transmit surface forcings throughout the entire 
PBL (Stensrud, 2011). Therefore, accurate modeling of PBL processes, 
especially boundary layer turbulence, is essential for the numerical 
simulations of weather, climate, and atmospheric pollutants. 

To improve the accuracy of predicting the kinematic and thermo
dynamics parameters of the atmospheric PBL in numerical weather 
prediction (NWP) and climate models, turbulent mixing must be reliably 
represented (Konor et al., 2009; Cohen et al., 2015). However, the res
olution of these models is often insufficient to explicitly resolve the 
structure of PBL turbulence; therefore, empirically tuned and inherently 
uncertain parameterization schemes are used (Stensrud, 2011; Cohen 
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et al., 2015). This approach is known as PBL parameterization, which is 
usually one-dimensional (1D) and responsible for describing the vertical 
profiles of the sub-grid-scale (SGS) fluxes due to eddy diffusivity. It 
provides atmospheric tendencies of temperature, moisture (including 
clouds), and horizontal momentum throughout the entire atmospheric 
column (Konor et al., 2009; Skamarock et al., 2019). However, it should 
be noted that such 1D PBL parameterizations may produce unrealistic 
flow characteristics in high-resolution mesoscale domains (Zhou et al., 
2014; Shin and Dudhia, 2016). 

In recent decades, various PBL schemes have been developed to 
describe turbulent processes in mesoscale atmospheric models (e.g., 
Mellor and Yamada, 1982; Janjić, 1994; Hong et al., 2006; Pleim, 2007; 
Bretherton and Park, 2009; Shin and Hong, 2015). For instance, the 
widely-used mesoscale Weather Research and Forecasting (WRF; Ska
marock et al., 2019) model offers >10 PBL schemes. These PBL pa
rameterizations are broadly classified into local and nonlocal turbulence 
schemes based on their treatment of vertical mixing. Local turbulence 
schemes consider only the adjacent vertical levels, while nonlocal 
schemes consider a deeper layer covering multiple levels to represent 
the vertical mixing effects through the entire PBL (Cohen et al., 2015). It 
is well understood that the most significant concern with local schemes 
is their assumption that mixing is related to local turbulent kinetic en
ergy (TKE), which can lead to unrealistic flow characteristics (Zhou 
et al., 2014). In reality, the vertical mixing throughout the entire PBL is 
primarily accomplished by the largest eddies, which are often inde
pendent of local variations in static stability (Cohen et al., 2015; Sten
srud et al., 2015). These large eddies can penetrate the top of the mixed 
layer and entrain free atmospheric air into the mixed layer, thereby 
enhancing the PBL depth (Cohen et al., 2015). The nonlocal schemes can 
better explain the PBL turbulence characteristics and are typically used 
for convective boundary layers because they account for the counter- 
gradient fluxes (Stull, 1991; Cohen et al., 2015; Stensrud et al., 2015). 
However, all local and nonlocal parameterizations rely on several as
sumptions and may not be well-suited for all environments. 

Selecting appropriate PBL parameterizations in NWP and climate 
models and understanding differences between PBL schemes have been 
actively studied in recent decades (e.g., Cohen et al., 2015; Jia and 
Zhang, 2020). Many studies have investigated the sensitivity of PBL 
parameterizations to meteorological parameters for diverse atmospheric 
processes, environments, and geographical locations, such as low-level 
jets (e.g., Ruiz et al., 2010; Santos and Nascimento, 2016), tropical cy
clones (e.g., Coronel et al., 2016), mid-latitude cold season severe storms 
(e.g., Cohen et al., 2015; Pradhan et al., 2019), lightning in hailstorms 
(e.g., Malečić et al., 2022), warm season mesoscale convective system 
rainfall (e.g., Jankov et al., 2005), distribution and transport of pollut
ants (Banks and Baldasano, 2016), the urban heat island (Jandaghian 
et al., 2018), the PBL structure in stable conditions (Tastula et al., 2015), 
and weather and climate over the polar regions (e.g., Ma, 2012; Tastula 
et al., 2012). Interested readers can refer to Cohen et al. (2015) and Jia 
and Zhang (2020), which provide detailed reviews of the performance of 
different PBL schemes on meteorological parameters, PBL structures, 
and turbulence diffusion. Although considerable efforts have been made 
in previous studies, there is still no unified conclusion on the optimal 
PBL parameterizations since the performance of different schemes 
strongly depends on atmospheric conditions, geographical features, 
model configurations, and time periods (Ruiz et al., 2010; Banks and 
Baldasano, 2016; Falasca et al., 2021). Therefore, evaluating PBL 
schemes at different geographical locations and time periods remains 
necessary. 

Unlike most previous studies that focused on mid-latitude conti
nental regions with little or mild topographic variability (see e.g., Jia 
and Zhang, 2020), this work examines the effects of PBL schemes over 
the geographically complex tropical coastal region of Shenzhen in the 
Pearl River Delta (PRD) region of southern China, which encompasses 
oceans, rivers, reservoirs, mountains, and urban areas. For such complex 
typography, the vertical SGS fluxes are affected not only by turbulent 

mixing but also by mesoscale advection processes caused by the surface 
heterogeneous heating or cooling (Serafin et al., 2018). Although 
parameterization based on the specific features of a given complex 
terrain can address this issue, it needs to be established individually for 
each site and is not universally applicable (Sfyri et al., 2018). Therefore, 
it is more feasible to investigate and understand the performance of 
existing PBL schemes over complex terrain and extend these common 
parameterizations to include the surface heterogeneity effects. 

In addition, most previous studies have primarily validated the 
models using conventional surface meteorological measurements (i.e., 
surface pressure, 2-m temperature and humidity, 10-m wind speed and 
direction) and sounding profiles of air temperature, humidity, and winds 
from low-response sensors (e.g., Ruiz et al., 2010; Xie et al., 2012; Cohen 
et al., 2015; Jia and Zhang, 2020; Yu et al., 2022), with relatively few 
verifications with turbulence observations. Moreover, the traditional 
approach primarily validates individual variables with observed fields, 
whereas there are intricate interactions between meteorological vari
ables in the PBL. Therefore, this study combines near-surface conven
tional meteorological observations, sounding profiles, and turbulence 
measurements to address two questions: (1) What is the performance of 
different PBL schemes for primary first- and second-order meteorolog
ical variables over complex terrain in tropical coastal regions? (2) How 
well does the WRF model reproduce the basic physical relationships 
among interrelated near-surface variables? 

To answer these questions, we conducted full-physics WRF simula
tions over the tropical coastal region of Shenzhen, China, using a multi- 
domain nesting approach. The simulations utilizing different PBL 
schemes were comprehensively validated against multisource observa
tions to provide potential insight into improving PBL parameterizations 
over complex terrain. The remainder of this paper is organized as fol
lows. In Section 2, we provide details of the near-surface observations 
and the configurations of the performed simulations. In Section 3, we 
present the results of our analysis, including model validation with 
conventional meteorological observations and turbulent measurements, 
investigation of the sensitivities of the PBL schemes to horizontal reso
lutions and land cover (LC) types, and evaluation of the ability of the 
WRF model to reproduce the physical relationships between near- 
surface variables. Finally, the conclusions are presented in Section 4. 

2. Methodology 

2.1. Micrometeorological measurements 

Shenzhen is a tropical coastal city located in the PRD region of South 
China, bordered by the Pearl River to the west, Mirs Bay and Daya Bay to 
the east, and Hong Kong and the South China Sea to the south. Its 
climate is mainly influenced by the Asian monsoon and local land-sea 
interactions, representing a typical coastal urban climate with a warm 
and dry winter, hot and humid summer, as well as some unique local 
microclimate features (e.g., sea-land breeze, urban heat island, and 
more frequent heavier rainfall) determined by its complex terrain. To 
validate the numerical simulations over this coastal region, a combi
nation of conventional surface meteorological observations, radio
sondes, and eddy-covariance (EC) measurements collected in July 2020 
were utilized. 

Conventional surface observations, including 2-m temperature (T), 
humidity (q), and 10-m wind speed (U) and wind direction (WD), were 
obtained from four Automatic Weather Stations (AWSs) located in 
western Shenzhen (marked as S1 to S4 in Fig. 1). These measurements 
were sampled every 10 min. Turbulence measurements were collected 
from a tower near Tiegang reservoir in Shenzhen (marked as S5 in 
Fig. 1), which is close to site S1, with a local altitude of 50.3 m above 
mean sea level. A three-dimensional (3D) sonic anemometer (CSAT3A, 
Campbell Scientific Inc., USA) was used to measure 3D wind velocity (u, 
v, and w) and sonic temperature (T). The CO2/H2O Open-Path Gas 
Analyzer (EC150, Campbell Scientific Inc., USA) was applied to measure 
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high-frequency water vapor density, carbon dioxide, and barometric 
pressure. All fast-response sensors were mounted at 10 m above ground 
level, with a 10 Hz sampling rate. Turbulence statistics, including sen
sible (SHF) and latent (LHF) heat fluxes and friction velocity (u*), were 
calculated from the fluctuations with 10-min temporal averaging based 
on the eddy-covariance theory (Kaimal and Finnigan, 1994; Aubinet 
et al., 2012). Before calculating the turbulent parameters, strict data 
quality control processing was conducted, such as removing abnormal
ities, filtering noise, and testing the dimensionless variance similarity (e. 
g., Kaimal and Finnigan, 1994; Bian et al., 2012). Additionally, the triple 
coordinate rotation method (Kaimal and Finnigan, 1994) was applied to 
eliminate the impacts of tilt of the sonic anemometer or terrain on the 
observation. 

In addition, radiosonde measurements from King's Park station 
(22.311∘N, 114.172∘E; marked as HK in Fig. 1) in Hong Kong were ob
tained from the University of Wyoming database (http://weather. 
uwyo.edu/upperair/sounding.html; last access: 15 Jun 2023) 
and used to validate the simulated vertical tropospheric structures. The 
GPS sounding measured temperature, humidity, wind speed, and wind 
direction twice a day at UTC times 00:00 and 12:00, which correspond 
to the Local Standard Time (LST) of 08:00 and 20:00. 

2.2. WRF model configurations 

The WRF model version 4.2.1 with ARW (Advanced Research WRF) 
core (Skamarock et al., 2019) was used in this study. The model was 
configured with four two-way nested domains with horizontal resolu
tions of Δx = 27 km, 9 km, 3 km, and 1 km (Fig. 1). To more accurately 
simulate the synoptic processes in the southern coastal regions of China, 
the outermost domain D01 was designed to cover a large region that 
included part of the Tibetan Plateau and the whole South China Sea with 

an area of approximately 19800 × 16500 km2 (see Fig. 1a). The 
numbers of the grid points in the zonal and meridional directions for 
D01–D04 were 181× 151, 151× 121, 151× 121, and 121× 100, 
respectively. The vertical layers were set to 62 levels for all domains 
with a constant interval of Δz = 50 m within the lowest 2 km. Above this 
height, the vertical spacing increased gradually to the model top of 50 
hPa, with a 5 km Rayleigh damping layer to prevent contamination by 
unphysical wave reflections from the upper domain boundary. 

The topography data were provided by the Global Multi-Resolution 
Terrain Elevation Data 2010 30 arcsecs (∼ 900 m) dataset 
(GMTED2010_30s) developed by the U.S. Geological Survey (USGS) 
(Danielson and Gesch, 2011). The land use data were obtained from 
Moderate Resolution Imaging Spectroradiometer (MODIS) 20-class land 
use categories with lakes with the resolution of 15 arcsecs (∼ 500 m) 
(Friedl et al., 2010), as shown in Fig. 1c. 

The simulations were initiated every seven days, starting from 00:00 
UTC on 30 June 2020. A 31-day simulation was formed by combining 
data from five simulation trials, with the first 24 h considered as spin-up 
time in each trial. The initial and lateral boundary conditions (LBCs) 
were forced by the fifth generation reanalysis datasets ERA5 (Hersbach 
et al., 2018a, 2018b) of the European Centre for Medium-Range 
Weather Forecasts (ECMWF), with a spatial resolution of 0.25∘ ×

0.25∘. The LBCs and sea surface temperature (SST) were updated every 
2 h. To ensure numerical stability for the region with complex terrain, an 
adaptive time step was employed, with a maximum (minimum) time 
step of 90 s (10 s) for D01. The output was saved at 1 h intervals for 
D01–D03, and 10 min intervals for D04. For convenience, these meso
scale simulations were labeled MESO27, MESO9, MESO3, and MESO1 
based on the grid spacing. 

The model physics options included the single-moment 6-class 
scheme (WSM6; Hong and Lim, 2006) for microphysics 

Fig. 1. WRF-nested simulation domains with terrain height for (a) D01 and (b) D04, as well as (c) MODIS land cover type in D04. The black dots denote the locations 
of AWS sites (S1–S4), the magenta pentagram marks the EC measurement site (S5), and the red square is the GPS-sounding site of Hong Kong King's Park (HK). (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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parameterization, the rapid radiative transfer model (RRTMG; Iacono 
et al., 2008) for both shortwave radiation and longwave radiation, the 
unified Noah model (Chen and Dudhia, 2001) for land-surface param
eterization, and the new Tiedtke scheme (Tiedtke, 1989; Zhang et al., 
2011) for cumulus parameterization. 

To perform sensitivity experiments in the WRF modeling of the PBL 
over complex terrain, two different PBL schemes were employed: the 
local closure Mellor-Yamada-Janjić (MYJ; Mellor and Yamada, 1982; 
Janjić, 1994, 2002) scheme, tied to the Eta surface-layer scheme (Monin 
and Obukhov, 1954; Janjić, 1994, 2002); and the nonlocal closure 
Yonsei University (YSU; Hong et al., 2006) scheme, combined with the 
revised MM5 surface-layer scheme (Jiménez et al., 2012). These two 
schemes were chosen due to their common usage and ability to provide 
different representations of PBL turbulence and mixing processes. 

2.2.1. MYJ PBL scheme 
The MYJ scheme is a 1.5-order local turbulence scheme (Janjić, 

1994, 2002) that determines the eddy diffusion coefficient based on the 
additional prognostic TKE equation, also known as the TKE turbulence 
scheme. In the local approach, the SGS turbulent fluxes of any adiabatic 
conserved quantity are assumed to be only related to the gradients of 
their mean values at adjacent levels. The vertical turbulent diffusion 
equation can be expressed as 

∂C
∂t

= −
∂
∂z

w′c′ =
∂
∂z

[

Kc

(
∂C
∂z

)]

(1)  

where w′ is vertical velocity fluctuation, c′ represents the fluctuation of 
the prognostic variable C (e.g., u, v, θ, and q), w′C′ is the averaged tur
bulent fluxes for variable C, and Kc is the eddy diffusivity coefficient for 
variable C. Kc is proportional to TKE (e), mixing length (l), and stability 
function (Sc), as described by the equation: 

Kc = l
̅̅̅
e

√
Sc (2) 

The difference among local schemes lies in how they define and 
calculate l, Sc, and e. The local scheme is based on local eddy diffusivity 
for all vertical levels and does not treat the turbulence characteristics 
within and above the PBL separately, which reduces the spin-up time for 
the model. The PBL height (PBLH) in this scheme is defined as the height 
where TKE decreases to a threshold value of 0.1 m2 s− 2. 

The MYJ scheme generally shows a cooler, moister, and lower PBL 
height than other PBL schemes because it does not consider the nonlocal 
effects and has less entrainment of free-tropospheric air into the PBL (Hu 
et al., 2010). Despite this limitation, it is still widely used because it is a 
higher-order scheme that is expected to capture more physics than first- 
order schemes. 

2.2.2. YSU PBL scheme 
The YSU scheme is a first-order nonlocal turbulence closure that 

considers the entrainment process and follows a parabolic K-theory. For 
the mixed layer, the YSU scheme adds two more terms (nonlocal 
gradient adjustment and entrainment flux) than the local scheme to 
express the turbulent diffusion (Hong et al., 2006), as described by the 
equation: 

∂C
∂t

= −
∂
∂z

w′c′ =
∂
∂z

[

Kc

(
∂C
∂z

− γc

)

− (w′c′)h

(z
h

)3
]

(3)  

where h is the diagnosed PBLH determined by the critical bulk 
Richardson number method (e.g., Seibert et al., 2000), and (w′c′)h is the 
flux at the inversion layer. The counter-gradient mixing term γc repre
sents the contribution of the large-scale eddies to the total flux, and it is 
only applied to potential temperature and horizontal velocity compo
nents, but not to passive variables (e.g., q) since they are not necessarily 
correlated with the thermals (Hong et al., 2006). The primary effect of γc 
is to neutralize the temperature gradient (and wind shear) by raising the 

temperature (decreasing wind speed) in the upper part and lowering 
(increasing) it in the lower part of the PBL (Hong et al., 2006). The last 
term − (w′c′)h

( z
h
)3 represents the explicit parameterization of the 

entrainment flux at the top of the PBL, which is the most critical step in 
improving the representation of the convective boundary layer (CBL) 
and only works within the PBL (Hong et al., 2006; Milovac et al., 2016). 

Compared to the local scheme, the YSU scheme typically produces 
warmer, drier, and deeper daytime PBLs due to its consideration of 
nonlocal transport, resulting in enhanced vertical mixing and entrain
ment (Hu et al., 2010). It may be more suitable for modeling SGS ex
change over complex topography due to its consideration of counter- 
gradient correction or additional mixing (e.g., Serafin et al., 2018). 
However, this scheme is highly sensitive to the diagnosed PBLH (Milo
vac et al., 2016), which can be difficult to estimate accurately. This 
sensitivity can affect the accuracy of the scheme, as errors in the PBLH 
estimation can be propagated to the calculation of the nonlocal gradient 
adjustment and the entrainment flux terms, potentially leading to errors 
in the predicted PBL structure and evolution. 

3. Results 

3.1. Near-surface variables 

3.1.1. Diurnal variation 
To evaluate the performance of WRF simulations with different PBL 

schemes at varying horizontal resolutions, a statistical analysis was 
performed on the average of each first-order variable across all sites (as 
shown in Table 1) and each second-order variable at site S5 (see Table 2) 
during the entire month of July 2020. The mean bias (MB), root mean 
square error (RMSE), and correlation coefficient (R) between simula
tions and observations were calculated for the whole day (marked as 
“All”), for only daytime (06:00–18:00 LST, marked as “Daytime”), and 
for only nighttime (18:00–06:00 LST, marked as “Nighttime”), as shown 
in Table 1 and Table 2. Additionally, we present the mean diurnal var
iations of near-surface variables during July 2020 in Fig. 2. Since the 
observation sites are located close to each other within a distance of 22 
km, we did not analyze the simulations of MESO27 in this study. 

Fig. 2 shows clear diurnal variations in all observed near-surface 
first- and second-order variables. For instance, the near-surface heat 
fluxes (SHF and LHF) increase rapidly after sunrise (06:00 LST) and 
reach their maximum at noon (12:00 LST), about 2 h before the 2-m T 
peak. This lag occurs because direct ground heating by solar radiation 
does not immediately warm the surface and near-surface air due to the 
high land surface heat capacity. As the sun sets, upward longwave ra
diation dominates the surface energy balance, cooling the surface and 
leading 2-m T to drop continuously and reach its minimum (∼ 28 ∘C) in 
the early morning (05:00 LST). This diurnal cycle is typical for summer 
air temperature in tropical coastal regions, featuring a moderate fluc
tuation of around 5 ∘C throughout the entire day and relatively small 
changes of <1 ∘C during the nighttime. This pattern can be attributed to 
the moderate daytime SHF (average of 63.7 ± 55.8 W m− 2) and the 
small nighttime SHF (average of − 6 ± 4.9 W m− 2), as shown in Fig. 2 
and Table 2. The wind speed and friction velocity also exhibit a similar 
diurnal cycle as T, with peaks usually 1 ∼ 2 h after T due to downward 
momentum flux transport from thermal effects. 

The comparisons show that while the mesoscale WRF simulations 
face challenges in accurately reproducing the diurnal amplitudes for 
some variables (e.g., U and turbulent fluxes), they are able to adequately 
capture the observed diurnal cycles for all near-surface meteorological 
variables (see Fig. 2). This indicates that the model can effectively 
simulate the physical processes responsible for the diurnal cycle. In our 
cases, the simulated 2-m T from all sets of runs are lower than the 
observed T overall, with a mean bias ranging from − 0.46 ∼ − 0.19 ∘C 
depending on the model resolution and PBL schemes. Such colder biases 
for both MYJ and YSU schemes are consistent with previous studies by 
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Hu et al. (2010) and Zhang et al. (2012) in urban sites. Compared to MYJ 
runs, the temperatures predicted with YSU runs are about 0.2 ∼ 0.3 ∘C 
lower during the daytime and around 0.1 ∘C warmer at nighttime. This 
inconsistency between day and night is most likely related to the 

stronger turbulent mixing in YSU runs, which quickly mixes the energy 
transported from the surface (heating during the day and cooling at 
night) and entrained from the PBL top more homogeneously within the 
PBL than the local scheme. Overall, MYJ runs predict 2-m T more 

Table 1 
Comparison of the statistics for near-surface first-order parameters between WRF simulations and observations based on the averages of the sites S1–S4 during July 
2020, with a time interval of 1 h. The variables include air temperature at 2-m height (2-m T; ∘C) and wind speed (10-m U; m s− 1) and direction (10-m WD; ∘) at 10-m 
height. The means and standard deviations of the observations are shown in parentheses. MB, RMSE, and R represent mean bias (simulation − observation), root mean 
square error, and correlation coefficient between simulation and observation, respectively.     

MESO9 MESO3 MESO1    

MYJ YSU MYJ YSU MYJ YSU 

All 

2-m T 
(30.14 ± 2.05) 

MB − 0.35 − 0.46 − 0.19 − 0.26 − 0.21 − 0.37 
RMSE 0.86 1.00 0.87 0.93 0.88 0.91 

R 0.924 0.907 0.912 0.911 0.917 0.915 

10-m U 
(2.19 ± 1.11) 

MB 2.90 2.59 2.98 2.61 2.90 2.43 
RMSE 3.35 3.05 3.40 3.04 3.30 2.89 

R 0.650 0.680 0.691 0.690 0.685 0.726 

10-m WD 
(178.0 ± 46.9) 

MB 9.4 13.5 7.7 12.9 7.8 12.6 
RMSE 41.9 38.8 43.0 39.9 40.2 39.2 

R 0.541 0.634 0.521 0.609 0.566 0.618 

Daytime 
06:00–18:00 LST 

10-m T 
(31.43 ± 2.08) 

MB − 0.39 − 0.70 − 0.32 − 0.59 0.03 − 0.41 
RMSE 0.96 1.18 1.05 1.12 1.02 1.07 

R 0.909 0.898 0.876 0.888 0.882 0.884 

10-m U 
(2.56 ± 1.14) 

MB 3.00 2.67 3.02 2.56 2.99 2.66 
RMSE 3.48 3.25 3.49 3.11 3.40 3.18 

R 0.703 0.706 0.744 0.727 0.745 0.745 

10-m WD 
(188.8 ± 45.3) 

MB 9.5 13.6 6.6 12.7 6.5 11.7 
RMSE 44.7 40.6 45.6 42.6 40.7 40.9 

R 0.462 0.570 0.466 0.547 0.531 0.559 

Nighttime 
18:00–06:00 LST 

2-m T 
(28.99 ± 1.15) 

MB − 0.30 − 0.24 − 0.06 0.04 − 0.43 − 0.33 
RMSE 0.77 0.80 0.66 0.69 0.74 0.75 

R 0.786 0.749 0.818 0.800 0.849 0.826 

10-m U 
(1.86 ± 0.96) 

MB 2.82 2.53 2.94 2.65 2.82 2.22 
RMSE 3.22 2.85 3.31 2.98 3.22 2.61 

R 0.535 0.611 0.596 0.633 0.572 0.649 

10-m WD 
(168.4 ± 46.2) 

MB 9.3 13.5 8.7 13.1 8.9 13.4 
RMSE 39.2 37.2 40.5 37.4 39.8 37.6 

R 0.573 0.665 0.537 0.653 0.554 0.651  

Table 2 
Same as Table 1, but for the second-order variables of surface sensible heat flux (SHF; W m− 2), latent heat flux (LHF; W m− 2), and friction velocity (u*; m s− 1) at the EC 
site S5.     

MESO9 MESO3 MESO1    

MYJ YSU MYJ YSU MYJ YSU 

All 

SHF 
(27.0 ± 51.9) 

MB 134.8 128.2 42.8 39.2 54.4 49.0 
RMSE 217.0 203.0 92.0 77.4 106.9 89.9 

R 0.868 0.857 0.876 0.874 0.883 0.879 

LHF 
(46.5 ± 58.6) 

MB − 22.6 − 22.8 69.1 69.3 55.9 55.8 
RMSE 55.0 56.3 118.1 120.9 96.3 97.6 

R 0.515 0.521 0.829 0.803 0.825 0.812 

u* 

(0.21 ± 0.11) 

MB 0.44 0.44 0.29 0.25 0.31 0.26 
RMSE 0.49 0.50 0.34 0.32 0.36 0.33 

R 0.526 0.540 0.561 0.578 0.553 0.580 

Daytime 
LST 06:00–18:00 

SHF 
(63.7 ± 55.8) 

MB 270.7 251.0 106.8 89.8 129.1 108.4 
RMSE 312.4 291.6 132.2 111.8 154.1 130.1 

R 0.750 0.728 0.759 0.752 0.773 0.763 

LHF 
(88.7 ± 61.5) 

MB − 47.6 − 47.8 143.8 143.6 115.7 115.2 
RMSE 79.2 80.9 170.3 174.3 138.6 140.7 

R 0.228 0.253 0.652 0.607 0.644 0.623 

u* 

(0.27 ± 0.12) 

MB 0.46 0.47 0.32 0.29 0.34 0.32 
RMSE 0.51 0.54 0.37 0.36 0.39 0.38 

R 0.403 0.414 0.428 0.429 0.414 0.416 

Nighttime 
LST 18:00–06:00 

SHF 
(− 6.0 ± 4.9) 

MB 12.9 18.1 − 14.5 − 6.3 − 12.6 − 4.3 
RMSE 42.0 43.3 19.5 12.5 18.8 12.6 

R 0.509 0.517 0.538 0.582 0.536 0.560 

LHF 
(8.7 ± 9.8) 

MB − 0.1 − 0.4 2.1 2.7 2.3 2.6 
RMSE 11.0 11.3 21.5 22.1 18.6 18.5 

R 0.344 0.406 0.510 0.522 0.507 0.532 

u* 

(0.16 ± 0.07) 

MB 0.42 0.41 0.27 0.21 0.29 0.21 
RMSE 0.47 0.46 0.32 0.27 0.33 0.27 

R 0.548 0.527 0.544 0.521 0.537 0.520  
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accurately during the daytime, while it is the opposite during nighttime 
in our cases, and this conclusion is independent of the model resolution 
(as shown in Table 1 and Fig. 2). 

For near-surface winds, the WRF model reproduces the observed 
southerly winds very well (the MB of WD around 10 ∘ and R in the range 
of 0.55 ∼ 0.65) during the entire day for all resolutions (MESO9, 
MESO3, and MESO1). However, it systematically overestimates U by 
about 2 ∼ 3 m s− 1 with both local and nonlocal PBL schemes. The U 
biases are almost equivalent to or slightly larger than the observed U, 
with the values in the range of 2.6 ∼ 3.5 m s− 1. The systematic over
estimation of 10-m U and the underestimation of 2-m T in both MYJ and 
YSU schemes (see Fig. 2) are possibly due to the coarse-resolution of the 
land-use data used in the WRF model, which cannot accurately describe 
the actual urban features and distribution in a city like Shenzhen with 
complex terrain. Additionally, the urban canopy model is not utilized in 

the simulations, which can also contribute to the discrepancies between 
the simulations and observations. Compared to MYJ runs, the wind 
speeds predicted by YSU runs under all different resolutions are more 
consistent with observation over the entire day, with the values of MB 
and RMSE about 0.3 ∼ 0.5 m s− 1 smaller than those for MYJ runs and a 
relatively larger R (especially during nighttime), as shown in Table 1. 
YSU runs also reproduce more accurate diurnal variation of wind di
rection than that from MYJ runs, despite the fact that its MB is usually 4 ∘ 

larger than that of MYJ runs. 
For surface turbulent parameters, the MESO9 simulations show 

much larger biases than the other runs. Since the land-use category at 
the location of the S5 site in D02 is urban, which is inconsistent with the 
farmland underlying surface of the observation site, resulting in an 
obviously larger SHF and smaller LHF during the daytime, as well as 
larger u* throughout the entire day (see Fig. 2d–e). Therefore, we 

Fig. 2. Mean diurnal variations of the near-surface meteorological variables throughout the 1-month simulation period. (a–c) 2-m temperature (T), 10-m wind speed 
(U) and wind direction (WD) averaged from AWS sites S1–S4. (d–f) Surface sensible heat flux (SHF), latent heat flux (LHF), and friction velocity (u*) at the EC site S5. 
For clarity, only the standard deviation of the observation is shown in the figure. In (d–f), the magenta dash-dotted and dashed lines are the corrected turbulent fluxes 
based on the observed near-surface wind speed for the two PBL schemes at 1 km resolution respectively. The corrected flux FC is obtained from the following 
equation: Fc = F × Uobs/Usim, where Uobs and Usim are observed and simulated 10-m wind speed, and F is simulated flux (i.e., SHF, LHF, and u*). The blue cycles 
indicate the observations increased by 30% according to the worst energy closure of EC measurements over crops (Stoy et al., 2013). (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.) 
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exclude the simulated turbulent parameters from MESO9 in the 
following comparisons. The WRF model significantly overestimates SHF, 
LHF, and u* with both MYJ and YSU schemes at all different horizontal 
resolutions. During the daytime, the simulated SHF, LHF, and u* with 
both MYJ and YSU schemes can reach around 300 W m− 2, 350 W m− 2 

and 0.75 m s− 1, respectively. These values are about 2 ∼ 3 times greater 
than the corresponding observed values, resulting in large daytime MBs. 
This apparent overestimation of near-surface turbulent fluxes by the 
WRF model is also reported in Sun et al. (2017) and Sathyanadh et al. 
(2017), in which they mainly attributed it to the surface layer parame
terization scheme and the accuracy of the land-use data. During the 
nighttime, the WRF model reproduces the downward sensible heat flux 
transfer process (i.e., negative SHF), but it transfers more energy to the 
surface with an MB of approximately 1 ∼ 2 times of the observation 
(− 6.0 ± 4.9 W m− 2). The simulated nighttime LHF is about 24 ∼ 30% (i. 
e., 2.1 ∼ 2.7 W m− 2) larger than the observed value (8.7 ± 9.8 W m− 2). 
Additionally, the WRF model tends to overestimate the nighttime u*, 
with an MB ranging from 1.3 to 1.8 times the observed value of 0.16 ±

0.07 m s− 1. This apparent overestimation of near-surface turbulent 
fluxes (i.e., SHF, LHF, and u*) throughout the whole day (including the 
notably negative nighttime SHF) by the WRF model is likely to be caused 
by the overestimated wind speeds throughout the entire day or/and the 
underestimation of observed fluxes by EC methods. To verify this, we 
corrected the simulated fluxes using the observed wind speed (see the 
magenta dash-dotted and dashed lines in Fig. 2d–f) and increased the 
observed fluxes by 30% (see blue cycles in Fig. 2d–f) based on the worst 
average closure (0.70 ∼ 0.78) of EC measurements over crops (Stoy 
et al., 2013). The agreement between simulations and observations gets 
better after the corrections and the overestimated wind speed is the 
primary factor leading to the overestimation of near-surface turbulent 
fluxes. 

The comparison of the two PBL schemes reveals that YSU runs 
generally yield more accurate SHF throughout the entire day, with the 
absolute value of MB and RMSE smaller than those of the MYJ scheme. 
This explains why the 2-m T simulated by YSU is colder during daytime 
and slightly warmer during nighttime than that of MYJ runs in Fig. 2 and 
Table 1. The fact that the daytime SHF predicted by YSU is lower than 
that of MYJ is also often reported in the literature, such as Fig. 6 in 
Zhang et al. (2012), Fig. 5a in Hu et al. (2010), and Fig. 6a in Sathyanadh 
et al. (2017), which is likely related to the different surface layer 
schemes paired with MYJ and YSU PBL parameterizations. The LHF 
predicted by MYJ and YSU runs is consistent throughout the whole day, 
with small differences of <0.5 W m− 2. Additionally, the u* predicted by 
YSU runs is closer to the observations than that of MYJ over the entire 
day, resulting in more accurate simulated U. 

We also evaluate the model performance with varying horizontal 
resolutions from 1 to 9 km. During the daytime, the model exhibits su
perior performance at 1 km resolution for all near-surface variables, as 
indicated by the relatively higher R and smaller MB and RMSE in 
Table 1–2, except for SHF and u* (where MESO3 outperforms). For 
instance, when the horizontal resolution increases from 9 km to 1 km, 
the absolute MBs of T (LHF) for both PBL schemes are reduced by >0.3 
∘C (30 W m− 2). During the nighttime, MESO3 performs better for T, 
while MESO1 outperforms for winds (U and WD) and SHF. For LHF and 
u*, both MESO1 and MESO3 yield similar results with differences 
smaller than 0.2 W m− 2 and 0.02 m s− 1, respectively. For the entire day, 
MESO3 produces the most accurate T, SHF, and u*, while MESO1 per
forms best in other variables, especially winds and LHF (refer to Fig. 2 
and Table 1–2). These findings suggest that increasing the horizontal 
resolution can generally improve the model's performance, especially 
for winds and daytime temperature, although the degree of improve
ment depends on the variables and time periods. 

3.1.2. Simulation errors analysis 
The analysis in Section 3.1.1 reveals that the simulation error of each 

variable has a clear diurnal variation (also see Fig. A1). Therefore, it is 
necessary to evaluate the WRF simulation skills for each near-surface 
variable at different conditions. 

Fig. 3 displays the distribution of simulation biases at all observation 
sites as a function of observed values, and the probability density 
function (PDF) of simulation errors for each near-surface variable. For 
the temperature, the simulated error slightly decreases with the increase 
of observed T when T < 28 ∘C and remains almost constant at about −
0.2 ∘C for 28∘C< T < 31 ∘C. Then, the negative deviation increases with 
the increase of observed T when T > 31 ∘C. Such an apparent cold bias in 
the model at high temperatures occurs mostly in sunny afternoons, 
mainly because the land-use data and urban parameters in the model do 
not describe the real underlying surface of the metropolitan region. The 
comparison of the two schemes shows that they are almost identical 
when T < 31 ∘C, while the YSU scheme yields a relatively colder bias 
than MYJ when T > 31 ∘C, but it is not as dispersed as that of MYJ runs. 
The difference between the two schemes is most pronounced during the 
daytime, with the PDF peak of YSU bias shifted by about 0.5 ∘C to the left 
of MYJ (Fig. 3e). 

The bins-averaged bias of wind speed does not change significantly 
(around 2.5 ∼ 3 m s− 1) with the increase of observed U (when U > 1 m 
s− 1) for both MYJ and YSU schemes, while the bias distribution is more 
scattered when U < 4 m s− 1, which is also reported by Zhang et al. 
(2012). Notably, <1% of the dots are below the zero line in Fig. 3b, 
which again demonstrates the systematic overestimation of near-surface 
wind speeds by the WRF model over complex terrain. The U bias for YSU 
is smaller than that for MYJ during both daytime and nighttime (Fig. 3f), 
showing that YSU runs reproduce more accurate wind speed than MYJ 
runs throughout the whole day. 

For SHF and LHF, the errors for both YSU and MYJ almost linearly 
decrease as observations increase when the observed values are <0 W 
m− 2. When the observed SHF (LHF) > 0 W m− 2, the errors initially 
rapidly increase with increased observed values and then gradually 
decrease when the observed SHF (LHF) > 100 W m− 2 (Fig. 3c, d). 
Moreover, they are mainly concentrated within ±10 W m− 2 at night, 
while they are widely distributed from − 20 to 300 W m− 2 during the 
daytime (see Fig. 3g, h). The YSU scheme obtains smaller errors in SHF, 
especially when the observed SHF ≥ 20 W m− 2. The comparison shows 
that there is no significant difference in the latent heat errors yielded by 
MYJ and YSU schemes, both in the PDF distribution and its trend with 
the observed values. 

The simulation errors display significant uncertainties (with a large 
dispersion shown in Fig. 3c,d) when observed heat fluxes are less than 
approximately 150 W m− 2. These large uncertainties implicate that 
simulating surface turbulent fluxes with mesoscale models remains a 
formidable challenge. This difficulty is primarily due to three factors: (1) 
the land cover dataset used in the WRF model significantly differs from 
the actual LC; (2) the default configuration of the model ignores the 
variability of LC in the subgrid and uses only the dominant LC category 
in each pixel as surface information (known as the dominant approach), 
which would exacerbate the discrepancy between simulated and 
observed fluxes (Román-Cascón et al., 2021); (3) the potential failure of 
the flatten, homogeneous and the vertically-constant-flux assumptions 
in the surface layer, which disregards local advection processes between 
grid cells resulting from inherent horizontal heterogeneity in complex 
terrain (Shao et al., 2013; Serafin et al., 2018). 

3.2. PBL height and vertical structure 

The PBLH is a crucial factor for evaluating model performance, as its 
accuracy directly impacts the precision of atmospheric chemistry pre
dictions (Misenis and Zhang, 2010). To ensure consistency, we recal
culated PBLH for simulations using the bulk Richardson number (Rib) 
method with the same threshold (0.25) to avoid the influence of 
different diagnostic methods on PBLH in different schemes. This 
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Fig. 3. Simulation biases against the corresponding observations (left panel) and their probability density function (PDF; right panel) during the 1-month simulation 
period. (a, e) 2-m air temperature (T), (b, f) 10-m wind speed (U), (c, g) surface sensible heat flux (SHF), and (d, h) surface latent heat flux (LHF). The simulations are 
from MESO1 with 10-min time intervals. For T and U, data from all four sites (S1–S4) are included in the figures. For SHF and LHF, only the data from EC site S5 is 
shown. The squares (MYJ) and dots (YSU) with error bars are averages with standard deviations for the bins (0.2 ∘C for T, 0.25 m s− 1 for U, and 10 W m− 2 for SHF 
and LHF). 
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recalculated PBLH is marked as hcal, while the original model-diagnosed 
PBLH is marked as homd. We also applied this method to GPS-sounding 
profiles. 

Fig. 4 compares simulated PBLH from the WRF model (including 
both homd and hcal) with observations. The PBLH values diagnosed by 
both the MYJ and YSU schemes are consistently lower than the observed 
values. Specifically, the monthly averages of homd predicted by the MYJ 
and YSU schemes are 411.1 ± 82.4 m and 564.3 ± 92.4 m, respectively, 
which are approximately 47.2% and 27.5% lower than the observed 
value of 778.3 ± 238.2 m. This systematic underestimation of PBLH in 
both local and nonlocal schemes has also been reported by Banks and 
Baldasano (2016). Due to the large uncertainties between different 
diagnostic methods, there is a small correlation between the WRF- 
diagnosed PBLH (i.e., homd) and the observations (as shown in 
Fig. 4b). The comparison reveals that homd predicted by the MYJ scheme 
is approximately 25.1% lower than that predicted by the YSU scheme in 
a monthly average. This finding is consistent with that of Misenis and 
Zhang (2010), who reported that the PBLH diagnosed by the MYJ 
scheme was 20 ∼ 40% lower than that of the YSU scheme. Such lower 
PBLH predicted by the local PBL scheme may cause air quality models to 
produce higher levels of pollutants (such as O3 and CO) within the PBL 
(Misenis and Zhang, 2010; Banks and Baldasano, 2016). 

When applying the bulk Richardson method with the same threshold 
value to recalculate the PBLH, the monthly mean values for both the 
MYJ and YSU schemes, obtained from all 10-min time interval data, are 
673.7 ± 165.0 m and 661.9 ± 170.4 m, respectively. These values are 
close to the diagnosed value (602.0 ± 231.0 m) by YSU and significantly 
higher than the diagnosis of MYJ (423.2 ± 119.8 m). To compare with 
observations, the recalculated PBLH is averaged only for the measure
ment times. The results are almost identical for both PBL schemes 
(647.6 ± 126.8 m and 645.3 ± 154.0 m, respectively), which are 
approximately 17% lower than the observed PBLH (hobs). Although hcal 
still underestimates the observations when hobs > 900 m, it exhibits 
more consistency with the observations, with a statistically significant 
linear relationship for the MYJ and YSU schemes respectively being 
hcal = 0.25hobs + 451.8 (R = 0.4404, p < 0.001) and hcal = 0.27hobs +

422.3 (R = 0.4142, p < 0.001), see Fig. 4b. Compared with homd, we 
suggest adjusting the threshold values for TKE in the MYJ scheme and 
Rib in the YSU scheme to improve the accuracy of PBLH diagnosis, 
especially by reducing the TKE threshold value in the MYJ scheme. 

The difference in PBLH predicted by the two PBL schemes appears to 
be mainly caused by their corresponding Kh values (see Fig. 5). The 
maximum monthly mean Kh values in the PBL for the YSU scheme are 
1.9 and 2.8 times higher than those for the MYJ scheme at 08:00 and 
20:00 LST, respectively. Such relatively strong local vertical mixing 
leads to a considerable increase in the PBLH in the nonlocal PBL scheme. 

There is a discernible connection between homd and Kh, as demonstrated 
by the relationships between PBLH and either the maximum Kh within 
the PBL, max(Kh(z) ), or the vertical integration of Kh (ΣKh(z) =
∫ zm

0 Kh(z)dz, where zm is the height at which Kh starts <0.1 m2 s− 1), as 
shown in Fig. 5b,c. The relationships between homd and Kh are as follows: 
homd = 2.42max(Kh(z) ) + 347.0 (R = 0.547, p < 0.001) and homd =

189.68log10(ΣKh(z) ) − 284.9 (R = 0.787, p < 0.001) for the MYJ 
scheme, and homd = 2.38max(Kh(z) ) + 414.6 (R = 0.695, p < 0.001) 
and homd = 256.34log10(ΣKh(z) ) − 555.4 (R = 0.755, p < 0.001) for the 
YSU scheme. 

Fig. 6 displays the monthly mean profiles of simulated and observed 
potential temperature (θ), specific humidity (q), wind speed (U), and 
wind direction (WD) at King's Park station at 08:00 and 20:00 LST in 
July 2020. It is evident that homd is significantly lower than the observed 
PBLH (756 m at 08:00 LST and 781 m at 20:00 LST), while hcal is more 
consistent with the observation, with a monthly MB of − 150 ∼ − 100 m. 
The simulations using both MYJ and YSU schemes generally reproduce 
well the observed vertical thermodynamic structure of the lower 
troposphere. However, the model tends to underestimate the air tem
perature throughout the entire PBL, with a monthly MB of − 0.6 ∼ − 0.1 
K at 08:00 LST and − 1.0 ∼ − 0.3 K at 20:00 LST. The maximum negative 
bias occurs in the middle of the PBL. This underestimation of air tem
perature for both local and nonlocal PBL schemes is also found in Hu 
et al. (2010), indicating the presence of common error sources such as 
incorrect land use or urban surface properties. Below the PBLH, due to 
stronger local vertical mixing and additional entrainment processes, the 
YSU scheme produces a more accurate θ, which is about 0.05 ∼ 0.15 K 
warmer than that of MYJ, resulting in a relatively higher (0.2 ∼ 0.5 g 
kg− 1) humidity than the MYJ scheme. This finding contradicts previous 
studies that have shown nonlocal schemes tend to produce warmer and 
drier PBLs, while local schemes typically generate colder and moister 
PBLs (Hong and Pan, 1996; Hu et al., 2010; Xie et al., 2012; Milovac 
et al., 2016). The observed discrepancy in this study is likely due to the 
influence of complex terrain and land-sea interactions. Additionally, the 
entrainment mixing effect is conducive to raising the height of PBL and 
warming it, rather than reducing the water vapor within the PBL, since 
the humidity difference between the free atmosphere and the PBL top 
region is relatively small in coastal areas (Ma et al., 2018). Therefore, 
the YSU scheme produces warmer and moister PBL compared to the MYJ 
scheme in the coastal regions. 

Both the MYJ and YSU schemes significantly overestimate U within 
the PBL, especially near the surface, with a monthly MB of ∼ 4 m s− 1 at 
08:00 LST and ∼ 5 m s− 1 at 20:00 LST. Both PBL schemes generate an 
apparent low-level jet around 200 ∼ 400 m in the evening, which is not 
observed in actual measurements. This discrepancy can primarily be 
attributed to uncertainties in interpolation caused by the limited number 

Fig. 4. (a) Observed and simulated PBLH (h) at Hong Kong King's Park station in July 2020. (b) Relationship between simulated and observed h. The original model- 
diagnosed PBLH from WRF output is tagged with “wrfout”, and the value recalculated using the Richardson number method is labeled “recal”. Observations and 
MESO1 simulations are sampled at 08:00 and 20:00 LST each day. 
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of valid near-surface measurements, as well as the omission of building 
morphology effects in the model. The overestimation of wind speed 
decreases rapidly with altitude. Above the PBLH, the simulations agree 
well with the observations, with an absolute MB of <1 m s− 1. These 
findings suggest that urban canopy parameterizations should be applied 
when simulating the urban atmospheric environment, especially in 
high-density built-up regions. Regarding the wind direction, both PBL 
schemes accurately reproduce the observed WD in the lower 

troposphere, as indicated by monthly absolute MB typically around 5∘ 

within the PBL and ∼ 10∘ above the PBL. In addition, the comparison 
indicates that overall, the YSU produces more accurate wind fields than 
the MYJ scheme throughout the entire PBL, for both morning and eve
ning hours. 

Fig. 5. (a) Monthly mean eddy diffusivity for thermal properties (Kh; m2 s− 1) calculated with the MYJ and YSU PBL schemes at 08:00 and 20:00 LST at Hong Kong 
King's Park station during July 2020. The PBLH (homd) is marked on the figure with short horizontal lines. (b–c) The relationships between simulated PBLH (homd) and 
(b) maximum Kh within the PBL, as well as (c) the vertical integration of Kh (

∫ zm
0 Kh(z)dz = ΣKh(z); m3 s− 1). 

Fig. 6. Monthly mean vertical profiles of (a) potential temperature (θ), (b) specific humidity (q), (c) wind speed (U), and (d) wind direction (WD) at 08:00 and 20:00 
LST at Hong Kong King's Park station during July 2020. (e-h) Monthly mean biases between simulations and observations for the corresponding variables. The 
simulations are from MESO1. Error bars in (a–e) represent the standard deviations of observations. The horizontal bars in (a, e) denote the PBLH for the corre
sponding profiles, where short bars indicate the model-diagnosed PBLH and long bars are the recalculated PBLH. 
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3.3. Effect of land cover 

The study area of interest, as depicted in Section 2.1 and Fig. 1b, is 
surrounded by seas except for the north, with land and sea grid points 
accounting for about 48.1% and 50.5% of the total grids in the domain 
D04, respectively, and the remaining 1.4% being lakes. The distinct 
surface properties of land and sea, such as albedo, thermal conductivity, 
heat capacity, and roughness, have a direct impact on the surface energy 
balance, leading to different PBL structures over the two surfaces, as 
evidenced by the markedly different diurnal variations of near-surface 
meteorological variables for land and sea, as shown in Fig. A2. There
fore, it is essential to examine the performance of PBL schemes over land 
and sea, for which we perform a statistical analysis of the average of 
each variable across all terrestrial and oceanic grid points of the domain 
D04. 

3.3.1. Near-surface variables over the land and sea 
As shown in Fig. 7, the mean diurnal variations of differences be

tween the YSU and MYJ schemes (Δ = YSU − MYJ) for near-surface 
variables reveal considerable deviations between these two schemes 
over the land and sea, even though they obtain a similar mean diurnal 
variation of each variable over the land and sea (see Fig. A2). Except for 

surface LHF and q, which are more influenced by the water surface, the 
differences between the YSU and MYJ schemes for all near-surface 
variables are significantly larger over the land than those over the sea. 
For instance, over the sea, the diurnal amplitudes of ΔT2, ΔSHF, and Δu* 

are approximately 0.2 ∘C, 2 W m− 2, and 0.03 m s− 1 respectively, while 
over the land these values increase several times with relatively high 
variability (as shown by the larger standard deviation in Fig. 7). Over the 
land, the YSU scheme predicts significantly lower values of both SHF and 
LHF compared to the MYJ scheme during the daytime, with average 
ΔSHF and ΔLHF reaching up to − 18 W m− 2 and − 12 W m− 2 respectively 
at noon. This relatively weaker transport of turbulent heat fluxes from 
the surface to the atmosphere during the daytime results in colder and 
drier air near the surface than that from the MYJ scheme. Over the sea, 
the YSU scheme produces slightly smaller SHF (ΔSHF: − 3 ∼ − 1 W m− 2) 
and significantly larger LHF (ΔLHF: 20 ∼ 30 W m− 2) compared to the 
MYJ scheme through the entire day, indicating that more moisture is 
transported from the sea surface into the atmosphere in the YSU scheme. 
However, this stronger moisture transport in the YSU scheme did not 
result in a more humid near-surface air over the sea but rather relatively 
drier air compared to MYJ, with − 1.0 < Δq2 < − 0.7 g kg− 1. This 
inconsistency between surface moisture flux and near-surface humidity 
may be attributed to diagnostic errors in the WRF thermodynamic 

Fig. 7. Mean diurnal variations of the differences between the two PBL schemes (Δ = YSU − MYJ) for near-surface meteorological variables over the land and sea in 
July 2020. (a–c) 2-m temperature (T), 2-m specific humidity (q), and 10-m wind speed (U); (d–f) surface sensible heat flux (SHF), latent heat flux (LHF), and friction 
velocity (u*). For clarity, the error bar representing the standard deviation is only shown per hour. 
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variables at 2 m height or to the physical processes represented by the 
model. We note that the YSU scheme simulates lower daytime 10-m U 
than the MYJ scheme both over the sea and over land, while it yields a 
slightly higher U than the MYJ scheme over the sea and lower U over the 
land at night. Regarding u*, the daytime Δu* is almost the same over the 
sea and land and close to zero, while the nighttime Δu* close to 0.1 m s− 1 

over the sea and approximately 0.01 m s− 1 over the land. This indicates 
that the two schemes have similar representations of momentum flux 
under unstable conditions both over the land and sea, but they have 
large differences under stable conditions over the land due to the 
sensitivity of the stability function to the surface roughness. 

3.3.2. PBL height and vertical structure over the land and sea 
To further investigate the performance differences between local and 

nonlocal PBL schemes in the temporal evolution of terrestrial and ma
rine PBL structures, the mean daily variation and PDF of PBLH simulated 
by the two schemes are illustrated in Fig. 8. It is observed that the PBLH 
diagnosed by both schemes does not exhibit a significant diurnal vari
ation over the sea, while over the land it rapidly increases after sunrise, 
peaks around 13:00 LST, and remains constant during the nighttime. As 
expected, the YSU scheme, which considers the entrainment mixing at 
the PBL top, produces deeper PBL than the MYJ scheme (Fig. 8a,c). 
Specifically, the PBLH difference between the YSU and MYJ schemes 
(Δh) consistently maintains at 100 ∼ 150 m throughout the entire day 
over the sea, and this systematic difference is confirmed by the almost 
identical PDF distribution of daytime and nighttime in Fig. 7d. Over the 
land, Δh remains the same at night but increases rapidly after sunrise 
during the daytime, reaching up to 400 m at 13:00 LST. 

These performance differences between the YSU and MYJ schemes 

are primarily due to the local mixing term, which is responsible for the 
evolution of the all-day oceanic and nocturnal terrestrial PBLH. 
Conversely, the daytime entrainment mixing at the PBL top, together 
with the local mixing, plays a crucial role over the land (see Fig. 9). As 
shown in Fig. 9, the differences in Kh-profile between the YSU and MYJ 
schemes are relatively small over the sea, as well as over the land at 
night. These small differences of Kh result in the two PBL schemes having 
equivalent local mixing terms (Kh

∂θ
∂z), with maximum values ranging 

from 0.01 to 0.02 K m s− 1. Due to the small surface SHF (the average is 
about − 4 W m− 2 for nighttime land and < 5 W m− 2 for daytime and 

nighttime sea), the entrainment mixing term ( − (w′θ′)h
( z

h
)3) in the YSU 

scheme can be considered negligible for these situations, with maximum 
values at the PBL top ranging from 0.01 × 10− 2 to 0.025 × 10− 2 K m s− 1, 
which are only approximately 1% of the corresponding local mixing 
terms. In contrast, over land during the daytime, the YSU scheme shows 
a maximum Kh-profile value of about 145 m2 s− 1, almost twice the value 
of MYJ. This larger Kh leads to the maximum value of Kh

∂θ
∂z (0.22 K m s− 1) 

being approximately 1.83 times that of the MYJ scheme (0.12 K m s− 1). 
Moreover, due to the large land surface buoyancy flux during the day
time (with mean SHF = 182 ± 136 W m− 2), the YSU scheme's entrain
ment mixing term can reach 3.3 × 10− 2 K m s− 1 at the PBL top, which is 
roughly 15% and 27% of the maximum local mixing term for the YSU 
and MYJ schemes, respectively. This suggests that entrainment mixing 
plays an important role in the evolution of the thermal-driven CBL. 

It is noteworthy that there is a distinctive peak or trough in the dif
ferences of near-surface variables and PBLH between the YSU and MYJ 
schemes within 1 ∼ 2 h of sunrise and/or sunset over the land, as 
demonstrated by ΔT2, Δq2, ΔU, and Δu* in Fig. 7, and Δh in Fig. 8. This 

Fig. 8. (a, c) Mean diurnal cycle of PBLH (h) and PBLH difference between YSU and MYJ schemes (Δh) over the land and sea during one-month MESO1 simulations. 
(b, d) Probability density function (PDF) of h and Δh over the land and sea. 
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Fig. 9. Monthly mean vertical profiles of (a, d, g) turbulence thermal diffusivity Kh (m2 s− 1), (b, e, h) local mixing term Kh
∂θ
∂z (i.e., the 1st term on the right hand of Eq. 

(1) and Eq. (3); K m s− 1), and (c, f) entrainment mixing term − (w′θ′)h
( z

h
)3 (i.e., the 3rd term on the right hand of Eq. (3); K m s− 1) over the land and sea during (a–c) 

daytime and (d–f) nighttime, as well as (g–h) their differences between YSU and MYJ schemes (Δ = YSU − MYJ). All profiles are spatial and temporal averages on all 
land/sea grid points in July 2020 from MESO1 simulations with 10 min time intervals. The colored symbols mark the location of the mean PBLH diagnosed by the 
corresponding PBL scheme. Note that the values of entrainment mixing shown above the PBLH in (c, f) are spurious, and should be disregarded. 
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sudden change in daily trends implies that both local and nonlocal PBL 
schemes have greater uncertainty at the morning and early evening 
transitions. During these periods, the PBL atmosphere transits from the 
nighttime stable boundary layer to daytime CBL after sunrise and 
reversely after sunset. This phenomenon is likely to be attributed to the 
dominance of vertical surface flux convergence during the transition 
periods, which limits the turbulent mixed layer to the shallow stable 
layer near the surface. The turbulent eddies tend to be small in size, 
exacerbating the influence of the surface heterogeneity, especially in 
areas with complex topography and land use, and thus resulting in the 
spatial variability of the near-surface thermodynamic variables peaking 
during the transition periods (Acevedo and Fitzjarrald, 2001; Bonin 
et al., 2013). Additionally, because the transitional periods are often 
ignored or not specifically parameterized in models (Mahrt, 1981), it 
leads to a higher level of simulation uncertainty during these periods. 

Fig. 10 shows the averaged profiles of θ, q, U, and vertical velocity 

(w) simulated by different PBL schemes over the land and sea during the 
daytime and nighttime. To characterize the vertical motions over the 
land and sea more clearly, the vertical velocity is averaged only over 
four hours, i.e., 12:00 to 16:00 LST for daytime and 00:00 to 04:00 LST 
for nighttime. As expected, during the daytime, the simulated PBL air 
over the land is considerably warmer and drier (∼ 2 K warmer and ∼ 1 g 
kg− 1 drier near the surface, see Fig. A3) than that over the sea, with an 
upward motion (w > 0 m s− 1) over the land and downward motion 
(w < 0 m s− 1) over the sea (Fig. 10d). During the nighttime, the tem
perature and humidity differences between the land and sea become 
smaller (about − 0.2 K and − 0.3 g kg− 1 near the surface, see Fig. A3), 
with an upward motion over the sea and downward motion over the 
land (Fig. 10h). This typical variation in temperature between land and 
sea would form the daytime sea breeze and nighttime land breeze, 
collectively known as the land-sea circulation. Both the YSU and MYJ 

Fig. 10. Mean vertical profiles of (a, e, i) potential temperature (θ), (b, f, j) specific humidity (q), (c, g, k) horizontal wind speed (U), and (d, h, l) vertical wind speed 
(w) over land and sea during (a–d) daytime and (e–h) nighttime, as well as (i–l) the differences between YSU and MYJ schemes (Δ = YSU − MYJ). All profiles are 
spatial and temporal averages on all land/sea grid points during July 2020 from MESO1 simulations with 10 min time intervals. 
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schemes reproduce this typical difference in land and sea 
thermodynamics. 

Compared to the MYJ scheme, the YSU scheme generally produces a 
warmer and moister lower troposphere with weaker wind speed, as 
indicated by the positive Δθ and Δq, and negative ΔU shown in 
Fig. 10i–k. This is due to the stronger turbulent mixing effect in the YSU 
scheme, which enhances the exchange of heat and water vapor between 
the underlying surface and the atmosphere, resulting in a more efficient 
heat and moisture transfer. It should be noted that the differences be
tween the YSU and MYJ schemes vary for different variables and also 
with height over the land and sea. In addition, we find that the perfor
mance of the YSU scheme for thermodynamic variables at 2 m (rela
tively colder and drier; see Fig. 7a,b) is inconsistent with those above it 
(warmer and moister; see Fig. 10i,j) compared to the MYJ scheme during 
the daytime. This discrepancy is probably caused by the coupling errors 
between the physical processes in the land surface and PBL and the 
diagnostic errors in 2-m variables. 

Overall, these differences in the simulated thermodynamic and dy
namic variables between the YSU and MYJ schemes suggest that, in 
addition to their different parameterizations of the turbulence closure 
and entrainment processes, surface land cover types also contribute 
significantly to these deviations. This highlights the importance of 
carefully selecting the PBL scheme for simulating the temporal evolution 
of the PBL over the different land cover types, particularly in regions 
with complex topography and land use, where the PBL evolution is 
highly sensitive to surface heterogeneity and transition periods. 

3.4. Turbulent flux relationships 

Analyzing physical relationships between atmospheric variables can 
provide insight into the PBL surface system. In this section, we evaluate 
the performance of the WRF model based on some physical relationships 
inherent in the atmosphere, such as the functional behaviors between 
surface friction velocity and near-surface wind, and between turbulent 

fluxes and atmospheric instability (z/L). Here, L = − θvu3
*/
[
kgw′θ′

v
]

is 
Monin-Obukhov length, where θv is virtual potential temperature, k =

0.4 is von Kármán constant, g = 9.8 m s− 2 is the acceleration of gravity, 

and w′θ′
v is surface buoyancy flux. In our analysis, we set z to the eddy- 

covariance measurement height of 10 m. To perform this evaluation, we 
utilize data collected from EC measurements and MESO1 simulations at 
site S5 during a 1-month period in July 2020 with 10-min time intervals. 

3.4.1. Friction velocity and wind speed 
Fig. 11a reveals a strong linear correlation between u* and U with 

R > 0.95 for both the observations and WRF simulations, with u* =

0.069U for observations, u* = 0.096U for MYJ simulation, and u* =

0.097U for YSU run. According to the bulk flux framework, the wind 
stress τ = ρu2

* = ρCDU2 (where ρ is air density and CD is drag coefficient), 
thus the slope of u*-U relationship obtained by least squares fitting can 
be used to represent CD. The drag coefficient is generally defined in the 
model as CD = k2/[ln(z/z0) − Ψm(z/L) ]2, where z0 is the surface 
roughness length and Ψm(z/L) is the momentum stability function. 
Therefore, a larger roughness length or magnitude of stability function 
produces a larger CD and hence a larger momentum transport. The CD 

Fig. 11. Variation of surface friction velocity (u*) with near-surface wind speed (U) in the observations (blue) and WRF simulations (green: MYJ, magenta: YSU) at 
site S5 during the 1-month simulation period with 10-min time intervals. (a) All data for a month, (b) under near-neutral conditions ( − 0.1 ≤ z/L ≤ 0.1), (c) under 
stable conditions (z/L > 0.1), with a small panel as zoom, and (d) under unstable conditions (z/L < − 0.1). The large blue dots with error bars are bin averages and 
standard deviations of the observation. The colored lines are least-squares fittings: green for MYJ, magenta for YSU, blue for bins averaged observations, and gray 
dashed line for original observations. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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values obtained from the u*-U slope for the observations, MYJ, and YSU 
are approximately 4.76× 10− 3, 9.22× 10− 3, and 9.41× 10− 3, respec
tively. This shows that the WRF model with both PBL schemes over
estimates CD, with the values being almost twice the observed CD. This 
strong momentum transfer in the model is most likely caused by its large 
z0. The underlying surface in a large area surrounding site S5 and its 
upwind direction (to the south) consisted of croplands and wetlands, 
with their z0 varying in the range of 0.14 ∼ 0.3 m in the model, which is 
larger than the observed z0 of ∼ 0.1 m estimated by He et al. (2021) 
under southwest wind direction. 

The u*-U relationship is also analyzed under different atmospheric 
stratification conditions, as shown in Fig. 11b–d. Under near-neutral 
conditions ( − 0.1 ≤ z/L ≤ 0.1), both simulations and observations 
show a linear relationship with a similar u*-U slope of ∼ 0.09 (hence 
similar CD ∼ 8× 10− 3), indicating that the two PBL schemes reproduce 
the momentum transport processes well under near-neutral conditions. 
For stable conditions (z/L > 0.1), the observed data show a linear 
relationship with a slope of 0.04, while both the MYJ and YSU schemes 
display two distinct regimes, resembling a hockey stick transition 
demonstrated by Sun et al. (2020). When U ≤ 1.8 m s− 1, their slopes are 
about 0.055, which is about 1.6 times the observed value of 0.035 at low 
wind speed. When U > 1.8 m s− 1, the simulation-derived slope suddenly 
increases to 0.113 for MYJ and 0.121 for YSU, which is slightly larger 
than that under near-neutral conditions and significantly greater than 
the corresponding observed value (∼ 0.025). In addition to the larger z0 
in the model discussed earlier, this overestimation of the u*/U ratios 
(and therefore CD) and the existence of two regimes are likely related to 
the stability function used in the surface-layer model linked to both PBL 
schemes. Under unstable conditions (z/L < − 0.1), both the YSU and 
MYJ schemes yield a similar u*/U ratio of 0.110 (therefore the average 
CD = 12.1× 10− 3), which is the same as the second regime of stable 
conditions. However, the observation-derived u*/U ratio exhibits two 
distinct regimes: 0.10 for weak wind (U < 3.0 m s− 1) and 0.023 for 
moderate wind (3 ≤ U ≤ 6 m s− 1). 

3.4.2. Drag coefficient and instability 
To further investigate the variation of drag coefficient with the at

mospheric instability, we examine the relationships between CD 
(derived from the u*/U ratio) and z/L in both observations and simu
lations, as shown in Fig. 12. Since the observed data points are largely 
scattered, we perform a bin-average calculation to obtain a more 
representative value of observed CD. The results show that CD almost 
remains constant for both observed and simulated data under near- 
neutral conditions ( − 0.1 ≤ z/L ≤ 0.1), with CDN (neutral CD) values 
of (12.69 ± 15.37)× 10− 3, (8.59 ± 0.93)× 10− 3, and (7.96 ± 0.91) ×
10− 3 for observations, MYJ, and YSU, respectively. The relatively 

smaller CDN in the model is likely responsible for the overestimation of 
near-surface wind speed and friction velocity. Under stable conditions 
(z/L > 0.1), both observed and simulated CD gradually decrease as z/L 
increases. However, the MYJ scheme shows a constant value of ∼ 2.4 ×

10− 3 when z/L > 1, while the YSU scheme reproduces the observed 
CD-z/L behavior well, although its values are slightly lower than the 
observations. This difference in performance may be due to the adoption 
of Rib in the YSU scheme instead of z/L and its stability function, which 
has two regimes under stable conditions: 0 < Rib ≤ 0.2 and Rib > 0.2. 
Under unstable conditions (z/L < − 0.1), both observed and simulated 
CD slightly increase with increased instability when − 0.5 < z/L < − 0.1 
(weak unstable). However, when the atmospheric stratification becomes 
strongly unstable (z/L < − 1.0), the observed CD declines significantly, 
while the simulated CD shows an exponential increase with − z/L. The 
latter may contribute to an underestimation of the small proportion of 
wind speeds in Fig. 3b,f and Fig. A4b,c. Furthermore, the observations 
reveal that strong instability inhibits momentum transfer, a feature that 
neither of the PBL schemes can reproduce. 

After conducting the least-squares fitting (LSF) test, we find that the 
relationship between CD and z/L in both observations and simulations 
can basically be represented by the function CD=α

(
1 + β z

L
)− 1 under both 

stable and unstable conditions. The fitting coefficient α is slightly larger 
for z/L < 0 than that for z/L > 0 for both observations and simulations. 
To maintain consistency, we force the coefficient α for unstable condi
tions to be equal to the value under stable conditions. The fitted α values 
are 12.77× 10− 3, 8.41× 10− 3, and 8.53 × 10− 3 for observations, MYJ, 
and YSU, respectively, which closely match the corresponding averaged 
CDN obtained earlier. Therefore, the fitted α can be seen as CDN. The β 
values of observations, MYJ, and YSU are 2.81, 2.44, and 3.22 for z/L >

0 and − 0.24, 0.87, and 0.61 for z/L < 0, respectively. All fitted curves 
are highly significant (p < 0.001) with a correlation coefficient >0.96 in 
observations and 0.99 in simulations. However, it should be noted that 
the fitting formula CD = CDN

(
1 + β z

L
)− 1 is not applicable for the MYJ 

scheme when ∣z/L∣ > 1 or the YSU scheme when z/L < − 1. These 
findings suggest that the stability function for momentum in the surface- 
layer model associated with the MYJ and YSU PBL schemes should be 
improved for strongly unstable conditions. Additionally, the stability 
function in the surface-layer model linked to the MYJ scheme also needs 
improvement for extremely stable conditions (z/L > 1). 

3.4.3. Turbulent fluxes and instability 
The near-surface turbulent fluxes (e.g., momentum flux, sensible 

heat flux, and latent heat flux) are essential parameters in the exchange 
of momentum, heat, and moisture between the surface and atmosphere, 
impacting the surface drag and energy balance. These turbulent fluxes 
are strongly influenced by atmospheric instability, which is a key 

Fig. 12. Variation of drag coefficient (CD) with atmospheric instability (z/L). The left and right panels represent unstable (z/L < 0) and stable (z/L > 0), respectively. 
The gray vertical lines are − 0.1 and 0.1 lines of z/L. The large blue dots with error bars are bin averages and corresponding standard deviations for the observations. 
The colored curves are least-squares fitted lines: green for MYJ, red for YSU, blue for bins averaged observations, and gray dashed line for original observations. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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parameter characterizing the dynamics of the PBL. Therefore, compre
hending the relationships between turbulent fluxes and atmospheric 
instability is crucial for improving our understanding of the PBL dy
namics and for developing more accurate NWP and climate models. 

Fig. 13 illustrates the variation of u* (representing vertical 

momentum flux), SHF, and LHF with respect to z/L. Although the 
simulated turbulent fluxes are significantly greater than the observed 
ones under unstable conditions, both the MYJ and YSU schemes repro
duce the evolution of turbulent fluxes with atmospheric instability in a 
manner consistent with observations. Specifically, u* rapidly increases 

Fig. 13. Variation of surface turbulent fluxes with atmospheric instability (z/L): (a) momentum flux (u*), (b) sensible heat flux (SHF), and (c) latent heat flux (LHF). 
The left and right panels represent unstable (z/L < 0) and stable (z/L > 0) conditions, respectively. Large markers with error bars are bin averages and their cor
responding standard deviations. The vertical gray lines are ±0.025, ±0.05, and ±0.1 lines of z/L, and the horizontal gray dashed line is the zero line. The small panel 
is a zoom of the corresponding variable in stable conditions. The curves in (a) are the least-squares fitted lines (green: MYJ; magenta: YSU; blue: bins-averaged 
observations). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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from the strongly unstable/stable to near-neutral conditions, forming a 
right-skewed bell-shaped distribution with a peak occurring in the range 
of − 0.1 < z/L < − 0.01 on the unstable side. One notable feature of both 
SHF and LHF is their rapid increase from nearly 0 W m− 2 at neutral 
condition (z/L ≈ 0) with the increase of the instability, reaching a peak 
in the moderate and weakly unstable range of − 1.0 < z/L < − 0.05 with 
bin-averages of approximately 100 W m− 2 for observations and 250 ∼

300 W m− 2 for simulations. Under unstable conditions, this distribution 
of SHF and LHF exhibits a right-skewed bell shape. This bell-shaped 
distribution feature of u*, SHF, and LHF was also found by Yusup and 
Liu (2016) over the water surface of a reservoir in Mississippi. 
Furthermore, a clear transport dissimilarity between momentum and 
heat fluxes exists under both stable and unstable conditions. On the 
unstable side, as instability increases from neutral towards near-neutral, 
a slight increase in u* corresponds to a rapid rise in both SHF and LHF. As 
instability transitions from moderately unstable at z/L ≈ − 0.2 to 
strongly unstable (z/L < − 1), a rapid attenuation of u* is accompanied 
by a gradual decrease in both SHF and LHF. However, on the stable side, 
as stability moves from neutral to strongly stable, a declining u* corre
sponds to a continued and slow decline of LHF, while the negative SHF 
first increases with stability with peaks around z/L = 0.1, and then 
decreases with further stability. These inconsistent findings indicate that 
an increase in mechanical mixing alone does not necessarily result in 
increased turbulent heat fluxes (Yusup and Liu, 2016). Thermal mixing 
is another important factor that affects the transfer of turbulent heat 
fluxes, particularly during the daytime over the land. 

The relationship between both observed and simulated u* and z/L 
can be described by the equation u* = α

⃒
⃒z
L

⃒
⃒− 1/3 for both stable and un

stable conditions where ∣z/L∣ > 0.1, indicating decay of momentum 
transfer with increasing instability or stability. The fitted coefficients α 
for observations, MYJ, and YSU are approximately 0.181 (0.088), 0.310 
(0.110), and 0.405 (0.126) under unstable (stable) conditions. These 
fittings exhibit strong correlation coefficients with corresponding values 
of 0.989 (0.998), 0.834 (0.924), and 0.715 (0.917), all of which are 
highly significant (p < 0.001). However, the simulated relationship be
tween u* and z/L under stable conditions is more consistent with a 
power of − 1/2 instead of − 1/3, i.e., u* = α

( z
L
)− 1/2, where α of the MYJ 

and YSU schemes are 0.090 and 0.099, with corresponding correlation 
coefficients of 0.975 and 0.971 (p < 0.001). The coefficient α derived 
from simulations is significantly larger than that from the observations, 
indicating that the momentum transfer in the model decreases too fast 
with instability/stability. Consequently, the simulated near-surface 
wind speed decreases with instability/stability faster than the observa
tions, with a significant overestimation when − 0.1 < z/L < 0.02 and 
underestimation under strongly unstable and stable conditions (refer to 
Fig. A4b,c). We find that the most accurately simulated U occurs at 
0.05 < z/L < 2 (especially for the YSU scheme; see Fig. A4b,c), which 
corresponds to the good u*-z/L relationship in Fig. 13a, indicating that 
the WRF model reproduces the mechanical mixing process well in this 
regime. 

Since the surface turbulent fluxes in NWP and climate models are 
usually described by the Monin-Obukhov similarity theory (Stull, 1988) 
with the bulk transfer coefficients determined by the atmospheric 
instability, it is widely believed that turbulent heat fluxes exchanges are 
depressed under stable conditions and promoted under unstable con
ditions (Yusup and Liu, 2016). We find that the averaged SHF/LHF in 
unstable ranges z/L < 0 (60 ∼ 80 W m− 2 for observations and 175 ∼

215 W m− 2 for simulations) are significantly larger than those in stable 
ranges z/L > 0 (about − 10 and 10 W m− 2 respectively for observations 
and simulations). This larger averaged SHF and LHF under unstable 
conditions are partly attributed to the larger values of u* (∼ 0.3 m s− 1 for 
observations and ∼ 0.6 m s− 1 for simulations) and U (∼ 3 m s− 1 for 
observations and ∼ 6 m s− 1 for simulations) compared to stable condi
tions (u* and U are 54 ∼ 66 % and 72 ∼ 78 % of the corresponding 

values under unstable conditions, respectively). Compared to the MYJ 
scheme, the YSU scheme generates relatively small u* under both stable 
and unstable conditions, resulting in its simulated U being closer to the 
observed values and leading to relatively more accurate SHF and LHF. 
Under unstable conditions, it is generally expected that SHF and LHF 
will increase with increased instability. This is because the intensified 
turbulence and mixing promote the growth of convective eddies, which 
enhance the transport of heat and moisture from the surface to the at
mosphere. However, we find that SHF and LHF do not always rise with 
increased instability under unstable conditions. Instead, they tend to 
decline gradually with strengthened instability (towards very unstable 
conditions) when z/L < − 0.5. This behavior indicates that strong 
instability can inhibit the exchange of turbulent fluxes. This occurs when 
instability becomes strong to a certain extent that large-scale energetic 
turbulent eddies overwhelm the smaller-scale turbulent motions 
responsible for heat and moisture exchange between the surface and the 
atmosphere. Additionally, strong instability can enhance turbulent 
mixing, resulting in a well-mixed layer that, in conjunction with 
entrainment mixing, reduces the temperature and moisture gradients 
between the surface and the atmosphere. This, in turn, decreases the 
driving force for further heat transfer. 

Given the absence of temperature and humidity gradients, we 
investigate the modulation of thermal mixing on turbulent heat fluxes at 
different levels of atmospheric instability using U-normalized SHF and 
LHF, as shown in Fig. 14. It is clear that the bell-shaped distributions of 
SHF and LHF observed under unstable conditions, as well as the inverted 
bell-shaped distribution of SHF under stable conditions in Fig. 13b,c 
disappear. This suggests that the mechanical-induced turbulent mixing 
is the primary cause of the bell-shaped distribution. Furthermore, the 
simulated SHF/U and LHF/U match observations well when − 0.5 < z/
L < 0 in the unstable side. Similarly, when 0 < z/L < 0.5 in the stable 
side, the simulated SHF/U also agrees well with observations, particu
larly for the YSU scheme. These findings suggest that the model's sig
nificant overestimation of SHF and LHF at − 0.5 < z/L < 0, and the 
overestimation of negative SHF at 0 < z/L < 0.5, are mainly attributed 
to the simulated strong mechanical mixing, as quantified by u* (see 
Fig. 13a), and the resulting higher wind speeds (as shown in Fig. A4b,c). 
However, for z/L < − 0.5, both observed SHF/U and LHF/U slightly 
decrease with increasing instability, similar to the variations of SHF and 
LHF. In contrast, the simulated SHF/U and LHF/U increase exponen
tially with instability, rather than the slow decreasing trend of SHF and 
LHF. This implies that the overestimation of SHF and LHF at z/L < − 0.5 
is most likely caused by inaccurate thermal mixing in the model. 

4. Conclusions and discussion 

In this study, we investigate the impacts of PBL schemes on WRF 
simulations of atmospheric boundary layer processes over a tropical 
coastal region with complex terrain. Two commonly used PBL schemes 
(the local scheme MYJ and the nonlocal scheme YSU) were selected to 
perform multiscale simulations spanning one month (July) in the sum
mer of 2020 over Shenhen, China, with horizontal resolutions of 27, 9, 3, 
and 1 km. The simulations were comprehensively evaluated against 
multisource observations, including automatic weather station obser
vations, eddy-covariance measurements, and GPS-sounding profiles. In 
addition to the traditional assessments by direct comparison with ob
servations, we also investigated the sensitivity of PBL schemes to hori
zontal resolutions and land cover types and evaluated the model 
performance through inherent physical relationships between near- 
surface variables. 

The results demonstrate that the WRF model, with both local and 
nonlocal PBL schemes, can capture well the observed diurnal variations 
of all near-surface meteorological variables (including the turbulent 
fluxes) and the PBL vertical thermodynamic structures over the complex 
terrain. However, it tends to underestimate air temperature and over
estimate wind speed throughout the entire PBL and almost during the 
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whole day, with mean biases ranging from − 0.5 ∼ − 0.2 ∘C for 2-m T and 
2 ∼ 5 m s− 1 for 10-m U. The overestimation of wind speed rapidly de
creases with altitudes. The findings suggest that the simulation errors 
likely stem from the land surface, such as inaccurate coarse-resolution 
land-use data and non-application of urban canopy models. Moreover, 
the WRF model significantly overestimates surface turbulent heat and 
momentum fluxes throughout the whole day (including the nighttime 
negative SHF), especially with their daytime peaks 2 ∼ 3 times larger 
than observations, which is primarily caused by the overestimation of 
wind speed and likely to be an inherent flaw of the surface layer models 
(Sun et al., 2017; Sathyanadh et al., 2017). Furthermore, the diagnosed 
PBLH in the WRF model is consistently lower than the observations, with 
monthly averages from the local and nonlocal schemes about 47% and 
28% lower than the observed values, respectively. However, after 
recalculating the PBLH using the same method, the results for the local 
and nonlocal schemes are almost identical, ∼ 17% lower than the 
observation. This result suggests that reducing (increasing) the 
threshold value of TKE (Rib) in the MYJ (YSU) scheme could improve the 
accuracy of PBLH diagnosis and reduce uncertainties from different 
methods. 

We found that the performance of the WRF model over complex 
terrain with both local and nonlocal PBL schemes improves significantly 
with the increasing horizontal resolution, particularly for variables such 
as winds that depend highly on local topography features. Despite the 
best model performance for some variables (e.g., daytime sensible heat 
and momentum fluxes) being at the resolution of 3 km, the model at 1 

km resolution provides the best results overall, with the most accurate 
daytime latent heat flux and all first-order variables as well as nighttime 
sensible heat flux. Therefore, for mesoscale simulations over complex 
terrain, we recommend using the high resolution of 1 km. 

Similar to previous studies, the YSU scheme outperforms the MYJ 
scheme overall over the complex terrain, for both surface variables and 
PBL vertical structures, although the MYJ scheme performs slightly 
better in some cases. The YSU scheme produces more accurate potential 
temperature, humidity, and wind speed throughout the entire PBL for 
both morning and evening hours, and this conclusion is independent of 
the horizontal resolutions. Unlike previous studies, where the nonlocal 
PBL scheme tends to produce warmer and drier PBL, in our cases, the 
YSU runs generate warmer and moister PBL than the local scheme MYJ. 
This is due to the small gradient of humidity between the free atmo
sphere and PBL in the coastal region, where the entrainment mixing 
effect cannot significantly reduce the water vapor within the PBL, but is 
only conducive to warming the PBL and raising the PBL height. The 
monthly mean PBLH simulated by the YSU scheme is about 25% higher 
than that by the MYJ scheme, which is mainly caused by the stronger 
local mixing in the YSU scheme, with a maximum value of monthly 
mean Kh in the PBL almost 1.9 (2.8) times larger than that of MYJ runs at 
morning (evening) hours. 

However, the differences between the two schemes are significantly 
distinct over different land covers, such as land and sea, and they vary 
with variables, time periods, and altitudes within the PBL. Generally, the 
differences between the two schemes are significantly greater over the 
land than over the sea for thermal-related variables (e.g., T, SHF, and 

Fig. 14. Variation of normalized surface turbulent heat fluxes with atmospheric instability (z/L): (a) SHF/U (W m− 2 m− 1 s), (b) LHF/U (W m− 2 m− 1 s). The left and 
right panels represent unstable (z/L < 0) and stable (z/L > 0) conditions, respectively. Large markers with error bars are bin averages and their corresponding 
standard deviations. The vertical gray lines are ±0.025, ±0.05, and ±0.1 lines of z/L, and the horizontal gray dashed line is the zero line. The small panel is a zoom of 
the corresponding variable in stable conditions. 
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PBLH), especially during the daytime, while for variables associated 
with water vapor (e.g., q and LHF), they are significantly larger over the 
sea than over the land. These findings show that land surface feature has 
a crucial influence on the performance of PBL schemes, and highlight the 
importance of selecting appropriate PBL schemes for simulating the 
temporal evolution of PBL over different land cover types, particularly 
over the regions with complex terrain and land use. Furthermore, we 
found that the maximum value of local mixing term within PBL in the 
YSU scheme is about twice that of the MYJ scheme over land during the 
daytime, while it is comparable to the corresponding value in the MYJ 
scheme over the sea through the whole day and over land at night, with 
a relatively small value. The maximum of the entrainment mixing term 
in the YSU scheme is only <1% of the local mixing term over the sea and 
during nighttime over land due to their small surface sensible heat flux, 
while it can reach 15% of the peak value of the local mixing term over 
land during the daytime. These results suggest that the differences be
tween nonlocal and local PBL schemes can largely be attributed to their 
different eddy diffusivity (local mixing), the entrainment mixing in the 
nonlocal scheme only plays a secondary role in the buoyancy-driven 
convective boundary layer, especially over land in the daytime. 

The WRF model, with both local and nonlocal PBL schemes, gener
ally captures the physical relationships between near-surface variables, 
such as the strong linear correlation between u* and U, the power law 
between CD or u* and instability z/L, and the bell-shaped distribution of 
turbulent fluxes with z/L. Overall, the relationships obtained from the 
YSU simulations agree with the observations better than the MYJ runs. 
However, the model overestimates the u*/U ratio, especially under 
stable conditions for U > 1.8 m s− 1 and stable conditions for U > 3 m 
s− 1. The simulated CDN is significantly smaller than the observed, 
resulting in a significant overestimation of wind speed under near- 
neutral conditions. Additionally, neither PBL scheme reproduces the 
decreasing trend of the observed CD against z/L when − z/L > 1, 
causing the model to underestimate wind speed under strongly unstable 
conditions. Furthermore, the simulated bell-shaped curves for turbulent 
heat fluxes in unstable regions are significantly higher than the corre
sponding observations, with the peak in the range of 0.05 < −

z/L < 1.0, suggesting that the overestimation of turbulent heat fluxes 
occurs mainly under unstable conditions when 0.05 < − z/L < 1.0. We 
found that the bell-shaped distribution disappears in the U-normalized 
turbulent heat fluxes, and the simulated SHF/U and LHF/U are consis
tent with observations well when − z/L < 0.5. However, they increase 
rapidly with z/L when − z/L > 0.5 (especially for − z/L > 1), and do not 
reproduce the observed slow decay trend. These findings suggest that 
the mechanical-induced turbulent mixing is the primary cause of the 
bell-shaped distribution of turbulent heat fluxes, and the overestimation 
of turbulent heat fluxes under unstable conditions is mainly attributed to 
stronger mechanical mixing in the model at − z/L < 0.5, and inaccurate 
thermal-induced turbulent mixing at − z/L > 0.5. 

In summary, this study comprehensively evaluates the PBL schemes 
and the WRF model's performance over the tropical coastal region with 
complex terrain. The findings could help to improve the parameteriza
tions of the PBL and associated surface layers. Further investigations are 
needed to consider the urban morphology effects and to focus on some 
key processes such as land-sea breeze circulation and terrain-induced 
flows. To raise the confidence level, the evaluation should be 
expanded to more observation sites, and to cover a wide range of at
mospheric stability conditions. 
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Fig. A1. Mean diurnal variations of biases between MESO simulations and observations throughout the 1-month simulation period. (a–c) 2-m temperature (T), 10-m 
wind speed (U), and wind direction (WD), which are averaged from AWS sites S1–S4; (d–f) surface sensible heat flux (SHF), latent heat flux (LHF), and friction 
velocity (u*) at the EC site S5.  
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Fig. A2. Mean diurnal variations of near-surface meteorological variables over the land and sea in MESO1 during July 2020. (a–c) 2-m temperature (T2), 2-m specific 
humidity (q2), and 10-m wind speed (U); (d–f) surface sensible heat flux (SHF), latent heat flux (LHF), and friction velocity (u*). 

Fig. A3. Average differences of (a) potential temperature (θ), (b) specific humidity (q), (c) horizontal wind speed (U), and (d) vertical velocity (w) between land and 
sea simulated by the YSU and MYJ schemes during July 2020.  
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Fig. A4. Variations of 10-m wind speed (U) with atmospheric instability (z/L) for (a) observations, (b) simulations with the MYJ scheme, and (c) simulations with the 
YSU scheme. The colour bar indicates the local time in hours. The blue circles with error bars represent the corresponding bin averages and standard deviations, 
while the green squares denote the median values for bins. The gray circles and squares in (b, c) are bin averages and medians of observations from (a). The vertical 
gray lines are ±0.025, ±0.05, and ±0.1 lines of z/L. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.) 
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