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A B S T R A C T

Freshwater flux over the Ca Mau Peninsula, Southern Vietnam, is crucial for sustaining regional food production, 
ecosystem functioning, and the livelihoods of communities that rely on agriculture and aquaculture. This study 
examines the sensitivity of two components of the freshwater flux, namely, simulated precipitation and potential 
evapotranspiration (PET), to planetary boundary layer (PBL) schemes and diurnal sea surface temperature (SST) 
variability using the Weather Research and Forecasting (WRF) model over the Ca Mau Peninsula. Convective 
gray-zone (5 km) simulations were conducted for three representative years corresponding to El Niño, ENSO (El 
Niño – Southern Oscillation) neutral, and La Niña conditions, using ERA5 boundary conditions. Three PBL 
schemes (Mellor–Yamada–Nakanishi–Niino Level 2.5: MYNN2.5, Mellor–Yamada–Janjic: MYJ and Asymmetric 
Convection Model 2: ACM2) were tested with or without the activation of the SST skin temperature option. 
Simulated precipitation was evaluated against rain gauge observations and satellite-based datasets, while PET 
was assessed using station-based estimates derived from the Penman–Monteith method and ERA5 reanalysis 
data. The results indicate that MYNN2.5 and MYJ reproduce observed rainfall patterns more accurately than 
ACM2, which exhibits a pronounced wet bias. Incorporating diurnal SST variability reduces precipitation biases 
by 10–40%. All schemes capture the general features of the diurnal rainfall cycle, although nighttime rainfall is 
systematically underestimated; among them, MYNN2.5 most accurately represents both inland and coastal 
rainfall peaks. PET simulations are also sensitive to the choice of PBL scheme, with MYNN2.5 showing the lowest 
overall bias. Overall, the MYNN2.5 scheme combined with the diurnal SST option provides the most reliable 
representation of the freshwater flux over the Ca Mau Peninsula. These findings offer important insights for 
improving freshwater flux simulations over the Ca Mau Peninsula, the most important aquaculture hub in 
Vietnam.

1. Introduction

The freshwater flux, commonly expressed as the difference between 
precipitation and evapotranspiration, is a fundamental control on agri
cultural productivity, aquaculture sustainability, ecosystem functioning, 
and regional water supply in coastal and deltaic regions (Vörösmarty 
et al., 2000; Intergovernmental Panel on Climate Change (IPCC), 2014; 
Liu et al., 2018; Zhao et al., 2021; Mondal et al., 2022). The Ca Mau 
Peninsula, located in southern Vietnam and forming part of the 

Vietnamese Mekong Delta, represents the country's most important 
aquaculture hub and a major contributor to national rice production 
(Wilder and Phuong, 2002; Ha et al., 2013; General Statistics Office of 
Vietnam (GSO), 2019). The region experiences a tropical monsoon 
climate characterized by a highly asymmetric seasonal rainfall regime, 
where more than 90% of the annual precipitation occurs during the 
May–October rainy season, while rainfall during the January–March dry 
season is scarce (Lee and Dang, 2019). This strong seasonality results in 
a pronounced surplus of freshwater flux during the wet season and 
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severe deficits during the dry season, posing substantial risks to irriga
tion, aquaculture operations, groundwater recharge, and domestic 
water supply (Minh et al., 2022a; Minh et al., 2022b; Kaveney et al., 
2023). In addition, the freshwater flux in southern Vietnam is strongly 
modulated by large-scale climate variability, particularly ENSO (Duc 
et al., 2018; Luong, 2021). La Niña years are associated with earlier 
rainy-season onset, later rainy-season cessation, and higher rainfall to
tals, whereas El Niño years are characterized by shorter rainy seasons 
and reduced dry-season rainfall totals (Duc et al., 2018; Dang et al., 
2020). Similarly, evapotranspiration is elevated during El Niño phases 
compared with La Niña phases, particularly during the October–May 
period (Luong, 2021).

Regional Climate Models (RCMs) offer one of the most effective tools 
for simulating the climate system in general, and freshwater flux in 
particular, at regional scales. Through their high spatial resolutions, 
RCMs are able to capture land–atmosphere interactions and represent 
regional forcings, such as large water bodies, surface vegetation, and 
complex topography, that exert significant influences on local climate 
(Giorgi, 1990; Gao et al., 2001). However, significant uncertainties and 
systematic biases persist in reproducing rainfall patterns over southern 
Vietnam (Phan et al., 2009; Nguyen et al., 2014; Raghavan et al., 2015), 
and particularly within the Vietnamese Mekong Delta (Jiang et al., 
2019; Sun et al., 2021; Hoang-Cong et al., 2022; Fu et al., 2023; Trinh- 
Tuan et al., 2025). Previous RCM studies have predominantly employed 
horizontal resolutions ranging from 20 to 54 km, which are sufficient to 
resolve large-scale monsoon circulations but inadequate for mesoscale 
convective systems typical of the delta (Prein et al., 2015; Giorgi et al., 
2016). Recent advancements in computational capacity have facilitated 
convection-permitting simulations at very high resolutions (~3 km or 
finer) in several regions (Hentgen et al., 2019; Kendon et al., 2021), 
enabling the explicit representation of convective processes. However, 
conducting such simulations remains computationally challenging, 
given the limitations of our current resources. Yet, high-resolution 
simulations are essential for producing more accurate assessments of 
the freshwater flux across the Mekong Delta. To balance computational 
efficiency and model performance, convective gray-zone resolutions 
(approximately 4–10 km, hereafter refer to gray-zone resolution for 
short) are widely employed for long-term regional climate simulations 
over Asia (Chen et al., 2018; Taraphdar and Pauluis, 2021; Hoang-Cong 
et al., 2022; Zhou et al., 2022). It is noteworthy that these resolutions are 
insufficient to explicitly resolve smaller convective systems but are yet 
too high to fully rely on convective parameterization (Taraphdar and 
Pauluis, 2021; Taraphdar et al., 2021). As highlighted by Taraphdar 
et al. (2021), gray-zone simulations can perform as well as convection- 
permitting simulations when appropriate physical parameterizations are 
employed to capture synoptic and mesoscale processes. Given that 
precipitation represents a primary component of the freshwater flux, 
alongside potential evapotranspiration (PET), accurate rainfall simula
tion at gray-zone resolution through the optimization of physical pa
rameterizations is imperative for producing reliable assessments of the 
freshwater flux over the Mekong Delta.

PBL parameterizations play a pivotal role in regulating the exchange 
of momentum, heat, and moisture between the land surface, ocean, and 
atmosphere, thereby exerting a decisive influence on the simulation of 
low-level winds, cloud formation, and thermodynamic profiles (Garratt, 
1994). Precipitation has been shown to exhibit pronounced sensitivity to 
the choice of PBL parameterization schemes, both at coarse resolutions 
(Laux et al., 2013; Wang et al., 2014; Que et al., 2016) and gray-zone 
resolution ranges (Taraphdar and Pauluis, 2021; Taraphdar et al., 
2021) across the Asian summer monsoon domain. Beyond its seasonal 
variability, the diurnal cycle of precipitation during the rainy season 
constitutes a distinctive and influential feature of the Asian monsoon 
system, including Vietnam (Chen, 2020; Lai et al., 2025). The diurnal 
cycle is particularly important for the Ca Mau Peninsula, a major hub of 
agricultural and aquacultural activities, as shifts in the timing of rainfall 
peaks may have significant implications for agricultural processes, 

regional hydrological processes, and disaster risk management 
(Subrahmanyam et al., 2025). Previous studies have also confirmed that 
the representation of the diurnal precipitation cycle is highly sensitive to 
PBL parameterization schemes across Asia (Koo and Hong, 2010; Zhang 
and Chen, 2016; Yang et al., 2018; Mei et al., 2024).

In addition to PBL parameterization schemes, the diurnal variability 
of SST represents another critical process influencing rainfall simula
tions (Senatore et al., 2014; Pilatin et al., 2021). The Ca Mau Peninsula is 
located within the Tropical Warm Pool, a region globally recognized for 
its exceptionally high annual mean SST, weak surface winds, intense 
shortwave radiation under clear-sky conditions, and frequent large- 
amplitude diurnal SST fluctuations (Zhang et al., 2016). Previous in
vestigations have demonstrated that explicitly accounting for diurnal 
SST variations improves the representation of air–sea coupling pro
cesses, thereby enhancing the performance of coupled climate models 
(Wei et al., 2001; Brunke et al., 2008; Clayson and Bogdanoff, 2015; 
Marullo et al., 2016). Since version 3.1, the WRF model, one of the most 
widely applied RCMs, has included a prognostic sea surface skin tem
perature (SSKT) scheme developed by Zeng and Beljaars (2005) through 
the sst_skin option. This scheme incorporates the effects of sensible and 
latent heat fluxes, radiative transfer, molecular diffusion, and turbulent 
mixing, thereby capturing the key mechanisms that drive diurnal SST 
variability. Evaluations over the Tropical Warm Pool have confirmed 
that the scheme successfully reproduces diurnal SST variations under a 
range of wind and radiation conditions (Zhang et al., 2018).

Unlike precipitation, PET, which constitutes the second major 
component of the freshwater flux, is not directly simulated by RCMs. 
Previous studies have attributed variations in PET primarily to sunshine 
duration or solar radiation (Li et al., 2015; Jiang et al., 2016; Xu et al., 
2014), while other research highlights the dominant role of the wind 
speed at 10-m height (Li et al., 2014; Yin et al., 2010). Despite its 
importance, the sensitivity of PET to PBL parameterizations in RCMs 
remains insufficiently understood. Nonetheless, studies examining the 
influence of PBL schemes on two key drivers of PET, namely, the wind 
speed at 10-m height (Mohan and Bhati, 2011; Xie et al., 2012; Dzebre 
and Adaramola, 2020; Gholami et al., 2021) and solar radiation (Hu 
et al., 2010; Xie et al., 2012), provide strong evidence that PBL scheme 
selection exerts a significant effect on the simulation of PET.

Specifically, this study addresses the following research questions for 
the Ca Mau Peninsula study region: (1) how do different PBL parame
terization schemes affect daily precipitation and the diurnal cycle of 
precipitation during the rainy season; (2) to what extent does the diurnal 
variability of SST, represented through the sst_skin option, influence 
daily precipitation and its diurnal cycle; and (3) how do different PBL 
parameterization schemes affect daily PET?

To answer these questions, we will conduct WRF simulations at 5-km 
gray-zone resolution for three representative years corresponding to El 
Niño, ENSO neutral, and La Niña conditions. The experiments system
atically examine three widely used PBL schemes, both with and without 
activation of the sst_skin option. The remainder of this paper is orga
nized as follows. Section 2 describes the model configuration, experi
mental design, and validation data. Section 3 presents the impacts of 
PBL parameterization schemes and SST diurnal variability on precipi
tation characteristics. Section 4 examines the corresponding sensitivity 
of PET. Section 5 summarizes the main findings and discusses their 
implications.

2. Data and methods

2.1. Data

Daily rainfall observations were collected from 25 meteorological 
stations distributed across the Ca Mau Peninsula (Fig. 1; Table S1). Three 
of these stations report to the World Meteorological Organization at 6- 
hourly intervals, and one reports real-time at the same frequency to 
the National Center for Hydro-Meteorological Forecasting of Vietnam. 
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Meteorological data, including maximum and minimum temperatures, 
relative humidity, sunshine duration, and 10-m wind speed from three 
stations covering the period 2007–2015, were used to compute PET 
using the Penman–Monteith method (Shuttleworth, 1993). For the 
validation of PET, evaporation data from the GGI-3000 evaporimeter 

were also employed. This instrument, formerly standard across the So
viet Union, measures daily open-water evaporation and is still main
tained at two stations in the Mekong Delta (Ca Mau and Can Tho). 
Previous studies suggest that Penman–Monteith PET correlates reason
ably with GGI-3000 observations, although it is typically biased high by 

Fig. 1. Topography (shading), provinces in the Ca Mau Peninsula and model domain for WRF simulations (inset map). Text in capital letters indicates province 
names. In the inset map, the blue rectangle indicates the study region, while the red rectangle represents the area for analyzing the propagation of rainfall. Black 
points show rain gauge stations, blue points show stations from which sunshine duration data were used to calculate PET and red points show stations from which 
evaporation data were used (see Table S1 for station information). (For interpretation of the references to colour in this figure legend, the reader is referred to the web 
version of this article.)

Fig. 2. Taylor diagrams of (a) daily TMPA (red symbols) and GPM IMERG rainfall (blue symbols) against observation at 24 stations, and (b) daily ERA5 PET 
evaluated against estimates using the Penman-Monteith equation (red symbols) and GGI-3000 measurements (blue symbols) for the rainy seasons, dry seasons, and 
whole years between 2007 and 2016. (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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~0.8 mm day− 1 (Kohut et al., 2014; Stan and Neculau, 2015).
Moreover, rainfall validation was supported by two satellite-based 

products: the 3-hourly Tropical Rainfall Measuring Mission (TRMM) 
3B42 V7 (TMPA) dataset at a 0.25◦ × 0.25◦ resolution (Huffman and 
Bolvin, 2014) and the daily CHIRPS 2.0 dataset at a 0.05◦ × 0.05◦ res
olution (Funk et al., 2015). TMPA generally performs better for rainfall 
estimation in the Mekong Delta, whereas CHIRPS provides higher 
spatial detail and drought monitoring capability (Guo et al., 2017; Luo 
et al., 2019; Dinh et al., 2020). For the Ca Mau Peninsula, TMPA out
performed its successor, the latest GPM IMERG Version 06 (Hou et al., 
2014), which has a spatial resolution of 0.1◦ × 0.1◦, when compared 
against gauge data using Taylor diagram analysis (Taylor, 2001; 
Fig. 2a). As shown in Fig. 2a, the GPM product exhibits a systematic 
overestimation of rainfall, with positive PBIAS values of approximately 
5–10% during the rainy season and 10–20% during the dry season. In 

contrast, the TMPA product demonstrates markedly better agreement 
with observations, with absolute PBIAS values consistently below 1% in 
both seasons. Additionally, to examine the diurnal cycle, 3-hourly 
rainfall from 14 automatic stations during 2019–2020 was also used 
to validate TMPA estimation. These results indicate that TMPA performs 
well in terms of estimating precipitation amount, precipitation fre
quency, and precipitation intensity (not shown).

Given the limited distribution of ground-based PET measurements, 
validation against gridded datasets was also undertaken. Several global 
PET products are available, including satellite-based datasets such as 
GLEAM (Martens et al., 2017), MODIS MOD16 (Mu et al., 2011), Ter
raClimate (Abatzoglou et al., 2018), as well as reanalysis datasets such 
as ERA5 (Hersbach et al., 2020), JRA-55 (Kobayashi et al., 2015), and 
MERRA-2 (Gelaro et al., 2017). Among these, ERA5 PET was selected 
and evaluated for 2007–2016 against Penman–Monteith estimates at Ca 

Fig. 3. Mean daily TMPA rainfall (a) in the dry seasons and (b) in the rainy seasons in the period 2008–2017. (c, d) Same as in (a, b) but for mean daily ERA5 PET.
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Mau, Rach Gia, and Bac Lieu, and against GGI-3000 data at Ca Mau and 
Bac Lieu (Fig. 2b). ERA5 PET showed stronger agreement in the dry 
season (correlation of 0.75 against GGI-3000) than in the rainy season 
(0.59), while correlations against Penman–Monteith were lower (0.35 
and 0.25). ERA5 PET is computed under the assumption of well-watered 
land surfaces (i.e., without soil moisture stress), with vegetation pa
rameters prescribed as “crops/mixed farming” (Hersbach et al., 2023). 
These assumptions differ from local land-surface conditions and from 
the inputs used in station-based Penman–Monteith calculations and the 
GGI-3000 dataset, which limits direct comparability. Overall, the eval
uation results indicate that ERA5 provides a physically consistent and 
temporally coherent reference for validating simulated PET. The mean 
daily TMPA rainfall and ERA5 PET during the dry and rainy seasons over 
the Ca Mau Peninsula for 2008–2017 are presented in Fig. 3.

2.2. Methods

2.2.1. Model description and experimental design
The Advanced Research WRF model version 4.0 (Skamarock et al., 

2019) is applied to simulate precipitation and PET over the Ca Mau 
Peninsula. The model domain covers the Ca Mau Peninsula and adjacent 
regions, including Central Vietnam, Cambodia, Southern Laos, and 
Northeastern Thailand (98.4–112◦E, 2.6–16◦N; Fig. 1). The domain 
resolution is set at 5 km, with 300 × 300 horizontal grid points, 37 
vertical levels, and the model top at 10 hPa. Boundary and initial con
ditions are provided by the ERA5 reanalysis (Hersbach et al., 2020) at a 
resolution of ~30 km and a temporal frequency of 3 h. To assess climate 
variability, three representative years are selected based on the Niño 3.4 
index from the NOAA Climate Prediction Center (Climate Prediction 
Center (CPC), NOAA, 2025): 2007 (La Niña), 2013 (ENSO-neutral), and 
2015 (strong El Niño). Simulations are initialized on 1 December of the 
preceding year and include a 30-day spin-up to allow the model to be 
geared toward “climate mode” after 30 days of spin-up time (Zhong 
et al., 2007).

A suite of sensitivity experiments is designed to evaluate the role of 
key physical parameterizations. Three widely used PBL parameteriza
tion schemes were selected: MYNN2.5 (Mel
lor–Yamada–Nakanishi–Niino Level 2.5, Nakanishi and Niino, 2006), 
Mellor–Yamada–Janjic (MYJ; Janjić, 1994), and Asymmetric Convec
tion Model 2 (ACM2; Pleim, 2007). These schemes represent contrasting 
treatments of turbulent transport and have been extensively applied in 
regional climate simulations over monsoon-dominated regions (Wang 
et al., 2014; Que et al., 2016; Jia et al., 2023; Shen and Du, 2023).

MYNN2.5 and MYJ are local turbulent kinetic energy (TKE)-based 
closure schemes in which vertical mixing is determined by prognostic 
TKE and local stability-dependent diffusion coefficients. In contrast, 
ACM2 employs a hybrid formulation that combines local eddy diffusion 
with an explicit nonlocal transport component to represent organized 
large eddies within the convective boundary layer. Although WRF 
model includes additional nonlocal-type PBL schemes, ACM2 was cho
sen here as a representative hybrid framework to contrast local TKE- 
based closures with a scheme that incorporates both local and 
nonlocal mixing characteristics. These structural differences can lead to 
systematic variations in vertical turbulent diffusion coefficients, 
entrainment at the PBL top, boundary-layer depth, and surface flux 
partitioning (Pleim, 2007). In tropical coastal environments such as the 
Ca Mau Peninsula, where land–sea thermal contrasts and strong surface 
fluxes regulate low-level moisture supply and convective development, 
the representation of vertical mixing is expected to exert a significant 
influence on moisture convergence, precipitation timing and intensity, 
and near-surface wind fields that affect PET. The selected schemes 
therefore provide a suitable framework for examining how differences in 
turbulent transport assumptions propagate into variations in simulated 
freshwater flux components.

Each scheme is paired with its corresponding surface-layer scheme 
and further tested with or without the activation of the sst_skin option of 

Zeng and Beljaars (2005), resulting in six baseline experiments 
(Table 1). The sst_skin option accounts for sensible and latent heat 
fluxes, radiative forcing, and turbulent diffusion, and has been shown to 
improve representation of diurnal SST variability in tropical oceans. To 
address limitations at gray-zone resolutions, additional experiments are 
conducted for the year 2015, a strong El Niño year, with MYNN2.5 PBL 
scheme coupled to five cumulus schemes: Kain–Fritsch (Kain 2004), 
Betts–Miller–Janjic (Janjic 1994), Grell–Freitas (Grell and Freitas, 
2014), New Simplified Arakawa–Schubert (Kwon and Hong, 2017), and 
Grell 3D Ensemble (Grell and Devenyi, 2002) to examine the influence 
of cumulus scheme on simulating precipitation (Table S2). Our results 
show that the convection-permitting simulation experiment (WRF- 
MYNN2.5, which does not utilize any of the cumulus schemes) out
performs other cumulus scheme experiments over the Ca Mau Peninsula 
and will be used in later experiments (Table S4 and Fig. S1).

Physics parameterizations unrelated to the PBL are selected 
following common WRF practices in Southeast Asia: WSM6 micro
physics (Hong and Lim, 2006), Dudhia shortwave radiation (Dudhia, 
1989), RRTM longwave radiation (Mlawer et al., 1997), and the Noah- 
MP land surface scheme (Yang et al., 2011; Niu et al., 2011). 
Together, these simulations allow for a comprehensive assessment of the 
sensitivity of precipitation and PET to the PBL scheme and the sst_skin 
option under contrasting ENSO conditions.

2.2.2. PET estimation
The presented analyses rely on the evaluation of PET using both 

observation data from stations and model simulations using the WRF 
model. In both cases, the Penman-Monteith equation (Shuttleworth, 
1993) is used for calculating PET: 

PET =
Δ

Δ + γ
(Rn +Ah)+

γ
Δ + γ

6.43(1 + 0.536U2)D
λ

(1) 

Where PET is the daily PET in mm day− 1, Rn is the surface net ra
diation in MJ m− 2 day− 1, Ah is the energy advected to the water body, 
which is ignored in this study, U2 is the near-surface wind speed at 2-m 
height in m s− 1, Δ is the slope of air pressure curve in kPa ◦C− 1, D is the 
vapor pressure deficit in kPa, γ is the psychrometric coefficient in kPa 
◦C− 1 and λ is the latent heat of water vaporization in MJ kg− 1. Since U2 is 
not directly available, it is determined from wind speed at 10-m height 
as follows: 

U2 =
4.87

ln(67.8*10 − 5.42)
U10 (2) 

Where U10 is the surface wind speed at 10-m height in m s− 1.
The approach to determine Rn differs between station and model 

data. For station data, Rn is determined as: 

Rn = 0.77Rs − 0.5σ
(
T4

max +T4
min

)
(0.34 − 0.14

̅̅̅̅̅
ea

√
)

(

1.35
Rs

Rs0
− 0.35

)

(3) 

Rs = Ra

(
a+ b

n
N

)
(4) 

Table 1 
Details of WRF Configurations for: different PBL scheme, corresponding surface 
layer scheme, sst_skin option (on/off). No cumulus parameterization is used in 
these baseline simulations at 5-km gray-zone resolution.

Experiment Name PBL scheme Surface Layer scheme sst_skin option

WRF-MYNN2.5 MYNN2.5 MYNN On
WRF-MYJ MYJ ETA On
WRF-ACM2 ACM2 MM5 On
WRF-MYNN2.5-s MYNN2.5 MYNN Off
WRF-MYJ-s MYJ ETA Off
WRF-ACM2-s ACM2 MM5 Off

D. Tran-Anh et al.                                                                                                                                                                                                                              Atmospheric Research 339 (2026) 109029 

5 



Rs0 = Rs
(
0.75+ 2*10− 5*z

)
(5) 

Where Rs is the solar radiation in MJ m− 2 day− 1, σ is the Stefan- 
Boltzmann constant for a day (4.903 × 10− 9 MJ K− 4 m− 2 day− 1), Tmax 
and Tmin are the maximum and minimum temperature at 2 m height in 
Kelvin, ea is the actual vapor pressure in kPa, Rs0 is the clear-sky solar 
radiation in MJ m− 2 day− 1, Ra is the extraterrestrial radiation in MJ m− 2 

day− 1, a and b are empirical coefficients (a = 0.25 and b = 0.5), n is the 
actual sunshine duration in hour, N is the maximum possible sunshine 
duration in hour, and z is the station elevation above the sea in m.

For WRF simulations, Rn is determined through the accumulated net 
radiative flux at the surface field from 1200 UTC on the previous day to 
1200 UTC on the current day: 

Rn =
∑t=12

t=− 12
Rswu +Rswd +Rlwu +Rlwd (6) 

Where Rswu is the upward shortwave radiation, Rswd the downward 
shortwave, Rlwu the upward longwave radiation, and Rlwd the downward 
longwave radiation (at the surface and in MJ m− 2).

As previously reported (Donohue et al., 2010; Dai, 2011), the 
Penman-Monteith formula has demonstrated better performance than 
other formulas in estimating PET.

2.2.3. Evaluation methods
To statistically compare the performance of each WRF experiment 

against the gridded products, PET and precipitation fields from WRF 
model output were first remapped to 0.25◦ spatial resolution to match 
the TMPA and ERA5 grids, and to 0.05◦ spatial resolution to match the 
CHIRPS 2.0 grid using conservative remapping (Jones, 1999). After 
remapping, these data are evaluated based on three basic statistical 
indices, the correlation coefficient (CC), RMSE and percent bias (PBIAS), 
which are defined as: 

CC =

∑n
i=1(Oi − O)(Pi − P)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1(Oi − O)
2

√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1(Pi − P)2
√ (7) 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(Oi − Pi)

2
√

(8) 

PBIAS =

∑n
i=1(Pi − Oi)
∑n

i=1Oi
×100 (9) 

Where n is the number of samples, Oi is the observed precipitation or 
PET, and Pi is the simulated precipitation or PET from WRF output.

Regarding the statistical evaluation against station data, the simu
lated precipitation or PET are interpolated using values from the closest 
four grid points to the station locations. Instead of evaluating by three 
separate indices, all indices are represented in a Taylor diagram (Taylor, 
2001), which combines these three values into a single point. The Taylor 
diagram evaluations for the WRF experiments using different PBL 
schemes are provided in Fig. 7(a) for daily precipitation and in Fig. 13
for PET. To simplify evaluations for different variables with different 
units, the RMSE and standard deviation are normalized by the observed 
standard deviation of each variable before plotting (Taylor, 2001). CC 
values imply the temporal and spatial similarity between the observa
tion at the station and the simulated precipitation or PET from the WRF 
output. In the diagram, the azimuthal angle corresponds to the CC, the 
dashed line (labelled “REF”) shows the normalized standard deviation of 
the observation, and the dotted semicircles, originating from the inter
section of the observed standard deviation (dashed line) and the hori
zontal axis, show contours of the normalized RMSE. Experiments with 
the smallest RMSE are highlighted with a colour-filled background of the 
number indicating the station location. Locations with negative corre
lations or standard deviations greater than 1.65 are shown as text at the 
bottom of each Taylor diagram.

In southern Vietnam, precipitation exhibits strong seasonality (Phan 
et al., 2009; Truong and Bui, 2019; Truong and Tuan, 2018). For this 

reason, the evaluation of the performance of each WRF experiment on 
simulating daily precipitation is conducted in terms of the dry season, 
the rainy season, and the whole year. In adition, intraseasonal oscilla
tion (ISO) plays a vital role in modulating rainfall in Vietnam, with two 
dominant modes of oscillation: 10–20 and 20–60 days (Truong and Bui, 
2019; Truong and Tuan, 2018). Consequently, the performance of each 
experiment on simulating 5 and 10 days of accumulated precipitation is 
also evaluated.

Following previous studies (Takahashi et al., 2010; Jin et al., 2016; Li 
et al., 2020), to describe the characteristics of the diurnal cycle of pre
cipitation over the Ca Mau Peninsula, three parameters are calculated 
from both model data and TMPA product at each 3-h time step, 
including rainfall frequency, rainfall amount, and rainfall intensity. The 
rainfall frequency is defined as the percentage of time that a measurable 
amount of rainfall falls during the analysis period, while rainfall in
tensity is the mean precipitation rate during the precipitating time. The 
rainfall amount is the product of rainfall intensity and rainfall fre
quency. The threshold for measurable rainfall rate used in this study is 
0.2 mm h− 1.

3. Results and discussion

3.1. Role of the sst_skin option on simulated daily precipitation

The section discusses the impact of the sst_skin option on simulated 
daily precipitation. The difference in PBIAS, |PBIAS|, and RMSE against 
TMPA between daily precipitation for simulation WRF-MYNN2.5-s (not 
activated the sst_skin option) and simulation WRF-MYNN2.5 (activated 
the sst_skin option) is shown in Fig. 4. During the rainy season, acti
vating the sst_skin option systematically reduces the dry bias of WRF- 
MYNN2.5 over both land and adjacent ocean areas. Over the Ca Mau 
Peninsula, the precipitation bias decreases from approximately − 40% to 
about − 10%, corresponding to a reduction in absolute bias magnitude of 
nearly 30%. Similar reductions of 10–40% are evident over the sur
rounding ocean, indicating that the improvement is not confined to land 
but extends offshore.

The spatial distribution of |PBIAS| confirms that these changes 
represent genuine reductions in bias magnitude rather than a simple 
shift in bias sign. Most coastal and offshore grid points show positive | 
PBIAS| differences of 10–40%, demonstrating that rainfall underesti
mation is substantially alleviated when the sst_skin option is activated. 
In contrast, differences in RMSE remain relatively small, generally 
below 2 mm day− 1 in both seasons, indicating that the primary 
improvement lies in the reduction of systematic bias rather than random 
error.

Physically, these improvements can be attributed to the more real
istic representation of diurnal SST variability. In WRF, the sst_skin op
tion computes a prognostic sea-surface skin temperature following the 
formulation of Zeng and Beljaars (2005), allowing SST to respond 
dynamically to radiative forcing and turbulent fluxes. By modifying the 
diurnal evolution of SST, the scheme alters surface sensible and latent 
heat fluxes, thereby influencing low-level thermodynamic instability 
and moisture availability. In tropical coastal environments such as the 
Ca Mau Peninsula, where the land–sea thermal contrast strongly mod
ulates sea-breeze circulations, enhanced daytime SST warming can 
intensify onshore flow and low-level convergence. This convergence is a 
well-recognized trigger for moist convection and supports inland prop
agation of precipitation systems, particularly during periods when large- 
scale synoptic forcing is weak (Zhu et al., 2017).

The stronger coupling between SST variability and surface turbulent 
fluxes, therefore, helps mitigate the systematic rainfall underestimation 
in the simulations activated the sst_skin option. The fact that bias re
ductions of up to 40% occur over both land and adjacent ocean regions 
underscores the importance of accurately representing air–sea interac
tion processes in tropical peninsular settings. These results demonstrate 
that improvements in precipitation simulation are dynamically 
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consistent with enhanced surface heat and moisture exchange and their 
influence on mesoscale coastal circulations.

3.2. Role of the PBL parameterization schemes on simulated daily 
precipitation

The section illustrates the impact of the PBL parameterization 
scheme on simulated daily precipitation over the Ca Mau Peninsula. 
Figs. 5 and 6 present the PBIAS and RMSE of daily precipitation for 
simulation WRF-MYNN2.5, WRF-MYJ, and WRF-ACM2 for the period 
2007–2013-2015 against TMPA. Particularly, our WRF-ACM2 experi
ments with the non-local PBL parameterization scheme ACM2 produce 
much more precipitation over the Ca Mau Peninsula and the surround
ing ocean in both the dry and rainy seasons, with PBIAS ranging from 10 
to 40% over the ocean region and 40 to 80% over the Ca Mau Peninsula. 
This is in good agreement with previous results by Wang et al. (2014), 
and these deviations correspond with the stronger low-level south
westerly flow over the East Asian summer monsoon.

For the two experiments employing local PBL parameterization 
schemes (WRF-MYJ and WRF-MYNN2.5), contrasting PBIAS in simu
lated rainfall is evident over the Ca Mau Peninsula. WRF-MYNN2.5 
systematically underestimates precipitation in both the dry and rainy 
seasons, with negative PBIAS values ranging from approximately − 10% 
to − 20%. In contrast, WRF-MYJ exhibits a pronounced seasonal 
dependence, with daily rainfall being substantially overestimated dur
ing the dry season, resulting in PBIAS values ranging from 20% to 80%. 
Conversely, an underestimation is observed during the rainy season, 
with PBIAS ranging from − 20% to 10%. As shown in Fig. 6, the differ
ences in RMSE against TMPA between WRF-MYJ and WRF-MYNN2.5 
are minor in both seasons. RMSE values for both experiments range 
from approximately 16–20 mm day− 1 during the rainy season and 4–8 
mm mm day− 1 during the dry season. By contrast, WRF-ACM2 under
performs, exhibiting larger errors with RMSE values of about 20–24 mm 
mm day− 1 in the rainy season and 8–12 mm day− 1 in the dry season.

Figs. S2 and S3 report the PBIAS and RMSE of daily precipitation for 
the WRF-MYNN2.5, WRF-MYJ, and WRF-ACM2 simulations for the 

Fig. 4. The difference in PBIAS against TMPA between simulated daily rainfall of WRF-MYNN2.5-s and WRF-MYNN2.5 in (a) rainy seasons, (b) dry seasons, and (c) 
whole years in 2007, 2013, and 2015. (d-f) Same as in (a-c) but for |PBIAS| against TMPA. (g-h) Same as in (a-c) but for RMSE against TMPA.
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period 2007–2013-2015 against CHIRPS 2.0. The superiority of CHIRPS 
2.0 lies in its high spatial resolution of 0.05◦, which is expected to 
capture more representative precipitation characteristics (Duan et al., 
2016). Furthermore, Guo et al. (2017) demonstrated that CHIRPS 2.0 
shows reasonable ability to identify and characterize drought events; 
thus, CHIRPS 2.0 is a reliable dataset, especially in the dry season. It is 
important to note that the daily rainfall, in this case, was accumulated 
over 24 h starting at 0000 UTC (0700 LT). There were no significant 
differences between PBIAS and RMSE of each WRF experiment against 
TMPA and CHIRPS 2.0 products, despite the fact that the CHIRPS 2.0 
resolution is finer than that of TMPA. The simulated rainfall amount 
from WRF-ACM2 shows inferior performance in both the dry and rainy 
seasons, with the highest RMSE and positive PBIAS values over the Ca 
Mau Peninsula. WRF-MYNN2.5 underestimates rainfall in both the rainy 
and dry seasons, while WRF-MYJ underestimates rainfall in the rainy 
season but overestimates in the dry season.

To quantitatively assess the performance of each WRF experiment, 

the PBIAS and RMSE of simulated daily rainfall compared to measure
ments at 24 stations, CHIRPS v2.0, and TMPA products over the Ca Mau 
Peninsula are listed in Table 2. For the dry season, the WRF-MYNN2.5 
experiment provided the smallest RMSE; conversely, the WRF-MYJ 
experiment reproduced the smallest RMSE in the rainy season 
Regarding the entire year, the WRF-MYJ experiment showed the 
smallest RMSE; however, the differences between the RMSE of the WRF- 
MYJ and WRF-MYNN2.5 experiments are negligible. In general, WRF- 
MYJ and WRF-MYNN2.5 experiments have comparable performance 
in simulating daily precipitation; apart from them, the WRF-ACM2 
experiment has the worst performance.

Fig. 7 presents the Taylor diagrams of daily, 5-day accumulated 
precipitation, and 10-day accumulated precipitation over 25 stations in 
the Ca Mau Peninsula in the dry season, rainy season, and the whole year 
for the period 2007–2013-2015. As shown in this figure, the CC value of 
daily precipitation in both dry and rainy seasons from three WRF ex
periments is relatively weak, about 0.30; the normalized standard 

Fig. 5. The performance of WRF experiments using different PBL parameterization schemes is illustrated by the PBIAS of daily rainfall relative to TMPA for the rainy 
(first column), dry (second column), and annual (third column) periods, in average for the years 2007, 2013, and 2015. Panels (a–c), (d–f), and (g–i) correspond to 
results from the WRF-MYNN2.5, WRF-MYJ, and WRF-ACM2 experiments, respectively.
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deviation of WRF-ACM2 is always highest, ranging from 1.1 to 1.4. 
Based on the colour-filled background, which indicates the experiment 
with the lowest RMSE, the experiment with the MYJ scheme over
whelms the simulation of daily precipitation in the rainy season and in 
the whole year. With respect to 5 days accumulated precipitation, the CC 
values from three experiments substantially increase, about 0.4–0.6, the 
standard deviation of WRF-ACM2 still has the highest values, between 
1.1 and 1.4, and experiment WRF-MYNN2.5 performs better than the 
other two experiments in the dry season and in the whole year. In terms 
of 10 days accumulated precipitation, the CC values from the three ex
periments range from 0.4 to 0.65; experiment MYJ outperforms in the 
rainy season and in the whole year. Taken together, these results suggest 
that WRF-MYNN2.5 has better skills compared to the others in the dry 
season, while WRF-MYJ outperforms in the rainy season.

For a detailed view of the performance of each experiment in 
simulating daily precipitation over the Ca Mau Peninsula, Fig. S5 pre
sents the Taylor diagram of daily precipitation for the separate years 
2007, 2013, and 2015. Taken as a whole, all experiments have the best 
performance in 2015 (the year with strong El Niño conditions) with the 

highest CC, a range of 0.33 to 0.40, and the smallest normalized RMSE. 
In all three years, WRF-ACM2 has the worst performance with the 
highest normalized standard deviation ranging from 1.29 to 1.35, and 
the lowest CC between 0.28 and 0.33. It is worth noting that in 2015 (a 
year with strong El Niño conditions) and 2007 (a year with strong La 
Niña conditions), WRF-MYNN2.5 performed well compared to the other 
experiments, while in 2013 (a year with neutral conditions), WRF-MYJ 
had the best skill in simulating daily precipitation.

3.3. Role of the PBL parameterization schemes and sst_skin option on 
simulated diurnal cycle of precipitation during rainy seasons

In the current section, we next evaluate the diurnal cycle of precip
itation simulated by all WRF experiments against the TMPA dataset, to 
explore the role of the PBL schemes and the sst_skin option on the 
simulated diurnal cycle of precipitation during rainy seasons over the Ca 
Mau Peninsula. For clarity, all analyses are presented in local time (LT; 
UTC + 7), which facilitates a direct comparison of daytime and night
time precipitation characteristics. Model-simulated rainfall was 

Fig. 6. Same as in Fig. 5 but for RMSE of simulated daily rainfall.
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composited into 3-hly intervals beginning at 0000 LT, consistent with 
TMPA.

Firstly, the role of PBL parameterization schemes in simulating the 
diurnal cycle of precipitation during rainy seasons is investigated. Fig. 8
displays the diurnal variations in rainfall frequency and rainfall amount 
averaged over the Ca Mau Peninsula during the rainy seasons of 2007, 
2013, and 2015 from the WRF experiment with different PBL parame
terization schemes and the sst_skin option activated. According to 
TMPA, rainfall frequency and intensity exhibit a pronounced afternoon 
maximum between 1300 and 1600 LT, in agreement with the findings of 
Takahashi et al. (2010), who identified an early-afternoon peak over 
coastal Indochina. The WRF simulations can reasonably mimic the 24-h 
evolution of rainfall, in terms of frequency and amount, although the 
rainfall frequency is generally underestimated. They can also capture 
the timing of the early afternoon peak of rainfall frequency and rainfall 
intensity, and the suppressed rainfall amount at night (2200–0100 LT), 
but fail to reproduce the suppressed rainfall frequency in the early 
morning (0400–0700 LT). Overall, all conducted gray-zone experiments 
show good performance in reproducing the diurnal cycle of 

precipitation. These results are consistent with recent findings by Lai 
et al. (2025), who demonstrated that high-resolution WRF simulations 
more accurately capture the diurnal cycle of summer rainfall over 
Mainland Southeast Asia, particularly along coastal and mountainous 
zones, than coarser reanalysis products.

It is found that the difference in the magnitude of diurnal rainfall 
between all experiments and TMPA is mainly attributed to the difference 
in nighttime (1900–0700 LT). No appreciable differences are found in 
simulated rainfall frequency among the three experiments. Conversely, 
simulated rainfall intensity from WRF-ACM2 is highly overestimated 
compared to TMPA and other experiments. Similar to the performance 
in simulating the seasonal variation of daily precipitation, the two ex
periments, WRF-MYNN2.5 and WRF-MYJ, can reproduce the diurnal 
cycle of rainfall more closely to the observed values over the Ca Mau 
Peninsula. Fig. 9 details the 3-hour mean in 1300–1600 LT (peak of the 
diurnal cycle) of rainfall intensity for the rainy season from TMPA 
observation, and the difference with three experiments. The results 
reveal that, compared to other experiments, WRF-MYNN2.5 appears to 
reproduce a more reasonable rainfall intensity with the smallest bias, 
especially over the western coastline of the Ca Mau Peninsula. This 
result points to the probability that WRF-MYNN2.5 is able to more 
accurately reproduce the convective systems that develop over the 
surrounding seas of the Ca Mau Peninsula and propagate to the western 
coastline.

To illustrate the tendency of diurnal rainfall cycle migration over the 
Ca Mau Peninsula during the rainy season, we use a Hovmöller diagram 
to capture the propagation along with its temporal evolution. The red 
box in Fig. 1, whose long sides are roughly perpendicular to the western 
coastline of the Ca Mau Peninsula, was defined to analyze this propa
gation. Fig. 10 shows the Hovmöller diagram for the time-coastal dis
tance cross-sections averaged along the coastal direction, based on 
TMPA as well as all WRF simulations for the aforementioned box.

According to TMPA, it is possible to confirm that there is an early 
morning peak over the eastern Gulf of Thailand, approximately 200 km 
away from the western coastline of the Ca Mau Peninsula. This peak then 
migrates eastward along the coastline, into the inland area, and results 
in a maximum by early afternoon. This early morning peak fits with the 
previous finding of Takahashi et al. (2010), who identified three early 
morning peaks over the Indochina peninsula area, including the eastern 
Bay of Bengal, the eastern Khorat Plateau, and the eastern Gulf of 
Thailand. It is found that WRF-MYNN2.5 produces a rainfall peak over 
the eastern Gulf of Thailand at about 1000–1300 LT, which is three 
hours later than that in TMPA. The rainfall peak over the western 
coastline of the Ca Mau Peninsula between 1300 and 1600 LT 

Table 2 
PBIAS and RMSE of simulated daily rainfall compared to measurements at 24 
stations, and CHIRPS 2.0 and TMPA satellite-based rainfall estimates over the Ca 
Mau Peninsula in 2007, 2013 and 2015. Bold numbers indicate experiments 
with lowest values of RMSE for each time period.

Experiment 
Name

WRF- 
MYNN2.5

WRF- 
MYJ

WRF- 
ACM2

WRF- 
MYNN2.5

WRF- 
MYJ

WRF- 
ACM2

PBIAS (%) RMSE (mm)

Stations
Rainy 

season
− 16.14 − 16.42 35.22 20.25 19.84 26.42

Dry season − 22.24 20.33 9.35 9.70 10.45 11.37
Year − 17.02 − 17.02 30.73 15.89 15.87 20.36

TMPA
Rainy 

season
− 7.02 − 10.00 47.72 16.92 16.34 24.30

Dry season − 29.20 11.70 0.70 7.49 8.63 9.66
Year − 11.32 − 5.77 38.57 13.12 13.10 18.55

CHIRPS
Rainy 

season
− 8.12 − 12.72 44.59 17.37 17.13 22.55

Dry season − 6.13 37.54 28.49 7.47 7.82 8.97
Year − 4.91 − 3.85 43.79 13.37 13.35 17.23

Fig. 7. The performance of WRF experiments employing different PBL parameterization schemes is assessed using Taylor diagrams for (a) daily, (b) 5-day, and (c) 
10-day accumulated rainfall. Results are shown for the WRF-MYJ (red symbols), WRF-MYNN2.5 (blue symbols), and WRF-ACM2 (orange symbols) experiments 
across the dry season, rainy season, and full year for 2007, 2013, and 2015. Experiments with the smallest RMSE are highlighted with a colour-filled background of 
the numbers indicating the reference period. (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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Fig. 8. Diurnal cycle of (a) rainfall frequency, and (b) rainfall amount averaged over the three southern provinces from TMPA (dashed black lines), WRF-ACM2 
(orange lines), WRF-MYJ (red lines), and WRF-MYNN2.5 (blue lines) in the rainy seasons of 2007, 2013, and 2015. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 9. (a) Mean 3-hourly TMPA rainfall intensity during the peak of the diurnal cycle (i.e., 13–16 LT) in the rainy seasons of 2007, 2013, and 2015. Difference 
between the mean 3-hourly rainfall intensity in the same period from (b) WRF-MYNN2.5, (c) WRF-MYJ, and (d) WRF-ACM2 experiments and the TMPA average 
shown in (a).
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corresponds well with TMPA, and the inland propagation afterwards is 
reasonably captured. The overall magnitude of the diurnal cycle in WRF- 
MYNN2.5 is also close to the observed. On the other hand, both WRF- 
MYJ and WRF-ACM2 fail to capture the above-mentioned diurnal fea
tures. In particular, WRF-MYJ produces the early morning peak that is 
too weak over the eastern Gulf of Thailand (with the underestimation of 
about 0.2 mm h− 1 compared to TMPA; Fig. 8c) and the early afternoon 
peak that is too strong overland (with the overestimation of about 0.2 
mm h− 1 compared to TMPA). Whereas, WRF-ACM2 produces a morning 
peak which is three hours earlier and stronger over the eastern Gulf of 
Thailand (with the overestimation of about 0.1 mm h− 1 compared to 
TMPA; Fig. 8d), and the early afternoon peak is much stronger overland 
(with the overestimation of about 0.5 mm h− 1 compared to TMPA). 
Compared to other experiments, it is obvious that WRF-MYNN2.5 out
performs the other simulations in capturing the diurnal rainfall over the 
Ca Mau Peninsula.

Additionally, we inspect the performance of all WRF experiments 
without using the sst_skin option for simulating diurnal cycle migration 
over the Ca Mau Peninsula during the rainy season (Fig. S4). Again, 
compared with experiments without using the sst_skin option, those 

using the sst_skin option simulate a more realistic magnitude of both the 
diurnal peak over the eastern Gulf of Thailand and overland. For 
instance, WRF-MYNN2.5-s produces an afternoon peak over the western 
coastline of the Ca Mau Peninsula, which is too early (1000–1300 LT; 
Fig. S4b), whereas WRF-MYNN2.5 is able to accurately capture this one 
(Fig. 10b). Likewise, WRF-ACM2-s (Fig. S4d) overestimates both the 
morning peak over the Gulf of Thailand by about 0.4 mm h-1 and the 
early afternoon peak overland by about 0.5 mm h-1, while WRF-ACM2 
overestimates the morning peak by about 0.1 mm h-1 (Fig. 10d).

3.4. Role of the PBL parameterization schemes on simulated daily PET

This section attempts to attribute the differential performance be
tween WRF simulations using different PBL parameterization schemes in 
simulating daily PET over the Ca Mau Peninsula. Figs. 11 and 12 show 
the PBIAS and RMSE of daily PET for simulations WRF-MYNN2.5, WRF- 
MYJ, and WRF-ACM2 for the period 2007–2013-2015 compared to 
ERA5. Yellow shading denotes ocean grid points, for which PET values 
are not available. While the WRF-MYNN2.5 experiment has a negative 
bias in both dry and rainy seasons, the other two experiments tend to 

Fig. 10. Hovmöller diagrams of the mean diurnal cycles latitudinally averaged over 8.25–10.5◦N, 99.875–106.125◦E (see red rectangle in Fig. 1) for the rainy 
seasons in 2007, 2013, and 2015 from (a) TMPA, and from (b) WRF-MYNN2.5, (c) WRF-MYJ, and (d) WRF-ACM2 experiments. Vertical dashed lines show the 
approximate location of the western coastline of the Ca Mau Peninsula. (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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produce a positive bias in the rainy season and a negative bias in the dry 
season over the Ca Mau Peninsula. The RMSE of daily PET over the Ca 
Mau Peninsula in the dry season is greater than in the rainy season by all 
three experiments (see Table 3). Based on the RMSE, all three experi
ments exhibit comparable performances when compared with ERA5; the 
discrepancies are insignificant, with a maximum RMSE value of 1.33 
mm day− 1 and a minimum value of 1.29 mm day− 1 (see Table 3).

Fig. 13 presents the Taylor diagram of daily PET at three stations 
over the Ca Mau Peninsula for simulations WRF-MYNN2.5, WRF-MYJ, 
and WRF-ACM2 for the period 2007–2013-2015, compared to PET 
calculated from the Penman-Monteith equation. Overall, all three ex
periments show better performance in the dry season compared to the 
rainy season, and exhibit negative biases (underestimation) in both 
seasons. The WRF-MYNN2.5 experiment exhibits the highest CC in both 
the dry season (about 0.65) and the rainy season (about 0.45). In 
addition, the WRF-MYNN2.5 experiment yields the smallest RMSE in 
both dry and rainy seasons, with values of approximately 1.25 mm 

day− 1 in the rainy season and 1.15 mm day− 1 in the dry season (see 
Table 3).

Wind speed at 10-m height and net radiation are the main variables 
that affect PET, and WRF-MYNN2.5 tends to simulate these values more 
accurately than WRF-MYJ and WRF-ACM2 (Table 4). The WRF- 
MYNN.2.5 experiment exhibits the smallest RMSE by 1.54 m s− 1 on 
simulating wind speed at 10-m height, and 3.33 MJ m− 2 on simulating 
net radiation. Generally, in both the rainy and dry seasons, net radiation 
is well simulated by all experiments, with the PBIAS ranging from − 19 
to 1%, and RMSE ranging from 3.27 to 3.97 MJ m− 2. However, all ex
periments have comparatively poor performance in simulating wind 
speed at 10-m height over the years, with PBIAS ranging from 51% to 
66% during the rainy season and 73% to 87% during the dry season.

The high positive bias in wind speed at 10-m height, especially 
during the dry season, appears to be a major contributor to the bias in 
PET. We advocate the assumption that this bias is primarily driven by 
land-use data that is not properly considered by our WRF model setup. In 

Fig. 11. Same as in Fig. 5 but for daily PET from the experiments compared to ERA5. 
Yellow shading denotes ocean grid points, for which PET values are not available. (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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line with Xu et al. (2017) and Bughici et al. (2019), our results 
demonstrate that wind speed at 10-m height bias plays a crucial role in 
driving biases in simulated PET.

Table 3 also presents the PBIAS and RMSE of simulated PET from all 
experiments compared to GGI-3000 data at the two stations, Ca Mau and 
Can Tho. In the rainy season, the WRF-MYNN2.5 experiment generates 
the smallest RMSE (about 1.08 mm day− 1); meanwhile, in the dry sea
son, the WRF-MYJ experiment exhibits the smallest RMSE (1.01 mm 
day− 1). In terms of the entire year, the WRF-MYNN2.5 experiment ex
hibits the best performance in simulating PET, with the smallest RMSE of 
1.09 mm day− 1. In general, these results suggest that, similar to what is 
presented for precipitation, the WRF-MYNN2.5 experiment outperforms 
in capturing the PET over the Ca Mau Peninsula.

3.5. Physical mechanisms of PBL and SST sensitivity

The statistical results indicate that MYNN2.5, particularly when 
combined with the sst_skin option, provides the most realistic simulation 

of precipitation and PET over the Ca Mau Peninsula. To provide a 
physically grounded interpretation of these differences, this section links 
the model behavior to established quantitative findings on boundary- 
layer turbulence, moisture transport, and coastal convection processes.

Turbulent mixing within the planetary boundary layer governs the 
vertical transport of heat, moisture, and momentum and is typically 
parameterized using eddy-diffusivity formulations (Shin and Dudhia, 
2016). Differences among PBL schemes, therefore, correspond to dif
ferences in effective turbulent diffusivity and mixing depth. Observa
tionally constrained simulations over tropical sites have shown that 
variations in PBL parameterization can produce differences of several 
hundred meters in boundary-layer height and substantial changes in 
surface fluxes and vertical profiles of temperature and humidity 
(Hariprasad et al., 2014).

The primary structural distinction among the schemes considered 
here lies in the representation of vertical transport. MYNN2.5 and MYJ 
are local TKE-based schemes, in which turbulent fluxes depend on local 
gradients and prognosed turbulence, thereby limiting vertical exchange 

Fig. 12. Same as in Fig. 6 but for daily PET from the experiments compared to ERA5. 
Yellow shading denotes ocean grid points, for which PET values are not available. (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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between adjacent layers. In contrast, ACM2 includes a non-local 
component that permits vertically coherent transport across the full 
boundary-layer depth. Previous studies over the Asian monsoon region 
have quantified that such non-local mixing can increase boundary-layer 
depth and enhance upward moisture transport into the lower free 
troposphere, leading to higher moist static energy and stronger 
convective instability (Wang et al., 2014; Que et al., 2016; Jia et al., 
2023).

These differences in turbulent transport provide a physically 

consistent explanation for the precipitation biases identified in this 
study. Over the Ca Mau Peninsula, the ACM2 configuration produces a 
substantial wet bias and higher RMSE relative to MYNN2.5, particularly 
during the rainy season. Enhanced vertical mixing in ACM2 likely in
creases the vertical flux of moisture and heat, promoting greater 
convective available potential energy (CAPE) and intensifying precipi
tation. In contrast, MYNN2.5 constrains vertical redistribution more 
effectively, limiting excessive moisture accumulation in the lower 
troposphere and yielding precipitation closer to observations. Similar 
relationships between mixing intensity, moisture profiles, and convec
tive rainfall have been quantitatively demonstrated in previous WRF 
model studies (Hariprasad et al., 2014; Que et al., 2016).

The influence of PBL formulation is further amplified by the coastal 
setting of the Ca Mau Peninsula. Coastal rainfall systems are strongly 
modulated by land–sea interactions, which can account for a substantial 
fraction of total precipitation in tropical regions (Bergemann et al., 
2015; Bergemann and Jakob, 2016; Zhu et al., 2017). In such environ
ments, turbulent mixing interacts with mesoscale circulations, including 
boundary-layer jets and sea–land breeze systems. Recent studies over 
the East Sea (South China Sea) in Vietnam have shown that variations in 
PBL mixing can alter boundary-layer jet strength and low-level moisture 
convergence, leading to significant differences in coastal precipitation 
(Wang et al., 2014; Shen and Du, 2023). In addition, PBL schemes have 
been shown to modify the timing and intensity of sea–land breeze cir
culations, thereby influencing the diurnal cycle of convection (He et al., 
2022). The diurnal characteristics of precipitation in the present simu
lations are consistent with these mechanisms. During the peak convec
tive period (1300–1600 LT), WRF-ACM2 exhibits a substantially 
stronger overestimation of rainfall intensity than WRF-MYNN2.5. This 
behavior is consistent with enhanced moisture transport and convective 
amplification under stronger mixing conditions, as documented in pre
vious monsoon studies (Wang et al., 2014; Que et al., 2016; Qian et al., 
2016), where differences in vertical moisture flux were directly linked to 
differences in precipitation intensity.

Surface energy processes provide an additional pathway by which 
PBL formulation affects precipitation. Stronger vertical mixing, espe
cially in non-local schemes, can enhance upward latent heat flux over 
warm ocean surfaces and thereby increase moisture supply to the 
boundary layer (Cha et al., 2008; Qian et al., 2016). In simulations with 
prescribed SST, this enhanced evaporative forcing is not compensated 
by ocean cooling, which may sustain excessive moisture supply and 
amplify convective rainfall through a positive feedback (Wang et al., 
2014; Cha et al., 2008). The sst_skin option partly alleviates this limi
tation by allowing the skin temperature to respond to radiative forcing 
and turbulent exchange, thereby modifying surface heat flux partition
ing (Zeng and Beljaars, 2005; Brunke et al., 2008; Shi et al., 2024). The 
10–40% reduction in precipitation bias after activating sst_skin (Section 

Table 3 
PBIAS and RMSE of simulated daily PET compared to station data (Penman- 
Monteith and GGI-3000) and ERA5 over the Ca Mau Peninsula in 2007, 2013, 
and 2015. Bold numbers indicate experiments with the lowest values of RMSE 
for each time period.

Experiment 
Name

WRF- 
MYNN2.5

WRF- 
MYJ

WRF- 
ACM2

WRF- 
MYNN2.5

WRF- 
MYJ

WRF- 
ACM2

PBIAS (%) RMSE (mm)

Stations (Penman-Monteith)
Rainy 

season
− 14.13 − 8.79 − 4.15 1.26 1.42 1.31

Dry season − 14.47 − 16.25 − 8.65 1.15 1.41 1.17
Year − 14.30 − 12.64 − 6.47 1.21 1.42 1.24

Stations (GGI-3000)
Rainy 

season
− 7.90 15.00 5.89 1.08 1.32 1.35

Dry season − 15.21 − 4.62 − 7.70 1.11 1.01 1.15
Year − 11.79 4.55 − 1.35 1.09 1.17 1.25

ERA5
Rainy 

season
− 7.85 14.57 5.23 1.09 1.27 1.26

Dry season − 21.33 11.41 − 15.19 1.50 1.31 1.40
Year − 15.31 0.20 − 6.06 1.31 1.29 1.33

Fig. 13. Taylor diagram of daily PET for experiments WRF-MYJ (red symbols), 
WRF-MYNN2.5 (blue symbols), and WRF-ACM2 (orange symbols) at three 
stations over the Ca Mau Peninsula in the dry seasons, rainy seasons, and whole 
years in 2007, 2013, and 2015. Experiments with the smallest RMSE are 
highlighted with a colour-filled background of the numbers indicating the 
reference period. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.)

Table 4 
PBIAS and RMSE of simulated daily 10-m wind speed and net radiation 
compared to station data over the Ca Mau Peninsula in 2007, 2013, and 2015. 
Bold numbers indicate experiments with the lowest values of RMSE for each time 
period.

Experiment 
Name

WRF- 
MYNN2.5

WRF- 
MYJ

WRF- 
ACM2

WRF- 
MYNN2.5

WRF- 
MYJ

WRF- 
ACM2

10-m wind 
speed

PBIAS (%) RMSE (m s− 1)

Rainy 
season

51.10 66.44 56.04 1.48 1.84 1.64

Dry season 73.89 87.70 82.51 1.59 1.87 1.74
Year 61.48 76.12 68.09 1.54 1.85 1.69
Daily net 

radiation
PBIAS (%) RMSE (MJ m− 2)

Rainy 
season

− 10.87 − 2.87 1.0 3.27 3.79 3.63

Dry season − 19.01 − 15.71 − 11.63 3.39 3.97 3.40
Year − 15.04 − 9.45 − 5.45 3.33 3.87 3.52
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3.1; Fig. 4) therefore suggests that part of the bias in the sst_skin-off 
experiments arises from unresolved air–sea thermodynamic coupling, 
consistent with previous studies showing that diurnal SST variability 
modulates surface turbulent fluxes and convection in tropical and 
coastal environments (Seo et al., 2014; Senatore et al., 2014; Busquets 
et al., 2025).

Overall, the results can be understood as a coherent process chain 
linking PBL mixing intensity, vertical moisture transport, convective 
instability, coastal circulation dynamics, and surface energy feedbacks. 
The improved performance of MYNN2.5 suggests that it provides a more 
balanced representation of these coupled processes in a tropical coastal 
environment.

4. Conclusions

In this study, we investigated the sensitivity of daily precipitation, 
the diurnal cycle of precipitation, and daily PET to the PBL parameter
ization scheme and the sst_skin option (which allows diurnally varying 
SST calculations) in the WRF model over the Ca Mau Peninsula, with a 
key strength being the use of fairly dense in-situ station observations as a 
reliable reference for evaluation. The overarching objective was to 
identify an optimal combination of physics parameterizations capable of 
reliably simulating the regional freshwater flux. To our knowledge, this 
study represents the first attempt to simultaneously simulate both 
rainfall and PET for the Ca Mau Peninsula using gray-zone (5 km) WRF 
experiments. The principal findings of this work can be summarized as 
follows: 

1) The results for simulating daily precipitation are similar using local 
closure PBL schemes, including MYJ and MYNN2.5. These two local 
closure schemes better represent the precipitation observations 
compared to the non-local closure ACM2 scheme. In the dry season, 
the spatial distribution from both experiments is better than that in 
the rainy season. During the rainy season, dry biases prevail for the 
MYJ and MYNN2.5 schemes over the Ca Mau Peninsula and the 
surrounding sea, while ACM2 leads to wet biases over the Ca Mau 
Peninsula. Although the non-local ACM2 scheme has been shown to 
outperform local-closure schemes in simulating precipitation over 
several regions (Meroni et al., 2021; Huang et al., 2023; Reddy et al., 
2023), its application over the Ca Mau Peninsula proves unsatisfac
tory, as it consistently overestimates rainfall in both seasons. With 
respect to the sst_skin option, the results suggest that increasing the 
temporal resolution of the SST variable by activating this option may 
diminish the biases caused by the PBL parameterization scheme over 
not only the Ca Mau Peninsula but also the surrounding ocean. By 
using this option in conjunction with the MYNN2.5 scheme, the 
PBIAS could be reduced by 10–40% in the Ca Mau Peninsula region.

2) Regarding the diurnal cycle of precipitation, gray-zone WRF exper
iments can reasonably reproduce its characteristics in the Ca Mau 
Peninsula. However, the rainfall frequency and rainfall amount in all 
runs are noticeably underestimated at night (1900–0400 LT). The 
WRF-MYNN2.5 experiment can produce a diurnal rainfall peak near 
the coast of the Ca Mau Peninsula (approximately 200 km from the 
western coastline) with a magnitude similar to the observed one. The 
inland rainfall peak in the early afternoon was also captured in the 
WRF-MYNN2.5 simulations. Conversely, the WRF-MYJ and WRF- 
ACM2 experiments produce a morning peak near the seaside of Ca 
Mau Peninsula that is too early, and the inland afternoon peak is too 
strong, independently of the sst_skin option.

3) In terms of PET, performance indicator results reveal WRF-MYNN2.5 
as the best performer. The wind speed at 10-m height was the major 
contributor to the PET bias in our study.

The above-mentioned findings suggest that the choice of the PBL 
parameterization scheme and the sst_skin option has a fairly positive 
impact on the freshwater flux simulation over the Ca Mau Peninsula. 

Among the tested experiments, the WRF–MYNN2.5 scheme combined 
with the activation of the sst_skin option yields the most accurate rep
resentation of freshwater flux over the Ca Mau Peninsula and therefore 
constitutes the most appropriate choice for subsequent investigations. 
These results are similar to those of Lai et al. (2025), who demonstrated 
that in gray-zone simulations of the Indian summer monsoon, rainfall 
sensitivity was significantly influenced by the selection of the PBL 
scheme, while changes in microphysics had a comparatively minor ef
fect. It should be noted, however, that this interpretation remains 
literature-based rather than directly diagnosed from model output. 
Future work should explicitly analyze boundary-layer depth, vertical 
moisture fluxes, and turbulence-related variables to further quantify the 
mechanisms inferred here.

Under global warming, spatial and temporal variability in freshwater 
flux is projected to intensify, reinforcing the paradigm of “wet gets 
wetter, dry gets drier” (Chou et al., 2013; Byrne and O'Gorman, 2015; 
Ficklin et al., 2022; Allan, 2023). Such changes carry profound impli
cations for human livelihoods, socioeconomic development, and 
ecosystem resilience (Allan et al., 2020; Huggins et al., 2022), particu
larly in regions such as the Ca Mau Peninsula, where aquaculture and 
agriculture are dominant. To cope with these changes, a solid under
standing of the freshwater flux over the Ca Mau Peninsula is required. 
This study, thus, can provide important guidelines for understanding the 
sensitivity of two components of the freshwater flux, including precip
itation and PET, to physical parameterization in gray-zone scales (5 km) 
RCMs. The model demonstrates encouraging skill in reproducing the 
diurnal cycle of precipitation and daily PET, though its performance in 
simulating daily precipitation remains more limited. Building on these 
results, a decade-long simulation is planned to provide a more 
comprehensive perspective on freshwater flux over the Ca Mau Penin
sula. Additionally, land-use change emerges as a key factor that warrants 
further investigation. The rapid expansion of aquaculture since 2000 has 
transformed land-use over the Ca Mau Peninsula (Phan et al., 2021), 
potentially altering near-surface wind speeds, a primary driver of PET 
biases. Incorporating land-use change into future simulations will 
therefore be crucial for refining the assessment of freshwater flux in this 
vulnerable region.
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Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.atmosres.2026.109029.

Data availability

All data used in this study are openly available and can be freely 
downloaded from: 1) The 3-hourly TMPA global rainfall dataset: 
https://disc.gsfc.nasa.gov/datasets/TRMM_3B42_7/. 2) The daily 
CHIRPS v2.0 rainfall dataset: https://data.chc.ucsb.edu/products/ 
CHIRPS-2.0/. 3) Monthly Oceanic Niño Index: https://origin.cpc.ncep. 
noaa.gov/products/analysis_monitoring/ensostuff/ONI_v5.php. 4) The 
hourly ERA-5 reanalysis dataset: https://cds.climate.copernicus.eu/ 
datasets/reanalysis-era5-single-levels?tab=download.
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