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Abstract

Freshwater flux is a critical controlling factor for food production, ecosystem functioning, and socio-

economic stability in the Vietnamese Mekong Delta, particularly over the Ca Mau Peninsula, which

represents the country’s most important aquaculture region. Rapid land-use and land-cover change

(LULCC) over recent decades has substantially altered land-atmosphere interactions, increasing uncer-

tainty in regional freshwater flux estimates. This dissertation aims to improve the simulation of fresh-

water fluxes over the Ca Mau Peninsula by applying the Advanced Research Weather Research and

Forecasting (WRF-ARW) model at a 5-km gray-zone resolution for the period 2007–2016, explicitly

accounting for physical parameterization choices and LULCC effects.

Freshwater flux is assessed as the difference between precipitation and evapotranspiration, us-

ing both potential evapotranspiration (PET) and actual evapotranspiration (AET) concepts. The study

pursues three main objectives: (i) identifying an optimal configuration of WRF-ARW physical param-

eterizations for freshwater flux simulation, (ii) evaluating the long-term performance of the optimized

configuration in reproducing daily precipitation, its diurnal cycle, and daily PET, and (iii) quantifying

the response of freshwater flux components to updated/more realistic LULC datasets and hypothetical

LULC scenarios.

Sensitivity experiments indicate that, at a 5-km resolution, the most reliable physical parameteriza-

tion combines explicit convection (without cumulus parameterization), activation of sst_skin option, the

Mellor-Yamada-Nakanishi-Niino Level 2.5 (MYNN2.5) planetary boundary layer (PBL) scheme, and

the dynamic vegetation option within the Noah Land Surface Model with Multiparameterization options

(Noah-MP). This experiment consistently yields the best overall performance across daily and diurnal

cycles of precipitation and daily PET, outperforming alternative schemes. Enabling the sst_skin option

reduces precipitation biases and improves the representation of coastal diurnal rainfall peaks, while the

MYNN2.5 PBL scheme provides the most balanced performance across precipitation and PET.

Long-term simulations demonstrate that WRF-ARW accurately captures the spatial distribution

and seasonal contrast in daily precipitation, with higher rainfall during the rainy season and significantly

lower rainfall during the dry season. The dominant early-afternoon rainfall peak is well-reproduced,

although rainfall frequency and nighttime precipitation are generally underestimated, resulting in a per-

sistent dry bias relative to Climate Hazard Infrared Precipitation with Stations (CHIRPS), Tropical Rain-

fall Measuring Mission (TRMM) Multisatellite Precipitation Analysis (TMPA), and station observations.

Despite these limitations, the model reliably captures the phase and structure of the diurnal precipitation

cycle. WRF-ARW also demonstrates strong capability for simulating daily PET, with good agreement



with Daily Potential Evapotranspiration (DPET) data, the ECMWF fifth-generation reanalysis (ERA5),

and station-based references. PET exhibits a systematic negative bias, primarily driven by uncertainties

in the 10-m wind speed simulation, but the model successfully reproduces the seasonal evolution and

spatial homogeneity of PET, supporting its use for freshwater flux assessment.

Analysis of LULCC impacts reveals that updated/more realistic LULC datasets exert only minor

effects on domain-scale precipitation and PET, whereas extreme hypothetical scenarios induce substan-

tial changes, particularly in precipitation timing and PET magnitude. In contrast, AET is highly sensitive

to LULCC, with differences primarily controlled by changes in transpiration associated with altered veg-

etation cover. Representing aquaculture areas as permanent wetlands is found to be more physically

defensible than treating them as open water bodies, although current wetland parameterizations in Noah-

MP remain simplified.

Using the most realistic observed LULC scenario, the model produces a physically consistent sea-

sonal freshwater flux cycle, closely matching estimates from TMPA and DPET. While LULCC effects

on freshwater flux, defined as precipitation minus PET, are negligible at the regional scale, they become

critical when freshwater flux is defined as precipitation minus AET, highlighting the dominant role of

transpiration.

Overall, this dissertation demonstrates that WRF-ARW, when properly configured, provides a ro-

bust tool for assessing long-term freshwater fluxes over the Ca Mau Peninsula under LULCC, offering

valuable insights for water resource management and climate impact studies in the Vietnamese Mekong

Delta.



Zusammenfassung

Der Süßwasserfluss stellt einen zentralen Steuerungsfaktor für die Nahrungsmittelproduktion, die Funk-

tionsfähigkeit von Ökosystemen sowie die sozioökonomische Stabilität im vietnamesischen Mekong-

delta dar, insbesondere auf der Ca-Mau-Halbinsel, die als wichtigste Aquakulturregion Vietnams gilt.

In den vergangenen Jahrzehnten haben rasche Landnutzungs- und Landbedeckungsänderungen (Land

Use and Land Cover Change, LULCC) die Wechselwirkungen zwischen Landoberfläche und Atmosphä-

re erheblich verändert und damit die Unsicherheiten bei der regionalen Abschätzung des Süßwasser-

flusses deutlich erhöht. Ziel dieser Dissertation ist es, die Simulation von Süßwasserflüssen über der

Ca-Mau-Halbinsel zu verbessern, indem das Advanced Research Weather Research and Forecasting-

Modell (WRF-ARW) mit einer grauzonenspezifischen horizontalen Auflösung von 5 km für den Zeit-

raum 2007–2016 eingesetzt wird, unter expliziter Berücksichtigung physikalischer Parametrisierungs-

entscheidungen sowie der Effekte von LULCC.

Der Süßwasserfluss wird als Differenz zwischen Niederschlag und Evapotranspiration quantifi-

ziert, wobei sowohl das Konzept der potenziellen Evapotranspiration (PET) als auch der tatsächlichen

Evapotranspiration (AET) herangezogen wird. Die Arbeit verfolgt drei zentrale Zielsetzungen: (i) die

Identifikation einer optimalen Konfiguration physikalischer Parametrisierungen im WRF-ARW-Modell

für die Simulation von Süßwasserflüssen, (ii) die Bewertung der langfristigen Leistungsfähigkeit dieser

optimierten Konfiguration hinsichtlich der Reproduktion des täglichen Niederschlags, seines diurnalen

Zyklus sowie der täglichen PET und (iii) die Quantifizierung der Reaktion der einzelnen Komponenten

des Süßwasserflusses auf aktualisierte, realistischere Landnutzungsdatensätze sowie auf hypothetische

LULC-Szenarien.

Sensitivitätsexperimente zeigen, dass bei einer horizontalen Auflösung von 5 km die zuverläs-

sigste Modellkonfiguration durch eine explizite Darstellung der Konvektion (ohne Kumulusparametri-

sierung), die Aktivierung der sst_skin-Option, die Verwendung des planetaren Grenzschichtschemas

Mellor-Yamada-Nakanishi-Niino der Stufe 2.5 (MYNN2.5) sowie die dynamische Vegetationsdarstel-

lung im Noah-Landoberflächenmodell mit Mehrfachparametrisierung (Noah-MP) erreicht wird. Diese

Konfiguration liefert über verschiedene Zeitskalen hinweg – insbesondere für tägliche und tageszeitli-

che Zyklen von Niederschlag und täglicher PET – die insgesamt beste Modellleistung und übertrifft

alternative Parametrisierungsansätze. Die Aktivierung der sst_skin-Option reduziert systematische Nie-

derschlagsabweichungen und verbessert die Darstellung küstennaher diurnaler Niederschlagsmaxima,

während das MYNN2.5-Grenzschichtschema eine ausgewogene Simulation sowohl des Niederschlags

als auch der PET ermöglicht.



Langzeitsimulationen belegen, dass WRF-ARW die räumliche Verteilung sowie den saisonalen

Kontrast des täglichen Niederschlags realistisch erfasst, mit erhöhten Niederschlagsmengen während der

Regenzeit und deutlich geringeren Werten in der Trockenzeit. Das dominante Niederschlagsmaximum

am frühen Nachmittag wird gut reproduziert, während die Niederschlagshäufigkeit sowie nächtliche Nie-

derschläge tendenziell unterschätzt werden, was zu einem persistierenden Trockenbias im Vergleich zu

CHIRPS-, TRMM-TMPA- und stationsbasierten Beobachtungen führt. Trotz dieser Einschränkungen

bildet das Modell die Phasenlage und Struktur des diurnalen Niederschlagszyklus zuverlässig ab. Dar-

über hinaus zeigt WRF-ARW eine hohe Leistungsfähigkeit bei der Simulation der täglichen PET, mit

guter Übereinstimmung zu DPET-Datensätzen, der ERA5-Reanalyse sowie stationsbasierten Referen-

zen. Ein systematischer negativer Bias der PET ist überwiegend auf Unsicherheiten in der Simulation

der 10-m-Windgeschwindigkeit zurückzuführen, während die saisonale Entwicklung und die räumliche

Homogenität der PET insgesamt gut reproduziert werden.

Die Analyse der Auswirkungen von LULCC zeigt, dass realistische, beobachtungsbasierte Land-

nutzungsdatensätze nur geringe Effekte auf domänenweite Niederschläge und PET aufweisen, wohin-

gegen hypothetische Extremszenarien substanzielle Veränderungen hervorrufen, insbesondere hinsicht-

lich des zeitlichen Auftretens des Niederschlags sowie der Größenordnung der PET. Im Gegensatz dazu

reagiert die AET äußerst sensitiv auf LULCC, wobei die Unterschiede primär durch Änderungen der

Transpiration infolge variierender Vegetationsbedeckung bestimmt werden. Die Darstellung von Aqua-

kulturflächen als permanente Feuchtgebiete erweist sich dabei als physikalisch konsistenter als ihre

Behandlung als offene Wasserflächen, wenngleich die derzeitigen Feuchtgebietparametrisierungen im

Noah-MP-Modell weiterhin vereinfacht sind.

Unter Verwendung des realistischsten beobachtungsbasierten LULC-Szenarios reproduziert das

Modell einen physikalisch konsistenten saisonalen Zyklus des Süßwasserflusses, der eng mit Schätzun-

gen aus TMPA- und DPET-Datensätzen übereinstimmt. Während die Effekte von LULCC auf den Süß-

wasserfluss, definiert als Niederschlag minus PET, auf regionaler Skala vernachlässigbar sind, gewinnen

sie erheblich an Bedeutung, wenn der Süßwasserfluss als Niederschlag minus AET definiert wird, was

die dominante Rolle der Transpiration unterstreicht.

Insgesamt zeigt diese Dissertation, dass WRF-ARW bei geeigneter Konfiguration ein robustes In-

strument zur Analyse langfristiger Süßwasserflüsse über der Ca-Mau-Halbinsel unter Berücksichtigung

von LULCC darstellt und damit eine fundierte Grundlage für wasserwirtschaftliche Anwendungen sowie

für Klimafolgenstudien im vietnamesischen Mekongdelta liefert.
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1. Introduction

The Mekong Delta is one of the world’s three largest deltas (Coleman et al., 2003). The Vietnamese part

of the Mekong Delta was home to 17 million people in 2020. It plays a crucial role in Vietnam’s so-

cioeconomic development, supplying 55% of the country’s rice and other agricultural products (General

Statistics Office of Vietnam, 2023). While playing a central role in the national economy, the delta is

particularly exposed to relative sea-level rise owing to its exceptionally low elevation, which averages

around 0.8 m above mean sea level (Minderhoud et al., 2019). This vulnerability is further exacerbated

by land subsidence, a widespread process affecting more than half of the world’s major deltas, where

subsidence rates often surpass the magnitude of global mean sea-level rise (Syvitski et al., 2009). From

a global perspective, the Vietnamese Mekong Delta is identified as one of the regions experiencing the

greatest impacts. Recent observational analyses and modelling investigations consistently indicate pro-

nounced rates of land subsidence across the Vietnamese Mekong Delta (e.g., Erban et al., 2014; Minh

et al., 2015; Minderhoud et al., 2017). Notably, reported subsidence rates in this region exceed global

mean sea-level rise by approximately an order of magnitude (Erban et al., 2014). A major problem is

the land subsidence mentioned, which has been affecting the Vietnamese Mekong Delta for more than

15 years. It has been mainly attributed to the excessive extraction of groundwater (e.g., Minderhoud

et al., 2017; Erban et al., 2014), which might be accelerated by additional loading due to the recent

intensive construction activity (Minderhoud et al., 2018). Results from a coupled hydrogeological and

geomechanical modelling approach indicate that the Vietnamese Mekong Delta underwent mean land

subsidence of roughly 1.1 cm yr−1 during 1990–2015, largely driven by intensive groundwater extrac-

tion (Minderhoud et al., 2017). In heavily exploited zones, subsidence rates were substantially higher,

locally exceeding 2.5 cm yr−1. Over this period, demand for groundwater, the primary source of freshwa-

ter in the Vietnamese Mekong Delta (Wagner et al., 2012), intensified due to Vietnam’s robust economic

growth. Land subsidence poses several bioenvironmental challenges, including saltwater intrusion into

surface and groundwater, a lack of clean drinking water during dry periods, and increased vulnerability

to storm-surge-related flooding.

Because of these anthropogenic threats, solutions need to be explored to at least reduce the amount

of groundwater being abstracted in order to reduce or even stop the high rates of subsidence. One so-

lution to reduce pressure on groundwater resources is to utilize rainwater for irrigation and potentially

as a source of drinking water, as outlined in the ViWAT Engineering proposal. This requires collecting,

storing, and possibly treating rainwater. Additionally, its availability during the dry season and peri-

ods of drought must be ensured. The scientific challenge is to quantitatively assess the spatiotemporal

1



1. Introduction

variability of the difference between precipitation and evapotranspiration or the freshwater flux over the

Vietnamese Mekong Delta.

To address this issue, we first need to determine the precipitation over the Vietnamese Mekong

Delta. The regional rainfall regime exhibits a pronounced seasonal contrast, characterized by a dry pe-

riod extending from November to April and a rainy season occurring between May and October (Nguyen

et al., 2014a). This results in a surplus of available water during the rainy season, but a deficit during

the dry season. Additionally, rainfall during the rainy season is often convective, meaning that very high

amounts of precipitation occur over a short period rather than a large area. The El Niño-Southern Oscilla-

tion (ENSO) exerts a significant control on interannual rainfall variability across the Vietnamese Mekong

Delta. While excess rainfall occurs during La Niña events (Gobin et al., 2016), dry season droughts are

associated with El Niño events; a recent example with strong impacts is the 2015/2016 Mekong Delta

drought (Nations, 2016). To evaluate precipitation, this study utilizes observation data from fairly dense

ground-based rain gauge networks, along with several satellite-derived rainfall datasets.

A significant challenge is determining actual evapotranspiration (AET), i.e., the sum of evapora-

tion from soil and leaves and transpiration from plants. Although the Vietnamese Mekong Delta hosts

a relatively dense network of precipitation gauges, no station directly measures AET. Approximately

six stations in the Vietnamese Mekong Delta measure potential evaporation using World Meteorological

Organization Class A pans; however, these measurements are based on evaporation over a ventilated

water surface, and it is not possible to infer AET. To overcome this observational limitation, the present

study focuses on the other concept of evapotranspiration, specifically potential evapotranspiration (PET),

which is defined as the maximum rate of evaporation under given climatic conditions with an excess of

soil moisture (Allen et al., 1994). PET has become increasingly prominent in freshwater flux research

across Asia (e.g., Ta et al., 2018; Chen et al., 2020; Das et al., 2022). The use of PET over the Viet-

namese Mekong Delta is supported by the availability of several PET observational products, including

in-situ estimates, satellite-derived datasets, and model-derived datasets suitable for validation. First,

PET measurements derived from the GGI-3000 evaporimeter, an instrument formerly standard across

the Soviet Union, measure daily open-water evaporation and are still maintained at two stations in the

Mekong Delta. Second, PET can be estimated empirically using the Penman–Monteith method (Allen

et al., 1998), which requires station-based measurements of air temperature, humidity, sunshine duration,

and 10-m wind speed at three sites. Third, satellite- and model-derived PET products provide spatially

continuous fields that complement sparse ground observations. These include the Moderate Resolution

Imaging Spectroradiometer MOD16 product (MODIS; Mu et al., 2011), ECMWF fifth-generation re-

analysis (ERA5; Hersbach et al., 2020), the daily aggregation PET dataset, which is computed using

meteorological variables output from the ERA-Land dataset (DPET; Singer et al., 2021), and the Global

Land Evaporation Amsterdam Methodology dataset (GLEAM; Martens et al., 2017). While uncertain-

ties inherent to each dataset remain unavoidable, their combination enables narrowing down the range

of PET values, forming a robust basis for PET validation and subsequent freshwater flux analysis in the

2



Vietnamese Mekong Delta.

Numerical atmospheric models provide potential alternatives to assess both components of the

freshwater flux over the Vietnamese Mekong Delta, which consist of precipitation and PET. As com-

puting power develops, kilometre-scale simulations of regional climate models, namely convection-

permitting models, are increasingly prevalent. Convection-permitting models eliminate the need to pa-

rameterize atmospheric deep convection, thereby mitigating a significant source of uncertainty and error

in conventional regional climate models (Prein et al., 2015; Schär et al., 2020). However, conducting such

simulations remains computationally challenging due to the limitations of our current resources. Despite

these constraints, high-resolution simulations (finer than 25 km) are essential for producing more ac-

curate assessments of freshwater flux across the Vietnamese Mekong Delta. To balance computational

efficiency and model performance, gray-zone resolutions (approximately 4–10 km) are widely employed

for long-term regional climate simulations over Asia (e.g., Chen et al., 2018; Taraphdar and Pauluis,

2021; Hoang-Cong et al., 2022; Zhou et al., 2023). It is noteworthy that these resolutions are insufficient

to explicitly resolve individual convective clouds yet too fine 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. This insight suggests that

conducting freshwater flux simulations for the Vietnamese Mekong Delta at gray-zone resolution, with

appropriately chosen physics schemes, constitutes a scientifically robust and computationally feasible

strategy for this study. Additionally, land surface models, which are essential components of climate

models, have been developed to capture the exchanges of water, energy, and momentum between the at-

mosphere and the land surface, thereby providing more precisely simulated PET (Pal and Sharma, 2021).

From a regional perspective, the Vietnamese Mekong Delta constitutes a key hotspot of anthropogenic

land-use and land-cover change (LULCC) in Southeast Asia. (Giri et al., 2003). By incorporating up-

dated land-use and land-cover (LULC) datasets derived from remote-sensing products into land surface

models, regional climate models (RCMs) can therefore more accurately represent land–atmosphere inter-

actions, ultimately enhancing the reliability of simulated freshwater flux components across the region.

My study contributes to improving the assessment of freshwater flux over the Vietnamese Mekong

Delta, particularly under the constraints of limited PET observations and the absence of AET measure-

ments. To address this objective, simulations are performed using the Advanced Research Weather

Research and Forecasting model (WRF-ARW) at gray-zone resolution, complemented by a series of

sensitivity experiments designed to identify optimal physical parameterization schemes and an appropri-

ate land-use and land-cover (LULC) dataset for accurately representing freshwater flux components over

the Vietnamese Mekong Delta. The thesis is structured as follows: Section 2 presents the State of the Art

and Literature Review; Section 3 outlines the Objectives and Structure of the Work; Section 4 describes

the Data and Methods; Sections 5–7 provide the Results; and Section 8 concludes with a summary and

outlook.
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This section provides an overview of the climatic characteristics and land-use/land-cover conditions of

the Vietnamese Mekong Delta, along with recent trends in the two components of the freshwater flux:

precipitation and evapotranspiration.

2.1. Climate over the Vietnamese Mekong Delta

The Vietnamese Mekong Delta, characterized by the populous floodplains of the Mekong River, offers

the most favorable environmental (edaphic, climatic) conditions for aquaculture and rice cropping in

Vietnam (Wilder and Phuong, 2002; Ha et al., 2013). The region’s agricultural productivity is heavily

dependent on water resources, which are influenced by climate variability at various temporal scales,

most notably the seasonal scale, as well as by interannual and multiannual variations.

Due to its geographic location, Vietnam’s seasonal climate is largely influenced by the Indo-Asian

monsoon system (Wang, 2006). The rainy season in Vietnam typically runs from May to October, co-

inciding with seasonal shifts in the Intertropical Convergence Zone and the subtropical ridge from north

to south (Nguyen et al., 2014a). In southern Vietnam, including the Vietnamese Mekong Delta and the

Central Highlands, the peak rainy months occur between August and October, attributed to warm, humid

marine airflow blowing from the Bay of Bengal (Nguyen et al., 2014b). Based on the observational data

for the period 1979–2019, Pham-Thanh et al. (2020) showed that the mean annual precipitation over the

Vietnamese Mekong Delta ranges from approximately 1300 to 2400 mm, with the highest totals observed

along the western coastal zones (Fig. 2.1a). The rainy season in the Vietnamese Mekong Delta is well-

defined, occurring from May to October, with a peak in August (Nguyen et al., 2014a), and contributes

more than 90% of the annual rainfall total (Lee and Dang, 2019; Nguyen et al., 2022). This pronounced

seasonality in precipitation results in a marked contrast between water abundance during the rainy sea-

son and water scarcity during the dry season. Such an imbalance poses significant challenges for water

resources management, particularly for irrigation and agricultural production, as prolonged dry season

water deficits can adversely affect crop yields and food security in the region (Kontgis et al., 2019; Dang

et al., 2020a). Beyond the pronounced seasonal cycle, the rainfall regime of the Vietnamese Mekong

Delta is also strongly characterized by a distinct diurnal cycle, with precipitation consistently peaking

during the afternoon hours across all seasons (Huang et al., 2025).

The seasonal climate of Vietnam is heavily influenced by changing sea surface temperature (SST)
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Figure 2.1.: Spatial distribution of (a) climatological mean annual rainfall and (b) Sen’s slope–based trends in
total annual precipitation derived from observations at 138 meteorological stations across Vietnam for the period
1979–2019, adapted from Pham-Thanh et al. (2020). Trend magnitudes are reported as percentage changes per
decade relative to the 1979–2019 climatological mean. Circular markers indicate trends that are not statistically
significant, whereas triangular markers denote statistically significant trends at the 5% confidence level based on
the Mann–Kendall test.

patterns in the Pacific Ocean, modulated by the ENSO, Pacific Decadal Oscillation, and Interdecadal Pa-

cific Oscillation phenomena (Nguyen et al., 2014a; Gobin et al., 2016; Duc et al., 2018). Among these

climate drivers, ENSO and the Interdecadal Pacific Oscillation are most dominant in the southern part,

while the Pacific Decadal Oscillation shows the largest influence on rainfall in the central part of Viet-

nam. Duc et al. (2018) utilized monthly rainfall data from 172 weather stations across Vietnam during

1975–2006 to examine the teleconnection between ENSO and regional rainfall variability. This relation-

ship was found to be more pronounced in the central and southern regions rather than in the northern

regions, and it is particularly more significant during the boreal spring and weaker in winter. More

recently, focusing specifically on the Vietnamese Mekong Delta, Dang et al. (2020b) analyzed rainfall

data from 102 stations (1989–2017) across coastal provinces in the Mekong Delta, showing how ENSO

affects the onset/cessation dates of the rainy season, as well as rainfall amounts during the dry season.

They indicated that La Niña years are generally associated with earlier rainy season onset, later rainy

season cessation, and higher rainfall totals, including dry season amounts that often exceed 100 mm. In

contrast, El Niño years tend to produce reduced rainfall and shorter rainy seasons, with dry-season totals

typically below 100 mm.

Intraseasonal oscillation also has a significant role in modulating rainfall in Southern Vietnam

(Van der Linden et al., 2016; Truong and Tuan, 2018, 2019), characterized by two predominant oscil-

lation modes: 10–20 days and 20–60 days. This modulation is associated with tropical climate drivers,
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Figure 2.2.: Mean AET climatology at monthly and seasonal scales based on MODIS products covering
2001–2018 over the Vietnamese Mekong Delta (Mondal et al., 2022). Monthly AET distributions are displayed in
the top rows, whereas seasonal means are provided in the bottom row. Columns correspond to individual seasons,
ordered from winter (left) to fall (right).
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including the Madden–Julian Oscillation (Madden and Julian, 1972) and convectively equatorial waves,

such as Kelvin and Rossby waves. The variability of daily precipitation is closely linked to the evolving

phases of the MJO and equatorial wave activity, with increased frequencies of intense rainfall events

during their active (wet) phases (Van der Linden et al., 2016). Moreover, interactions among different

wave modes can further amplify regional rainfall anomalies, leading to pronounced wet or dry condi-

tions depending on the phases of these modes. In alignment with these findings, Truong and Tuan (2018,

2019) demonstrated that rainfall variability in southern Vietnam is influenced by distinct intraseasonal

modes, with variability on the 10–20 days timescale is closely associated with a tropical Indian Ocean

mode expressed as equatorial Rossby waves (Truong and Tuan, 2018), while variability on the 20–60

days timescale is predominantly driven by MJO activity (Truong and Tuan, 2019).

Regarding evapotranspiration, the limited availability of reliable in situ observations over the Viet-

namese Mekong Delta has constrained comprehensive assessments. Consequently, existing studies have

predominantly relied on satellite-derived and model-derived products of AET or PET (e.g., Hu and Mo,

2021; Chen et al., 2022; Mondal et al., 2022; Pan et al., 2022). In this context, Mondal et al. (2022)

provided the first regional-scale characterization of AET over the Vietnamese Mekong Delta using the

MODIS MOD16 product (Mu et al., 2011) for the period 2001–2018. Their analysis presented the spatial

distribution of mean AET across the delta (Fig. 2.2), revealing distinct features compared to precipita-

tion patterns. In contrast to the pronounced seasonal asymmetry observed in rainfall, AET exhibits a

relatively weak seasonal contrast between the dry and rainy seasons. The lowest AET values occur dur-

ing March and April, when most areas of the Vietnamese Mekong Delta have less than 60 mm of AET.

Conversely, the highest AET values are observed in January, with the centre portion almost entirely cov-

ered by approximately 100 mm. Furthermore, evapotranspiration displays greater spatial homogeneity

in summer and autumn than in spring and winter.

Overall, the rainfall regime of the Vietnamese Mekong Delta is characterized by a pronounced

seasonal contrast between the dry and rainy seasons, strongly modulated by ENSO and intraseasonal

oscillations. In contrast, AET displays a comparatively weak seasonal contrast, with maximum values

typically occurring in January and minimum values in March and April.

2.2. Land-use/Land-cover over the Vietnamese Mekong Delta

The increasing availability of long-term remote sensing data, enhanced computational resources, and

advances in machine–learning–based classification techniques have enabled a new generation of cost-

effective LULC mapping. Using multi-source satellite imagery in combination with a random forest

classification framework, Phan et al. (2021) provided the first comprehensive national-scale assessment

of annual LULC dynamics across mainland Vietnam over the period 1990–2020. Their results reveal

substantial LULCC across the country over the past three decades, largely driven by socio-economic
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development policies and accelerated economic growth. Spatially, the most pronounced transformations

occurred in northern and southern Vietnam, with especially rapid changes observed in the western north

and the southernmost regions, including the Vietnamese Mekong Delta. Quantitatively, the study docu-

mented a marked decline in forested areas (approximately 19940 km2) and wetlands (around 1914 km2),

while aquaculture and urban land expanded dramatically, increasing by roughly threefold and tenfold,

respectively, over the study period. In terms of changing patterns, rapid urbanization, the uncontrolled

expansion of agricultural and aquaculture activities, particularly in the Vietnamese Mekong Delta, and

persistent forest loss associated with the conversion to rice paddies, cropland, and barren land were iden-

tified as the dominant change processes.

The Vietnamese Mekong Delta is the most important region in southern Vietnam in terms of agri-

cultural and aquacultural production, serving both domestic consumption and export to global markets

(General Statistics Office of Vietnam, 2023). Over recent decades, substantial efforts have been made to

detect LULCC across the Vietnamese Mekong Delta, either at the delta scale (e.g., Li et al., 2020b; Phan

et al., 2021; Vu et al., 2022) or within specific districts (e.g., Tran et al., 2015; Hauser et al., 2017). At

the district scale, Tran et al. (2015) conducted a comprehensive analysis of the spatiotemporal dynamics

of LULC in the Tran Van Thoi district, located in the southern part of the Vietnamese Mekong Delta,

for the period 1973–2011. Their results revealed pronounced increases in aquaculture ponds and built-

up areas, accompanied by substantial declines in bare land and mangrove forest coverage. In a further

investigation focusing on the Ca Mau Peninsula, Hauser et al. (2017) examined LULCC in Ngoc Hien

District, which hosts the largest mangrove forest in Vietnam, over the period 2004–2013. Their anal-

ysis revealed an average net annual decline in mangrove forest area of approximately 0.34%, marked

by a phase of deforestation between 2004 and 2009, followed by a period of afforestation from 2009

to 2013. Importantly, the study demonstrated that changes in mangrove forest cover were strongly and

inversely correlated with the expansion of aquaculture land-use. At the delta scale, Li et al. (2020b)

examined land-use dynamics across the Vietnamese Mekong Delta during 1975–2015 using Landsat im-

agery. Their analysis showed that cropland remained the dominant land-use type throughout the study

period, despite a net reduction of approximately 13.4%, with most of the converted area transitioning to

aquaculture. Notably, aquaculture emerged as the second-largest land-use category after cropland since

1995, accounting for approximately 19% of the total delta area in 2015. Consistent with these findings,

Phan et al. (2021) demonstrated that the rapid and largely uncontrolled expansion of aquaculture, partic-

ularly shrimp farming, has been a major driver of LULCC across the Vietnamese Mekong Delta since

the early 2000s, with the most pronounced changes occurring in coastal regions.

More recently, Vu et al. (2022) provided a comprehensive assessment of LULCC across the Viet-

namese Mekong Delta for the period 2000–2020 using MODIS satellite data. Their results indicate that

during this period, rice cultivation remained the dominant land-use type, accounting for approximately

40–46% of the total delta area, while aquaculture systems (including shrimp–rice farming and inland

aquaculture) represented roughly 10–20%. Rice cultivation was primarily concentrated in the upper
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delta and along main rivers, where the rapid expansion of triple rice cropping between 2000 and 2017

resulted in a substantial increase in cultivated area. In contrast, aquaculture activities were primarily

concentrated in the Ca Mau Peninsula, encompassing Kien Giang, Ca Mau, and Bac Lieu provinces,

where the aquaculture area increased more gradually, from approximately 619000 hectares in 2001 to

about 856000 hectares in 2020. The land-use patterns for the years 2000 and 2020, as presented by Vu

et al. (2022) (Fig. 2.3), clearly illustrate the marked expansion of aquaculture across the Ca Mau Penin-

sula over the past two decades. In particular, large areas previously classified as double-rice cropping

land-use type (yellow color) and other land-use types (brown color) were converted to inland aquaculture

(blue color), highlighting the profound LULCC in this sub-region of the delta.

Overall, two dominant LULCC trends characterize the Vietnamese Mekong Delta over recent

decades: (i) the sustained expansion of aquaculture in the Ca Mau Peninsula, which is largely at the

expense of cropland and mangrove ecosystems; and (ii) the rapid intensification of rice cultivation in the

upper zone driven by the widespread adoption of triple rice cropping systems. These processes highlight

the significant impact of agricultural intensification and aquaculture development on land-use dynamics

throughout the Vietnamese Mekong Delta.

Figure 2.3.: Land-use detection in the Vietnamese Mekong Delta in (a) 2000 and (b) 2020, published by Vu et al.
(2022)
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2.3. Observed trend in precipitation and evapotranspiration over the Vietnamese

Mekong Delta

As the centre hub of agriculture and aquaculture, the Vietnamese Mekong Delta is especially sensitive

and prone to the impacts of changing rainfall and evapotranspiration characteristics (Minh et al., 2025).

This highlights the urgent need for a robust understanding of rainfall and evapotranspiration trends over

recent decades. To date, numerous studies on rainfall trend detection have been published using observa-

tional data from in situ stations over different periods. Most of them use the Sen’s Slope estimator (Sen,

1968) and Mann-Kendall tests (Kendall, 1975), or modified versions of the Mann-Kendall tests (Hamed

and Rao, 1998), to assess the magnitude and statistical significance of observed trends.

In one of the earliest and most comprehensive national-scale assessments, Pham-Thanh et al.

(2020) examined long-term trends in annual precipitation and a suite of precipitation extreme indices

across Vietnam for the period 1979–2019 (Fig. 2.1b). Their findings indicate that, within the Vietnamese

Mekong Delta, statistically significant trends were detected at only two stations: Ca Mau, which ex-

hibited a declining trend of −1.77% per decade, and Bac Lieu, which showed an increasing trend of

+2.19% per decade. In contrast, the majority of stations across the delta displayed weak, statistically

insignificant trends. Similar conclusions were reached by Dang et al. (2020b), who analyzed annual

precipitation records from 104 rain gauges spanning 1989 to 2017. Their results suggest that no coherent

regional-scale trend could be identified, as precipitation trends varied considerably among stations and

lacked spatial consistency. More recent evidence reinforces these findings. Using observational data

from 14 stations, Dong Phuong et al. (2025) reported that trends in annual rainfall over the Vietnamese

Mekong Delta were generally weak and statistically insignificant.

Notably, a consistent declining trend was observed at Ca Mau station across all aforementioned

studies. Further investigations by Minh et al. (2024, 2025) provide additional insights into this decline,

demonstrating that it occurs in both the wet and dry seasons, with particularly pronounced reductions

during specific months, including June and August. These findings highlight Ca Mau as a localized

hotspot of rainfall decline within an otherwise heterogeneous regional pattern.

Beyond annual precipitation, several studies have examined trends in extreme rainfall over the

Vietnamese Mekong Delta. Lee and Dang (2020) analyzed extreme rainfall characteristics over a 32-

year period (1984–2015) using three indices: the number of days with daily rainfall exceeding 20 mm

(R20), 50 mm (R50), and 100 mm (R100). Their results indicate that R20 and R50 exhibited declining

trends at most stations located in coastal provinces, whereas slight increasing trends were observed at

some inland stations. Complementing these findings, Dong Phuong et al. (2025), based on R10 and R20

indices for the period 1978–2022, identified increasing trends during the earlier sub-period (1978–1994),

followed by predominantly declining trends during 1995–2022 across nearly all stations. Consistent with

results for annual rainfall, Ca Mau station displayed a persistent downward trend in extreme rainfall in-

dices throughout the entire study period, underscoring the robustness of this trend.
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In addition to annual rainfall and extreme rainfall, other characteristics of the rainfall regime have

also been investigated. Dang et al. (2020b) found that the rainy season starts earlier, ends later, and

consequently lasts longer in the western coastal zone of the Mekong Delta. Moreover, ENSO was found

to exert a significant influence on rainfall characteristics, particularly the onset, cessation dates, and the

length of the rainy season.

While there is a large volume of research available for precipitation, considerably fewer studies

have examined long-term trends in evapotranspiration and its related definitions, including AET, PET,

and reference evapotranspiration (ET0) in the Vietnamese Mekong Delta. This research gap is largely

attributable to the limited availability of long-term observational data that can serve as reliable references

for evapotranspiration analysis.

One of the earliest and most comprehensive investigations was conducted by Luong (2021), who

analyzed ET0 trends across Southern Vietnam using observational data from 40 meteorological stations

for the period 1977–2018, while also examining the influence of ENSO on ET0 variability. The trend

analysis indicates a seasonal contrast in the ET0 trend, with increasing trends observed during the rainy

season and decreasing trends during the dry season. Notably, the increasing trend in the rainy season was

more distinct and statistically robust than the corresponding changes in the dry season. At the annual

scale, ET0 exhibited an overall upward tendency, with a mean increase of approximately 0.59 ± 0.32

mm yr−1. Regarding ENSO influences, this author demonstrated that ENSO exerts a pronounced impact

on ET0 in the Vietnamese Mekong Delta, particularly during October to May. During these months, the

difference in mean daily ET0 between El Niño and La Niña phases was estimated to be approximately

0.34 mm yr−1.

More recently, Mondal et al. (2022) examined long-term trends in AET over the Vietnamese

Mekong Delta using the MODIS MOD16 product for the period 2001–2018. The spatial distribution

of monthly AET trends is illustrated in Fig. 2.4. Specifically, decreasing trends were observed during

May and July, as well as from September to December. In contrast, a strong increasing trend in AET,

exceeding 3 mm yr−1, was observed during the dry periods from December to April. An examination of

spatial patterns further shows that AET trends exhibit greater spatial coherence in summer and autumn

than in winter and spring. In particular, the months of May and October were characterized by extensive

areas experiencing declining AET trends of approximately 2–3 mm yr−1. Conversely, February, March,

and April displayed widespread positive trends, with AET increases of nearly 3 mm yr−1 across large

portions of the Mekong Delta.

Taken together, the literature indicates that long-term annual rainfall trends in the Vietnamese

Mekong Delta are generally weak and spatially heterogeneous, with the notable exception of Ca Mau

station, which consistently exhibits a declining trend. In parallel, AET exhibits a widespread increasing

trend during the late dry-season months, specifically from February to April.
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Figure 2.4.: Monthly and seasonal trends in AET based on MODIS products covering 2001–2018, following
Mondal et al. (2022). Monthly trend maps are shown in the upper rows, whereas seasonal trend maps are provided
in the bottom row. Columns correspond to individual seasons, arranged from winter (left) to fall (right).

2.4. Using regional climate models to simulate the freshwater flux over the Vietnamese

Mekong Delta

2.4.1. Impact of the physical parameterization scheme on the freshwater flux simulation

at gray-zone resolution

RCMs provide one of the most effective tools for simulating the climate system, in general, and fresh-

water flux, in particular, at regional scales. Due to their high spatial resolution, RCMs are able to capture

land–atmosphere interactions and represent regional forcings, such as large water bodies, surface vege-

tation, and complex topography, that exert significant influence on local climate (Giorgi, 1990; Xuejie

et al., 2001). Available studies using RCMs have been documented to simulate precipitation over Viet-
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nam in general (e.g., Phan et al., 2009; Nguyen et al., 2014b), and particularly within the Vietnamese

Mekong Delta (e.g., Jiang et al., 2019; Sun et al., 2021a; Hoang-Cong et al., 2022; Fu et al., 2023; Trinh-

Tuan et al., 2025).

Nevertheless, significant uncertainties and systematic biases persist in reproducing rainfall patterns

in these regions. Phan et al. (2009) applied the RegCM3 model to examine the variations of surface cli-

mate variables at seasonal and interannual scales over Vietnam during 1991–2000. Their results indicate

that RegCM3 exhibits pronounced dry biases during the rainy season and systematically overestimates

annual mean precipitation over southern Vietnam, including the Vietnamese Mekong Delta. Similarly,

Nguyen et al. (2014b) employed the Conformal Cubic Atmospheric Model (CCAM) to evaluate mean

rainfall patterns and interannual variability for the period 1979–2001. While CCAM satisfactorily re-

produces the climatological mean and spatial distribution of rainfall, it performs less well at capturing

interannual variability, showing better skill over northern and central Vietnam but with a clear overesti-

mation of rainfall variability in southern Vietnam. More recently, Hoang-Cong et al. (2022) employed

the RegCM model version 4.7, driven by boundary conditions from the European Community Earth

System Model, to simulate rainfall over parts of Vietnam and the Lower Mekong Basin for the period

1986–2005, using both 25-km and gray-zone 5-km resolutions. Their results show that the model gen-

erally captures the large-scale spatial distribution of climatological rainfall, particularly the pronounced

east–west contrast during the winter season. However, the convection-permitting 5 km experiment does

not exhibit clear improvements in simulating mean or extreme rainfall relative to the coarser 25 km

simulation, suggesting that increasing horizontal resolution alone is insufficient to substantially reduce

rainfall biases. Figure 2.5, published by Hoang-Cong et al. (2022), presents a comparative analysis of

annual and seasonal mean rainfall over a region of Vietnam that includes the Vietnamese Mekong Delta

for the period 1986–2005. The comparison includes simulations from a global climate model, an RCM

at 25 km resolution, and a convection-permitting RCM at 5 km resolution, alongside observations from

the Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS) dataset.

These aforementioned RCMs studies have predominantly employed horizontal resolutions rang-

ing 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). Gray-zone

simulations, therefore, have served as an alternative to long-term rainfall modelling, balancing compu-

tational efficiency and model performance. Given that precipitation represents a primary component of

the freshwater flux, alongside PET, accurate rainfall simulation at gray-zone resolution through the opti-

mization of physical parameterizations is imperative for producing reliable assessments of the freshwater

flux over the Vietnamese Mekong Delta.

Among physical parameterizations, planetary boundary layer (PBL) parameterizations play a piv-

otal 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 for-

mation, and thermodynamic profiles (Garratt, 1994). Precipitation exhibits pronounced sensitivity to
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Figure 2.5.: Spatial patterns of mean rainfall over the region of Vietnam, including the Vietnamese Mekong Delta,
averaged for the period 1986–2005, as derived from CHIRPS v2.0 and simulated by the global EC-EARTH model
as well as RCM configurations at 25-km and 5-km resolution, published by Hoang-Cong et al. (2022). Annual,
boreal winter (December-February), and boreal summer (June–August) mean precipitation fields are displayed in
the upper, middle, and lower panels, respectively.
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the choice of PBL parameterization schemes, both at coarse resolutions (e.g., Laux et al., 2013; Wang

et al., 2014; Que et al., 2016) and gray-zone resolution ranges (e.g., Taraphdar and Pauluis, 2021; Tara-

phdar et al., 2021) across the Asian summer monsoon domain. Wang et al. (2014) used the Weather

Research and Forecasting (WRF) model to evaluate the performance of four PBL schemes: Yonsei

University (YSU; Hong et al., 2006), Asymmetric Convective Model version 2 (ACM2; Pleim, 2007),

Bougeault–Lacarrere (BouLac; Bougeault and Lacarrere, 1989), and Mellor–Yamada–Janjic (MYJ; Jan-

jić, 1994) over the East Asian summer monsoon region during 2000–2009. Their results indicate that

simulations using nonlocal PBL schemes (YSU and ACM2) exhibit substantially stronger boundary-

layer mixing, thereby enhancing sea-surface latent heat fluxes and convective activity. As a consequence,

these configurations tend to overestimate precipitation and induce notable biases in monsoon circulation

patterns. Similarly, Que et al. (2016) investigated the sensitivity of WRF-simulated precipitation over

the Asian summer monsoon region in 2008 to different physical parameterizations, including two PBL

schemes: MYJ and YSU, two microphysics schemes: WRF Single-Moment 3-class and 5-class (Hong

et al., 2004), and two cumulus convection schemes: Betts–Miller–Janjic and Tiedtke (Janjić, 1994;

Tiedtke, 1989). Their findings demonstrate that precipitation is highly sensitive to the choice of PBL

scheme at regional scales, with simulations using the MYJ scheme providing a more realistic representa-

tion of the monsoon rain belt distribution, whereas simulations using the YSU scheme substantially over-

estimate precipitation intensity. At gray-zone resolution, Taraphdar and Pauluis (2021) further examined

the sensitivity of monsoon rainfall simulations to PBL and microphysics parameterizations using WRF at

9 km resolution. Their experiments employed two PBL schemes: the Mellor–Yamada–Nakanishi–Niino

(MYNN) level 2.5 (MYNN2.5; Nakanishi and Niino, 2006) and ACM2, alongside two microphysics

schemes: WRF Double Moment 6-class (WSM6; Lim and Hong, 2010) and the aerosol-aware Thomp-

son–Eidhammer scheme (Thompson et al., 2008). The results reveal that the choice of the PBL scheme

exerts a dominant influence on Indian summer monsoon rainfall. Specifically, simulations using ACM2

successfully capture key circulation features and precipitation patterns over India, whereas MYNN-based

simulations result in a substantial reduction in seasonal rainfall (approximately 40%) and a pronounced

weakening of large-scale atmospheric circulation. In contrast, microphysics schemes exert a relatively

minor influence on total rainfall amounts but significantly affect the spatial distribution of precipitation.

Beyond its seasonal variability, the diurnal cycle of precipitation during the rainy season consti-

tutes 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 Vietnamese Mekong Delta, a ma-

jor hub of agricultural and aquacultural activities, as shifts in rainfall peak timing may have significant

implications for agricultural and regional hydrological processes, as well as 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 (e.g., Koo and Hong,

2010; Zhang et al., 2016; Yang et al., 2018; Mei et al., 2024).

In addition to PBL parameterization schemes, the diurnal variability of SST represents another
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critical process influencing rainfall simulations (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 investigations have

demonstrated that explicitly accounting for diurnal SST variations improves the representation of air–sea

coupling processes, thereby enhancing the performance of coupled climate models (e.g., Wei et al., 2001;

Brunke et al., 2008; Clayson and Bogdanoff, 2013). Since version 3.1, the WRF model, one of the most

widely used RCMs, has included a prognostic sea surface skin temperature (SSKT) scheme developed

by Zeng and Beljaars (2005), through the sst_skin option. The scheme explicitly accounts for the com-

bined influences of sensible and latent heat fluxes, radiative transfer, molecular diffusion, and turbulent

mixing, thereby resolving the dominant processes governing 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 (e.g., Xu et al., 2014; Li et al., 2015; Jiang et al., 2016), while other research

highlights the dominant role of wind speed at 10-m height (e.g., Yin et al., 2010; Li et al., 2014). Despite

its importance, the sensitivity of PET to PBL parameterizations in RCMs remains insufficiently under-

stood. Nonetheless, studies examining the influence of PBL schemes on two key drivers of PET, namely,

the wind speed at 10-m height (e.g., Mohan and Bhati, 2011; Xie et al., 2012; Dzebre and Adaramola,

2020; Gholami et al., 2021) and solar radiation (e.g., Hu et al., 2010; Xie et al., 2012), provide strong

evidence that PBL scheme selection exerts a significant effect on the simulation of PET.

Overall, the findings of this section underscore that the selection of appropriate physical param-

eterization schemes is of critical importance for accurately simulating both precipitation and PET at

gray-zone resolution, and ultimately for reliable assessments of freshwater fluxes over the Vietnamese

Mekong Delta.

2.4.2. Impact of different land-use/land-cover datasets on simulating freshwater flux

LULCC is widely recognized as one of the major drivers of climate change at both regional and global

scales (Feddema et al., 2005; Foley et al., 2005), as it modulates the water and energy balance between

the land and the atmosphere. The impacts of LULCC tend to be much larger on local and regional scales

than on global scales (Mahmood et al., 2014). Since RCMs clearly represent interactions between ter-

restrial and atmospheric components, they are useful for investigating land-atmosphere feedbacks and

assessing the impacts of LULCC at regional scales.

Among the impacts of LULCC patterns, urbanization and deforestation are of great interest to

many researchers seeking to understand their effects on regional climate models. The extent of urbaniza-
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tion often results in increased surface air temperatures and changes in precipitation intensity and spatial

patterns. However, the magnitude of changes depends on various factors such as daytime, season, ge-

ographical location, climate regime, circulation feedback, and surrounding land-cover (e.g., Grimmond

et al., 2011; Niyogi et al., 2011; Stewart and Oke, 2012; Giannaros et al., 2013). On the other hand,

deforestation may lead to a decrease in surface air temperatures in temperate regions but an increase in

tropical regions (Costa and Pires, 2010; Dai, 2011). In addition, in some tropical regions, such as Borneo,

deforestation creates high-albedo areas, thereby reducing precipitation by reducing evapotranspiration,

convection, and horizontal atmospheric moisture inflow (Takahashi et al., 2017).

To date, several RCM studies have been documented to assess the impact of LULCC on both

components of the freshwater flux, including precipitation, as well as two concepts of evapotranspira-

tion: AET and PET (e.g., Laux et al., 2017; Lal et al., 2021; Achugbu et al., 2021; Crook et al., 2022;

Achugbu et al., 2023). Rather than relying on outdated default LULC datasets embedded in RCMs, most

of these studies incorporate updated regional or global LULC datasets or adopt hypothetical LULC sce-

narios.

Within the framework of the LUCC project over Central Vietnam, Laux et al. (2017) utilized the

WRF model to examine the climatic impacts of two hypothetical LULC scenarios. While the defor-

estation scenario does not yield statistically significant signals in the most crucial surface variables, the

urbanization scenario shows a clear temperature rise over converted areas. However, there is no robust

precipitation response in either scenario. Lal et al. (2021) also utilized WRF in conjunction with the

MODIS Collection 6 Land Cover Type Product (MCD12Q1; Sulla-Menashe and Friedl, 2018) to quan-

tify the impacts of LULCC on precipitation and AET over India from 2002 to 2015. They identified

moderate forest cover loss across large parts of northeast India and the Himalayan region, driven by con-

version to grassland and agricultural land. These substantial land-cover changes were associated with

enhanced AET, which in turn contributed to increased precipitation, particularly in regions previously

dominated by forest cover. Further evidence on the climatic impacts of deforestation was provided by

Achugbu et al. (2021), who employed WRF simulations driven by the MCD12Q1 LULC dataset along-

side multiple hypothetical LULC scenarios, demonstrating that the reduction in precipitation over the

Sahel–Sahara interface is due to deforestation. Moreover, this influence is consistent with the general

relationship between vegetation cover and moisture availability, with deforestation systematically reduc-

ing AET.

More recently, Crook et al. (2022) advanced this line of research by applying a convection-

permitting RCM with a horizontal resolution of 4 km, in combination with a regional LULC dataset

named Land-Use Harmonization (Hurtt et al., 2011), to examine the impacts of historical deforestation

on early monsoon rainfall over West Africa. Their findings indicate that LULCC induces substantial

changes in surface energy partitioning, leading to a pronounced spatial redistribution of early monsoon

precipitation. Over extensive inland deforested areas located approximately 300 km from the coastline

(e.g., western Guinea), deforestation alters surface roughness, resulting in reduced convergence to the
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south, enhanced convergence to the north, and locally increased rainfall within the deforested zone. In

contrast, coastal deforestation (e.g., in Côte d’Ivoire) strengthens wind-driven sea-breeze circulations,

leading to reduced evening rainfall over deforested coastal regions and enhanced precipitation further

inland, in agreement with observational evidence. Most recently, Achugbu et al. (2023) conducted a

comprehensive set of twelve WRF simulations using six different LULC datasets, including the default

model LULC, the MCD12Q1 LULC dataset for 2001 and 2016, and three hypothetical deforestation

scenarios, to assess the climatic impacts of LULCC over West Africa. Their findings indicate that all

deforestation scenarios result in significant regional warming. Changes in surface albedo associated with

LULCC further propagate to other climatic variables, ultimately influencing precipitation patterns. Ad-

ditionally, deforestation was found to reduce soil moisture from July to September, while increasing it

from December to February. Moreover, LULCC alters the atmospheric column by changing the intensi-

ties of various atmospheric patterns, such as the African Easterly Jet and the Tropical Easterly Jet. Both

thermodynamic variables (e.g., air temperature and dew point) and moisture-related fields (e.g., relative

humidity) exhibited marked sensitivity to LULCC.

Overall, the aforementioned studies provide compelling evidence that LULCC patterns, particu-

larly deforestation and urbanization, exert a significant influence on both components of the freshwater

flux as simulated by RCMs. However, the impact of converting cropland and mangroves to aquaculture

on RCM performance has not been thoroughly examined and remains underexplored. Therefore, the

primary objective of this research is to investigate the response of the freshwater flux to LULCC over the

Vietnamese Mekong Delta using the WRF model.
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The preceding chapter systematically examined long-term trends in climate conditions and LULC over

the Vietnamese Mekong Delta during recent decades. It also highlighted the substantial influence of

physical parameterizations and LULC scenarios on the simulation of freshwater fluxes using RCMs,

with particular emphasis on the WRF model. The study area of this dissertation is the Ca Mau Peninsula,

a distinct sub-region of the Vietnamese Mekong Delta comprising the provinces of Ca Mau, Kien Giang,

and Bac Lieu. The region is geographically situated between the South China Sea along its eastern mar-

gin and the Gulf of Thailand to the west. The Ca Mau Peninsula represents the country’s most important

aquaculture hub and a major contributor to national rice production (Wilder and Phuong, 2002; Ha et al.,

2013), making it highly sensitive to changes in freshwater flux.

In this study, the Advanced Research WRF model version 4.0 (WRF-ARW; Skamarock et al.,

2019) is employed at a horizontal resolution of 5 km to simulate freshwater fluxes over the Ca Mau

Peninsula. This spatial resolution falls within the so-called gray-zone of atmospheric modelling, typi-

cally defined as grid spacings of approximately 4–10 km. It is important to note that these resolutions

are inadequate in explicitly resolving individual convective clouds, yet they are too fine to fully rely on

convective parameterization (Taraphdar and Pauluis, 2021; Taraphdar et al., 2021). Simulation at gray-

zone resolution is regarded as a suitable compromise between computational efficiency and modelling

performance for long-term simulations. Given the pronounced seasonality of precipitation in southern

Vietnam (Pham et al., 2010; Tuan, 2019), model performance is evaluated separately for the dry and rainy

seasons and for the entire year. In addition, the diurnal cycle of precipitation, characterized by a consis-

tent afternoon rainfall maximum during the rainy season, constitutes a key feature of Southern Vietnam’s

climate (Huang et al., 2025). Accordingly, the capability of WRF-ARW to reproduce the characteristics

of the diurnal precipitation cycle over the Ca Mau Peninsula during the rainy season is explicitly as-

sessed. With respect to evapotranspiration, the study examines WRF-ARW’s performance in simulating

AET and PET, with particular emphasis on PET given the availability of reliable reference estimates for

validation. Additionally, land surface models are essential in capturing land–atmosphere interactions by

supplying lower boundary conditions to regional climate models (Donaire-Montaño et al., 2025). In this

study, the Noah land surface model with multi-parameterization options (Noah-MP; Niu et al., 2011)

is coupled with the WRF-ARW model. Within the Noah-MP model, leaf area index (LAI) can be rep-

resented either through vegetation-type-dependent parameterizations or prescribed using climatological

datasets. Given the central role of vegetation processes in controlling transpiration, a primary component

of AET, this study further examines the selection of appropriate vegetation process options within the
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Noah-MP model. The overarching objective of this dissertation is to evaluate whether the WRF-ARW

can be used as a tool to derive the freshwater flux over the Ca Mau Peninsula, taking LULCC into ac-

count. To achieve this objective, the research is structured into three interconnected parts. Firstly, the

study identifies an appropriate configuration of WRF-ARW physical parameterizations for simulating

freshwater fluxes over the Ca Mau Peninsula. Secondly, the performance of the optimized model config-

uration is evaluated through long-term simulations spanning 10 years. Thirdly, the impacts of updated,

more realistic LULC datasets and hypothetical LULC scenarios on the simulation of freshwater fluxes

by the WRF-ARW model are systematically assessed. In the following sections, the proposed research

questions are presented and motivated for each of the three parts.

1. RQ 1a Which cumulus convection parameterization, with or without activation of the sst_skin

option, provides the most accurate simulation of daily precipitation and its diurnal cycle at 5-km

horizontal resolution over the Ca Mau Peninsula?

2. RQ 1b Which is the most appropriate vegetation option in the Noah-MP land surface model to

simulate AET over the Ca Mau Peninsula?

3. RQ 1c Among the three commonly used PBL parameterization schemes, including MYJ, MYNN2.5,

and ACM2, which scheme is most suitable for simulating both components of the freshwater flux,

namely daily precipitation (including its diurnal cycle) and PET, over the Ca Mau Peninsula?

4. RQ 1d What combination of physical parameterization schemes provides the most reliable repre-

sentation of freshwater fluxes over the Ca Mau Peninsula?

Previous regional climate applications over Vietnam indicate that the WRF-ARW model is ca-

pable of representing the essential features of the regional climate system, including large-scale spatial

signatures, seasonal cycles, and frequency characteristics of key climate variables (e.g., Chotamonsak

et al., 2011; Laux et al., 2013; Hoang-Cong et al., 2022). However, these studies were conducted at

relatively coarse spatial resolutions, with the finest resolution limited to 25 km, and concepts related to

evapotranspiration were overlooked. To address these limitations, the second part of this dissertation

aims to provide a comprehensive assessment of both precipitation and PET over the Ca Mau Peninsula

for the period 2007–2016. The results of this analysis will provide a holistic assessment of whether

the WRF-ARW model, operated at a 5 km gray-zone resolution, can simulate freshwater fluxes over

the Vietnamese Mekong Delta. This part of the study, presented in Chapter 6, addresses the following

research questions:

1. RQ 2a Is the WRF-ARW model able to derive the daily precipitation over the Ca Mau Peninsula

during the period 2007–2016?

2. RQ 2b Is the WRF-ARW model able to derive all characteristics of the diurnal cycle of precipita-

tion over the Ca Mau Peninsula during the period 2007–2016?
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3. RQ 2c Is the WRF-ARW model able to derive the daily PET over the Ca Mau Peninsula during

the period 2007–2016?

It is worth noting that the LULC of the Ca Mau Peninsula has undergone substantial changes over

the past three decades (1990–2020), primarily driven by the rapid expansion of aquaculture, which has

largely replaced cropland and mangrove areas (Phan et al., 2021). As a result, the default LULC dataset

embedded in the WRF-ARW model no longer adequately represents current land surface conditions in

the region. This raises a critical question regarding whether the integration of updated and more realistic

LULC datasets can enhance the performance of the WRF-ARW model in simulating freshwater fluxes

over the Ca Mau Peninsula. In addition to incorporating updated LULC datasets, this study further em-

ploys a set of hypothetical LULC scenarios to explicitly assess the impacts of converting cropland and

mangrove areas to aquaculture areas on the freshwater flux. As the WRF-ARW model does not include

a dedicated land-use category for aquaculture, two alternative representations are examined, namely the

permanent wetland class and the water body class. To isolate the effects of LULCC, all simulated pre-

cipitation and PET from these experiments are evaluated not only against observational datasets but also

relative to simulations conducted with the default LULC configuration presented in Chapter 6. The vali-

dation strategy and experimental design are described in detail in Chapter 7. The outcomes of this final

part of the dissertation provide evidence on whether the WRF-ARW model can realistically represent the

current freshwater flux over the Ca Mau Peninsula, accounting for LULCC. Accordingly, the research

questions addressed in the final part of this study, presented in Chapter 7, are formulated as follows:

1. RQ 3a What is the response of simulated daily precipitation to updated/more realistic LULC

datasets and hypothetical LULC scenarios in the WRF-ARW model?

2. RQ 3b What is the response of the simulated diurnal cycle of precipitation to updated/more realistic

LULC datasets and hypothetical LULC scenarios in the WRF-ARW model?

3. RQ 3c What is the response of simulated daily PET to updated/more realistic LULC datasets and

hypothetical LULC scenarios in the WRF-ARW model?

4. RQ 3d What is the response of simulated daily AET to updated/more realistic LULC datasets and

hypothetical LULC scenarios in the WRF-ARW model?

5. RQ 3e Is the permanent wetland category or the water body category suitable to represent the

aquaculture area in the Noah-MP land surface model to simulate AET over the Ca Mau Peninsula?

6. RQ 3f Is the WRF-ARW model able to derive the present freshwater flux over the Ca Mau Penin-

sula, taking LULCC into account?

Before the analyses are presented, Chapter 4 provides an overview of all types of data and verifi-

cation methods that are employed in this study.
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4.1. Preface

This section is dedicated to the comprehensive description of all data utilized in this dissertation, along

with the presentation of all methods employed.

4.2. Data sources and processing

4.2.1. Station data observations

Daily rainfall observations were collected from 24 meteorological stations distributed across the Ca

Mau Peninsula (Fig. 4.1). Three of these stations report to the World Meteorological Organization

(WMO) at 6-hourly intervals, and one reports real-time at the same frequency to the National Center for

Hydro-Meteorological Forecasting (NCHMF) of Vietnam, as listed in Table 4.1. In contrast to rainfall,

reliable long-term observational datasets for evapotranspiration over the Ca Mau Peninsula are limited.

None of the meteorological stations in the study area is equipped with instruments capable of directly

measuring actual evapotranspiration (AET). For potential evapotranspiration (PET), two stations were

equipped with the manual evaporimeter GGI-3000, which was formerly used as a standard instrument

across the former Soviet Union and measures daily open-water evaporation. In addition, meteorological

data, including maximum and minimum temperatures, relative humidity, sunshine duration, and 10-m

wind speed from three stations covering the period 2007–2016, were used to compute PET using the

Penman–Monteith method (Shuttleworth, 1993) for validation of daily PET. Previous studies suggest

that Penman–Monteith PET correlates reasonably with GGI-3000 observations, although it is typically

positively biased by approximately ~0.8 mm day−1 (Kohut et al., 2014; Iuliana and Neculau, 2015).

4.2.2. Satellite-based observations

Satellite-based datasets, including precipitation, land-use and land-cover (LULC), and leaf area index

(LAI), provide an essential source of information for monitoring and analyzing freshwater flux over

Vietnam, a region characterized by pronounced climatic variability and frequent extreme weather events.

Derived from remote sensing observations, these products offer spatially continuous and temporally con-

sistent representations of rainfall, land surface conditions, and vegetation status across diverse regions
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Table 4.1.: Type of station, station name, and locations of the 24 precipitation stations used in this study. Numbers
correspond to those used in Fig. 4.1. PR: Public rain gauges; WMO: Stations reporting to the global telecommu-
nication system of the World Meteorological Organization (WMO); LO: Station reporting to the National Centre
for Hydro-Meteorological Forecasting (NCHMF) of Vietnam; CM: Ca Mau province; KG: Kien Giang province;
BL: Bac Lieu province; CT: Can Tho province.

No Type of station Station name Province Longitude[oE] Latitude[oN]
1 PR Dam Doi CM 105.200 9.000
2 PR Song Doc CM 104.833 9.041
3 PR Nam Can CM 105.005 8.763
4 PR U Minh CM 104.967 9.417
5 WMO Ca Mau CM 105.150 9.183
6 PR Khanh Hung CM 104.910 9.137
7 PR Thoi Binh CM 105.083 9.350
8 PR Van Thoi CM 104.967 9.050
9 PR Ha Tien KG 104.483 10.383
10 WMO Rach Gia KG 105.083 10.000
11 PR Xeo Ro KG 105.100 9.867
12 PR Hon Dat KG 104.833 10.267
13 PR Vinh Hoa Hung KG 105.383 9.750
14 PR Tan Hiep KG 105.233 10.083
15 PR Giong Rieng KG 105.317 9.900
16 PR Kien Luong KG 104.650 10.283
17 PR An Bien KG 105.050 9.983
18 PR Dong Hai BL 105.667 9.200
19 LO Bac Lieu BL 105.717 9.283
20 PR Gia Rai BL 105.467 9.233
21 PR Ganh Hao BL 105.422 9.033
22 PR Ngan Dua BL 105.467 9.567
23 PR Phuoc Long BL 105.450 9.433
24 WMO Can Tho CT 105.767 10.033

of the country. Given Vietnam’s complex topography and high vulnerability to climate change, satellite-

based datasets play a critical role in evaluating and validating the performance of RCMs, such as the

WRF-ARW model.

In terms of rainfall data, in this study, two gridded, satellite-based rainfall estimates are used for

model validation. These are the 3-hourly Tropical Rainfall Measuring Mission 3B42 V7 at 0.25o x 0.25o

spatial resolution (TRMM; Huffman and Bolvin, 2013) and the daily Climate Hazard Infrared Precipi-

tation with Stations v2.0 dataset at 0.05o x 0.05o spatial resolution (CHIRPS; Funk et al., 2015). The

TRMM 3B42 V7 product is part of the TRMM Multi-Satellite Precipitation Analysis (TMPA) frame-

work; hereafter, this dataset is referred to as TMPA. The strength of satellite-based rainfall estimates lies

in their good spatial coverage, easy accessibility, and relatively high spatial and temporal resolutions,

while their drawbacks have been clearly recognized, comprising a high level of uncertainty, afflicted

with the retrieval algorithms, data sources, and gauge adjustment procedures (Ebert et al., 2007; Guo
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Figure 4.1.: Topography (shading), provinces in the Ca Mau Peninsula, and model domain for WRF-ARW simu-
lations (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, and red points
show stations from which evaporation data were used (see Table 4.1 for station information).

et al., 2015). Therefore, it is necessary to investigate the performance of each satellite-based rainfall esti-

mate in the research area before using it to validate the model’s simulated precipitation. To date, CHIRPS

v2.0 and TMPA have been evaluated for the Ca Mau Peninsula in several studies (e.g., Guo et al., 2017;

Luo et al., 2019; Dinh et al., 2020). The results are consistent, indicating that both TMPA and CHIRPS

v2.0 perform well in precipitation estimation, with TMPA exhibiting superior performance. Neverthe-

less, CHIRPS v2.0, with its higher spatial resolution and reasonable ability to identify and characterize

drought events, can be used for validation, especially during the El Niño period and the dry season.

We have provided further evidence that TMPA has good performance over the Ca Mau Penin-

sula by an analysis of TMPA data at all rain gauges against observations by using the Taylor diagram

(Taylor, 2001). Statistics are presented on a Taylor diagram in Fig. 4.2a, which shows the total spatial

and temporal variability of daily precipitation from TMPA estimation and its successor: the Integrated

Multi-satelliTe Retrievals for Global Precipitation Measurement the latest Version 06 (GPM IMERG;

Hou et al., 2014) at all stations in the Ca Mau Peninsula in the rainy season, the dry season and the whole

year of the period 2007–2016. Following the successes of TMPA, GPM IMERG has increased its spatial

and temporal resolution, from 0.25o and 3 hours to 0.1o and half an hour. For the rainy season, TMPA

estimates at all stations show a correlation with observations of 0.55; in the dry season, the correlation

is lower at 0.46. The normalized standard deviation of space-time variation in daily precipitation in the

rainy season is between 0.75 and for the dry season is 0.81. The absolute value of percentage bias is

less than 1% in both dry and rainy seasons. These results are in line with previous results in examining

the performance of TMPA estimation over the Ca Mau Peninsula (Luo et al., 2019; Dinh et al., 2020).

Regarding GPM IMERG, the discrepancies with TMPA in terms of correlation, normalized standard
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deviation, and RMSE are considered insignificant; however, the percentage bias is relatively high, es-

pecially during the dry season, at approximately 24%. As a result, we choose TMPA instead of GPM

IMERG to validate the performance of the model.

Figures 4.3a and 4.3b depict the average daily rainfall in the dry season and rainy season over

Figure 4.2.: Taylor diagrams of (a) daily TMPA (red symbols), GPM IMERG rainfall (blue symbols) and daily
ERA5 PET (red symbols), DPET (blue symbols) evaluated against (b) estimates using the Penman-Monteith
equation (red symbols), (c) GGI-3000 measurements for the rainy seasons, dry seasons and whole years over the
period from 2008 to 2017.

the Ca Mau Peninsula for the 10-year period 2008–2017 based on TMPA data. Consistent with previ-

ous findings based on rain-gauge observations reported by Dang et al. (2020b), a pronounced contrast is

evident between the rainfall of the rainy and dry seasons. During the rainy season, significant rainfall

is evident across the entire domain, with rates ranging from 6 to 10.5 mm day−1; the regions with the

highest rainfall are located on the western coastline of the peninsula. Conversely, during the dry season,

rainfall rates across the domain range from 1.5 to 3 mm day−1.

Furthermore, to evaluate the performance of TMPA in estimating the diurnal cycle of precipitation

over the Ca Mau Peninsula during the rainy season, 3-hourly precipitation from 14 automatic weather

stations was collected for validation in 2019 and 2020. The analysis highlights that the performance of

TMPA is very promising in simulating precipitation amount, precipitation frequency, and precipitation

intensity (not shown).

With respect to LULC representations, two datasets are commonly available for applications

within the WRF-ARW model. The first is the United States Geological Survey (USGS) dataset, de-

rived from Advanced Very High Resolution Radiometer imagery and representing global land-cover

conditions during the period from April 1992 to March 1993. This dataset follows the USGS clas-

sification scheme comprising 24 land-use categories. The second dataset is produced by the Univer-

sity of Boston based on Moderate Resolution Imaging Spectroradiometer (MODIS) observations and

characterizes land-cover conditions for the year 2001. It adopts the International Geosphere–Biosphere

Programme (IGBP; Gilliam and Pleim, 2010) classification, which distinguishes 20 discrete land-use

categories. A key distinction between the two datasets lies in their treatment of mixed land-cover types.

Compared with the MODIS product, the USGS dataset includes more four mixed categories, such as
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Figure 4.3.: Mean daily TMPA rainfall (a) in the dry seasons and (b) in the rainy seasons over the period from
2008 to 2017.

dryland cropland and pasture, mixed dryland/irrigated cropland and pasture, cropland/woodland mosaic,

and herbaceous tundra, that are not commonly representative of land-use conditions within the study

domain. Consequently, the MODIS-based dataset is selected as the default land-use representation in

the WRF-ARW simulations. Nevertheless, it should be noted that both datasets were generated more

than two decades ago, and substantial changes in regional ecosystems and land-use patterns since their

production raise concerns regarding their current validity.

In addition to the default land-use data embedded in the WRF-ARW model, this study incorporates

two updated and more realistic LULC datasets, including one global-scale product and one regional-scale

product. For global land-cover representation, the Climate Change Initiative Land Cover dataset (CCI;

Defourny et al., 2012), developed under the European Space Agency framework, is employed and is

hereafter referred to as LU1. This dataset is derived from satellite observations acquired by the Medium-

Resolution Imaging Spectrometer and provides a consistent and globally harmonized land-cover classifi-

cation suitable for climate modelling applications. Experience from the GLOBCOVER project indicates

that LU1 exhibits a high degree of temporal stability, a property that is particularly critical when land-

cover time series are required as model input (Defourny et al., 2012). The LU1 dataset is available at a

spatial resolution of 300 m for the period 1992–2015, followed by an enhanced resolution of 100 m for

2016–2019. It distinguishes 22 land-cover categories and is referenced to the World Geodetic System

1984 coordinate. Despite continuous advances in global land-cover mapping, existing global land-cover

products generally exhibit overall accuracies ranging from approximately 67% to 81%, with substantial

variability across individual land-cover classes (e.g., Mayaux et al., 2006; Friedl et al., 2010; Gong et al.,

2013; Tateishi et al., 2014; Chen et al., 2015; Hua et al., 2018). In this context, Achard et al. (2017)

reported an overall classification accuracy of 75.4% for LU1 in 2015.
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At the regional scale, this study utilizes the LULC dataset from the Regional Land Cover Mon-

itoring System developed for the Greater Mekong region (Saah et al., 2016). This dataset is hereafter

denoted as LU2. This product covers five countries, such as Cambodia, the Lao People’s Democratic

Republic, Myanmar, Thailand, and Vietnam, and was generated for the period 1988–2017 using Landsat

archive imagery and supervised classification techniques implemented within the Google Earth Engine

platform. LU2 distinguishes 18 land-use categories at a 30m spatial resolution and achieves an over-

all classification accuracy of approximately 94% when accounting for uncertainty across the full region

(Saah et al., 2020). As a regionally tailored product, LU2 demonstrates a clear performance advantage

over global land-cover datasets, such as LU1, in the Greater Mekong context. Validation against national

forest resources and agricultural productivity statistics for Vietnam indicates an overall accuracy of 89%

for LU2 during 1988–2017, with class-specific accuracies ranging from 79% to 99% (Poortinga et al.,

2019). At the provincial scale, the highest classification accuracy is reported for Ca Mau Province. Fur-

ther analysis reveals that Ca Mau experienced rapid expansion of aquaculture ponds, largely driven by

the conversion of rice paddies and mangrove areas, consistent with earlier findings by Tran et al. (2015).

Beyond land-cover mapping, LU2 has been identified as a valuable dataset for assessing the impacts of

policy interventions on food security, ecosystem services, and natural capital across the region (Poortinga

et al., 2019).

In terms of LAI products, we employ a global LAI dataset, namely the European Geoland version

2 (GEO; Baret et al., 2013), to examine the performance of the Noah-MP land surface model experi-

ments, coupled with the WRA-ARW model on simulating the LAI.

Among many land-surface types, vegetation significantly impacts Earth’s climate (Raupach, 1995;

Koster and Walker, 2015; Williams and Torn, 2015). At the global scale, plant transpiration accounts for

approximately 80% of terrestrial evapotranspiration (Jasechko et al., 2013; Schlesinger and Jasechko,

2014). Water absorbed by plant roots is subsequently released to the atmosphere through stomatal tran-

spiration at the leaf surface, implying that variations in LAI directly modulate transpiration rates and,

consequently, AET. LAI, defined as the one-sided leaf area per unit ground area, therefore represents

the effective photosynthetic and transpiring surface of vegetation. Owing to its central role in controlling

land–atmosphere exchanges, LAI is a key state variable in land-surface and phenological models govern-

ing carbon, energy, and water balances (Cowling and Field, 2003). To support global climate modelling

applications, the Global Climate Observing System recommends that LAI products achieve a maximum

uncertainty of 15% (GCOS, 2016), while most application communities consider a relative accuracy of

approximately 20% to be a minimum requirement.

In this context, the GEO v2.0 LAI product has undergone extensive global validation. Camacho

et al. (2018) evaluated GEO v2.0 for the period from October 2013 to October 2014, with subsequent

annual assessments of product stability documented by the Copernicus Global Land Service (Coperni-

cus Global Land Service, 2022). Compared with its predecessor (GEO v1.0), the GEO v2.0 product

exhibits improved spatial completeness (no gaps) and smoother profiles. Specifically, over evergreen-
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deciduous forests, the GEO v2.0 exhibited smooth trajectories with elevated values and minimal season-

ality, whereas the GEO v1.0 showed unexpectedly low LAI values, seasonality, and noise attributable to

persistent cloud cover. Accuracy assessments based on a limited set of coincident ground observations

(fewer than 15 sites) yielded an RMSE of approximately 0.79 for LAI, indicating performance suitable

for large-scale climate and land-surface modelling applications.

Lastly, it should be mentioned that this study utilized three categories of satellite-based datasets,

which consist of rainfall, LULC, and LAI, to evaluate freshwater flux simulation over the study area, in

addition to station-based observational data.

4.2.3. Model-derived gridded evapotranspiration datasets

Given the limited availability of observational data for two evapotranspiration concepts, namely PET and

AET, over the Ca Mau Peninsula, additional datasets are required for model evaluation. With respect to

PET, only two stations equipped with GGI-3000 evaporimeters and three meteorological stations, where

PET can be estimated using the Penman–Monteith formulation (Shuttleworth, 1993), are currently op-

erational in the region. In contrast, no observational station is equipped with instruments capable of

directly measuring AET. To address these data limitations, this study employs model-derived gridded

evapotranspiration datasets, which provide an independent and spatially continuous reference for assess-

ing the performance of the WRF-ARW model.

Until now, a number of model-derived gridded PET datasets have been developed; these comprise

the Global Land Evaporation Amsterdam Methodology v3.5 (GLEAM; Martens et al., 2017), the Ter-

raClimate (Abatzoglou et al., 2018), the ECMWF fifth-generation reanalysis (ERA5; Hersbach et al.,

2020), the Japanese 55-year Reanalysis Project (JRA-55; Kobayashi et al., 2015), the Modern-Era Ret-

rospective Analysis for Research and Application 2 (MERRA-2; Gelaro et al., 2017), and the Daily

Potential Evapotranspiration (DPET; Singer et al., 2021). The accuracy of the gridded model-derived

PET dataset varies significantly across different regions and seasons; however, little research has been

conducted to evaluate its ability to mimic the spatial-temporal distribution in the Ca Mau Peninsula. In

this study, ERA5 and DPET are selected for PET evaluation.

Our study provides considerable insight into the potential of ERA5 and DPET for estimating PET

over the Ca Mau Peninsula. The two datasets have the potential to outperform all previous PET datasets

due to the fact that they have a high temporal resolution (hourly), high spatial resolution (0.1 degrees in

the case of DPET and 0.25 degrees in the case of ERA5), long available duration, and a small number

of missing points over the Ca Mau Peninsula. The Taylor diagrams are used to show the performance of

PET estimated from ERA5 and DPET as compared to the estimates using the Penman-Monteith equa-

tion at three stations, including Ca Mau, Rach Gia, and Bac Lieu, and GGI-3000 measurements at two

stations, consisting of Ca Mau and Bac Lieu (Figs 4.2b,c) for the period from 2008 to 2017. Overall,

both the PET estimated from ERA5 and DPET performed better during the dry season than during the
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rainy season, and they showed very similar correlation coefficients. Compared with GGI-3000 measure-

ments, the correlation coefficients between the two datasets are relatively high: 0.75 in the dry season

and 0.59 in the rainy season. Meanwhile, compared to estimates from the Penman-Monteith equation,

the correlation coefficients are higher: 0.80 in the dry season and 0.65 in the rainy season. Regarding the

percentage bias, DPET shows negative values relative to both GGI-3000 measurements and estimates

from the Penman-Monteith equation, ranging from 10 to 15%. In contrast, most percentage biases from

ERA5 are positive values, ranging from 0 to 10%. These positive results suggest that both ERA5 and

DPET have a good performance on estimating PET over the Ca Mau Peninsula and will be used for

validating the performance of the model on simulating PET.

Figures 4.4a and 4.4b present the spatial distribution of mean daily PET during the dry and rainy

Figure 4.4.: Mean daily ERA5 PET (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 the mean daily ERA5 AET. PET and AET data are only available over the continent;
over the ocean, all data points are missing and are marked in yellow.

seasons over the Ca Mau Peninsula for the period 2008–2017, as derived from the ERA5 dataset. Figures

4.5a and 4.5b show the corresponding seasonal PET fields obtained from the DPET dataset. Based on

ERA5, the PET across the domain ranges from approximately 4.5 to 5.5 mm day−1 in the dry season

32



4.2. Data sources and processing

and from 3.5 to 4.5 mm day−1 in the rainy season, with the highest values consistently observed along

the western coastline of the peninsula. PET estimates from DPET exhibit similar spatial patterns but

systematically lower magnitudes, with values of approximately 3.5–4.5 mm day−1 during the dry season

and 3.0–4.0 mm day−1 during the rainy season. Overall, in contrast to rainfall, PET displays only a weak

seasonal contrast over the Ca Mau Peninsula, and no substantial differences in spatial distribution are

observed between ERA5 and DPET.

Figures 4.6a and 4.6b show the daily freshwater flux (TMPA-DPET) in the dry and rainy seasons

Figure 4.5.: Mean daily DPET PET (a) in the dry seasons and (b) in the rainy seasons over the period from 2008
to 2017. PET data is only available over the continent; over the ocean, all data points are missing and marked in
yellow.

across the Ca Mau Peninsula from 2008 to 2017. Freshwater flux over the Ca Mau Peninsula exhibits a

marked seasonal contrast. During the dry season, only negative values were detected across the Ca Mau

Peninsula, ranging from -1.0 to 3.0 mm day−1. This is the main reason for water scarcity in this region.

By contrast, the rainy season is characterized by persistently positive freshwater fluxes exceeding 4 mm

day−1, with maximum values concentrated along the western coastline of the peninsula.

Average monthly TMPA rainfall, PET archived from DPET, and the freshwater flux (TMPA-

DPET) were presented by the box plots in Fig. 4.7 during the period from 2008–2017. From this figure,

it is clear that the monthly rainfall over the Ca Mau Peninsula is lowest in January, February, and March,

as these months have values close to zero. In contrast, the maximum value of monthly rainfall occurs in

September and October. Regarding the monthly PET value, consistently recorded in March and April,

and the PET values in the dry season months are generally higher than those in the rainy season months.

In terms of monthly freshwater flux, only negative values were recorded from December to April, while

only positive values were found from May to November.

In Vietnam, both daily precipitation and daily PET measured by GGI-3000 evaporimeter from all
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Figure 4.6.: Mean daily freshwater flux (TMPA-DPET) (a) in the dry seasons and (b) in the rainy seasons over the
period from 2008 to 2017. The freshwater flux data is only available over the continent; over the ocean, all data
points are missing and marked in yellow.

stations were collected and designated as 24h amounts that were accumulated from 12:00 UTC, which

corresponds to 19:00 local time (LT), on the previous day to 12:00 UTC on the current day. As a result,

the daily-accumulated rainfall from TMPA and the daily PET from ERA5 were calculated for each grid

point on a specific date by aggregating 1- or 3-hour data values for the same time period mentioned ear-

lier, before the evaluations were conducted. In terms of CHIRPS v2.0 data, due to the fact that its time

resolution is daily, daily precipitation was accumulated over 24h starting at 00:00 UTC (07:00 LT), and

all daily precipitation evaluations against this data will be carried out in this time span. Regarding the

other gridded PET datasets, due to the different accumulated starting times compared to the observation

data (00:00 UTC and 12:00 UTC), we could not provide further evidence for this ability to estimate daily

PET over the Ca Mau Peninsula.

For AET estimation, no evidence of the performance of all gridded datasets could be found due to

Figure 4.7.: Box plot of (a) mean monthly TMPA rainfall, (b) mean monthly DPET PET, and (c) mean monthly
freshwater flux (TMPA-DPET) in all months over the period from 2008 to 2017.

the lack of observation data over the Ca Mau Peninsula. Consequently, it is inevitable for us to manipu-
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late all available gridded AET datasets, which include ERA5, GLEAM v3.5, and a merged AET product

from three model-based products using the Reliability Ensemble Averaging (REA) method, which mini-

mizes errors (Lu et al., 2021). Figures 4.4c and 4.4d illustrate the spatial distribution of mean daily AET

during the dry and rainy seasons over the Ca Mau Peninsula for the period 2008–2017, as derived from

ERA5. Overall, the mean daily AET is lower than the PET in both seasons. During the dry season, AET

values typically range from 3.5 to 4.5 mm day−1, while higher rates of approximately 4–5 mm day−1

are observed in the rainy season. Consistent with the spatial pattern of PET, maximum AET rates are

systematically concentrated along the western coastline of the Ca Mau Peninsula.

Notably, in this study, in addition to observations at the station, model-derived datasets were em-

ployed to validate the performance of the WRF-ARW on simulating PET and AET. Table 4.2 provides

detailed information on all datasets we used in this study.

4.2.4. Conversion of land-use/land-cover datasets to the WRF-ARW model

One of the primary objectives of this study is to replace the outdated default LULC dataset in the WRF-

ARW model over the Ca Mau Peninsula. This is achieved by incorporating newly available and updated

land-use datasets, as described in Section 4.2.2.

Specifically, two realistic LULC products are employed: (i) an annual global land-cover dataset

developed by the European Space Agency (denoted as LU1), and (ii) an annual regional land-cover

dataset covering the Greater Mekong region produced within the SERVIR-Mekong framework (denoted

as LU2). In addition to these realistic land-cover datasets, two hypothetical extreme LULC scenarios

are constructed to explicitly investigate the sensitivity of freshwater fluxes to LULCC over the Ca Mau

Peninsula. These scenarios include a Total Permanent Wetland scenario (LU3) and a Total Water Body

scenario (LU4). The hypothetical scenarios are generated by systematically modifying the land-use cate-

gories within the study domain such that, in LU3, all land-use grid points over the Ca Mau Peninsula are

converted to permanent wetlands, whereas in LU4, all grid cells are converted to water bodies. The adop-

tion of such hypothetical extreme LULC scenarios allows for the isolation and amplification of signals,

thereby facilitating a clearer assessment of the impacts of LULCC on freshwater fluxes. This approach

is particularly justified given the relatively limited area of the Ca Mau Peninsula and the generally weak

land–atmosphere coupling in the region, which may otherwise obscure LULCC-induced signals under a

more moderate LULC scenario.

All LULC datasets and scenarios implemented in the WRF-ARW domain are illustrated in Fig.

4.8. Table 4.3 summarizes the fractional area coverage of each LULC category, expressed as percentages

based on pixel counts, for the control simulation using the default MODIS LULC dataset, as well as for

simulations employing the LU1 and LU2 datasets and the two hypothetical scenarios, LU3 and LU4,

over the Ca Mau Peninsula in 2007. Each constructed LULC dataset and scenario was subsequently

converted into a single binary file compatible with the WRF-ARW model’s input requirements. Substan-
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Table 4.2.: List of datasets used for validation in this study. RF: Rainfall datasets; PET: Potential evapotranspira-
tion datasets; AET: Actual evapotranspiration datasets; LU: Land-use datasets; LAI: Leaf area index datasets.

No Type of
dataset

Dataset name Spatial
resolu-
tion

Temporal
resolu-
tion

Temporal
domain

1 RF TMPA (https://disc.gsfc.nasa.
gov/datasets/TRMM_3B42_7/
summary)

0.25o 3 hours 1998–2020

2 RF CHIRPS v2.0 (https://data.chc.
ucsb.edu/products/CHIRPS-2.0/)

0.05o 1 day 1981–2022

3 RF GPM IMERG (https://disc.gsfc.
nasa.gov/datasets/GPM_3IMERGHH_
06/summary)

0.1o 0.5 hour 2000–2021

4 PET ERA5 (https://cds.climate.
copernicus.eu/cdsapp#!/dataset/
reanalysis-era5-single-levels?
tab=overview)

0.25o 1 hour 1979–2022

5 PET DPET (https://data.
bris.ac.uk/data/dataset/
qb8ujazzda0s2aykkv0oq0ctp)

0.1o 1 hour 1981–2022

6 AET ERA5 (https://cds.climate.
copernicus.eu/cdsapp#!/dataset/
reanalysis-era5-single-levels?
tab=overview)

0.25o 1 hour 1979–2022

7 AET GLEAM v3.5 (https://www.gleam.
eu/)

0.25o 1 day 1980–2020

8 AET REA (https://zenodo.org/record/
4595941#.YkWcKTdBySN)

0.25o 1 day 1980–2017

9 LU CCI v1.0(http://maps.elie.ucl.ac.
be/CCI/viewer/download.php)

300m 1 year 1992–2015

10 LU CCI v2.0 (http://maps.elie.ucl.ac.
be/CCI/viewer/download.php)

100m 1 year 2016–2019

11 LU SERVIR-Mekong (https://www.
landcovermapping.org/en/
landcover/)

30m 1 year 1988–2017

12 LAI GEO v2.0 (https://land.
copernicus.eu/global/products/
lai)

1km 10 days 1999–2022

13 LAI ERA5 (https://cds.climate.
copernicus.eu/cdsapp#!/dataset/
reanalysis-era5-single-levels?
tab=overview)

0.25o 1 hour 1979–2022
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tial differences in land-use distributions are evident among the datasets across the Ca Mau Peninsula.

In 2007, croplands accounted for 41.51% of the Ca Mau Peninsula area in the default MODIS dataset,

compared to 85.02% in the LU1 dataset and 40.26% in the LU2 dataset (land-use categories follow the

classification codes listed in Table 4.4). In LU1, cropland is the dominant land-use category, covering

85.02% of the peninsula, followed by permanent wetlands at 5.25%. In contrast, LU2 is characterized by

a predominance of permanent wetlands, which occupy 54.49% of the area, and croplands, which account

for 40.26%. The spatial patterns in the LU2 dataset are consistent with previous findings by Phan et al.

(2021), reflecting the rapid expansion of agricultural and aquaculture land across the Ca Mau Peninsula

since 2000. These results suggest that LU2 offers a more accurate representation of the region’s current

land-use conditions.

For implementation within the WRF-ARW model, the land-use data derived from both LU1 and

Table 4.3.: Percentage cover of each LULC category in terms of pixel counts for each LULC dataset over the Ca
Mau Peninsula in 2007.

LULC variables Value Control LU1 LU2 LU3 LU4
Evergreen Needleleaf Forests 1 18.91 3.18 0.00 0.00 0.00
Evergreen Broadleaf Forests 2 12.92 0.37 0.00 0.00 0.00
Deciduous Needleleaf Forests 3 0.00 0.00 0.00 0.00 0.00
Deciduous Broadleaf Forests 4 0.00 0.00 0.00 0.00 0.00
Mixed Forests 5 13.86 0.00 0.00 0.00 0.00
Closed Shrublands 6 0.19 0.00 0.00 0.00 0.00
Open Shrublands 7 0.56 0.00 0.00 0.00 0.00
Woody Savannas 8 0.00 0.94 0.00 0.00 0.00
Savannas 9 0.00 0.00 0.00 0.00 0.00
Grasslands 10 0.56 0.00 0.00 0.00 0.00
Permanent Wetlands 11 8.24 5.24 54.49 100.00 0.00
Croplands 12 42.51 85.02 40.26 0.00 0.00
Urban and Built-up Lands 13 0.00 0.00 0.00 0.00 0.00
Cropland/Natural Vegetation
Mosaics

14 0.00 0.19 0.00 0.00 0.00

Permanent Snow and Ice 15 0.00 0.00 0.00 0.00 0.00
Barren 16 0.75 0.00 0.00 0.00 0.00
Water Bodies 17 1.50 5.06 2.25 0.00 100.00
Wooded Tundra 18 0.00 0.00 0.00 0.00 0.00
Mixed Tundra 19 0.00 0.00 0.00 0.00 0.00
Barren Tundra 20 0.00 0.00 0.00 0.00 0.00

LU2 were reclassified to conform to the MODIS land-use categories. The correspondence between LU1

and LU2 land-use codes and the MODIS categories is summarized in Table 4.4. Each land-use category

is characterized by a set of surface properties, including surface albedo (α), emissivity(ε), heat capacity

(C), soil moisture availability (M), thermal inertia (λ ), and surface roughness length(z0).
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Table 4.4.: Climate Change Initiative (LU1), SERVIR-Mekong (LU2), and Moderate-resolution Imaging Spec-
troradiometer (MODIS) land-use data code conversion table. x denotes that this category does not exist in this
LULC dataset. Parameters from left to right are: surface albedo (α) [%], emissivity (ε) [%], surface roughness
length (z0) [10−2m], heat capacity (C) [105 Jm−3K−1], thermal inertia (λ ) [4.184 x 102 J K−1 m−2 s−1/2]

MODIS
Cate-
gories

Category name α ε z0 C λ LU1 Categories LU2 Cat-
egories

1 Evergreen Needle-
leaf Forests

12.00 0.95 50 3.33 4 70,71,72 x

2 Evergreen Broadleaf
Forests

12.00 0.95 50 1.67 5 50 7,8

3 Deciduous Needle-
leaf Forests

14.00 0.94 50 2.86 4 80,81,82 x

4 Deciduous
Broadleaf Forests

16.00 0.93 50 2.63 4 60,61,62 x

5 Mixed Forests 13.00 0.93 50. 2.11 4 90 9,6
6 Closed Shrublands 22.00 0.93 5 1.56 3 121 x
7 Open Shrublands 20.00 0.95 6 2.14 3 122,120 17
8 Woody Savannas 22.00 0.93 5 1.56 3 100 x
9 Savannas 20.00 0.92 15 2.00 3 110 x
10 Grasslands 19.00 0.96 12 2.37 3 130 16
11 Permanent Wetlands 14.00 0.95 30 1.32 5.5 160,170,180 4,5,15,18
12 Croplands 17.00 0.985 15 2.71 4 10,11,12,20 11,12
13 Urban and Built-up

Lands
15.00 0.88 80 1.67 3 190 10

14 Cropland/Natural
Vegetation Mosaics

18.00 0.98 14 2.56 4 30,40

15 Permanent Snow
and Ice

55.00 0.95 0.1 0.0 4 220 3

16 Barren 25.00 0.90 1 0.81 2 140,150,151,152,
153,200,201,202

13,14

17 Water Bodies 8.00 0.98 0.01 0 6 210 2
18 Wooded Tundra 15.00 0.93 30 2.67 5 x x
19 Mixed Tundra 15.00 0.92 15 2.67 5 x x
20 Barren Tundra 25.00 0.90 10 1.60 2 x x
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Figure 4.8.: Different LULC datasets used for the simulations over the Ca Mau Peninsula: a Control, b LU1, c
LU2, d LU3, e LU4. The legend value is the same as in Table 4.3.

4.3. Meteorological modelling: the WRF-ARW model

4.3.1. Model description

Simulations of precipitation and PET are conducted using version 4.0 of the WRF-ARW model (Ska-

marock et al., 2019). The WRF-ARW has been widely employed to study the climate of the Ca Mau

Peninsula (e.g., Chotamonsak et al., 2011; Laux et al., 2013; Raghavan et al., 2016; Jiang et al., 2019). In

these studies, the main downside of the WRF-ARW model is the inaccurate simulated precipitation over

the Ca Mau Peninsula, with overestimation of precipitation during the transition periods between the dry

and wet seasons (Jiang et al., 2019) and underestimation in the rainy season (Raghavan et al., 2016).

39



4. Data and Methods

4.3.2. Model parameterizations and experimental design

The findings presented in Section 2.4.1 highlight that the selection of physical parameterization schemes

is critical for accurately simulating freshwater fluxes over the Ca Mau Peninsula. Accordingly, a suite of

sensitivity experiments is designed to evaluate the role of key physical parameterizations.

Three planetary boundary layer (PBL) schemes are tested: Mellor-Yamada-Nakanishi-Niino Level

2.5 (MYNN2.5; Nakanishi and Niino, 2006), Mellor–Yamada–Janjic (MYJ; Janjić, 1994), and Asym-

metric Convective Model version 2 (ACM2; Pleim, 2007). Based on their representation of vertical

turbulent transport, PBL schemes are commonly categorized into local and non-local formulations (Holt-

slag and Boville, 1993). Local turbulence schemes, such as MYNN2.5 and MYJ, parameterize turbulent

mixing using information from only adjacent vertical levels. In contrast, non-local schemes, including

ACM2, account for mixing over a deeper vertical extent by incorporating contributions from multiple

levels, thereby representing vertically integrated transport processes across the entire PBL (Cohen et al.,

2015). It is important to note that both local and non-local PBL schemes rely on simplifying assumptions

and may not perform optimally across all climatic regimes. Each scheme is paired with its corresponding

surface-layer scheme and further tested with or without the activation of the option proposed by Zeng

and Beljaars (2005), resulting in six baseline experiments (Table 4.5a). 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.

The model domain covers the Ca Mau Peninsula and adjacent regions, including Central Vietnam,

Table 4.5.: Details of WRF-ARW configurations for (a): different PBL scheme, no Cumulus scheme, correspond-
ing surface layer scheme, sst_skin option (on/off) and (b): MYNN2.5 PBL scheme, different Cumulus scheme,
turn on sst_skin option.

Experiment Name PBL
scheme

Cumulus scheme Surface
Layer
scheme

sst_skin

(a)
WRF-MYNN2.5 MYNN2.5 NONE MYNN ON
WRF-MYJ MYJ NONE ETA ON
WRF-ACM2 ACM2 NONE MM5 ON
WRF-MYNN2.5-s MYNN2.5 NONE MYNN OFF
WRF-MYJ-s MYJ NONE ETA OFF
WRF-ACM2-s ACM2 NONE MM5 OFF

(b)
WRF-MYNN2.5-KF MYNN2.5 KAIN–FRITSCH MYNN ON
WRF-MYNN2.5-BMJ MYNN2.5 BETTS–MILLER–JANJIC MYNN ON
WRF-MYNN2.5-GL MYNN2.5 GRELL–FREITAS MYNN ON
WRF-MYNN2.5-AKW MYNN2.5 NEW SIMPLIFIED

ARAKAWA–SCHUBERT
MYNN ON

WRF-MYNN2.5-G3D MYNN2.5 GRELL 3D ENSEMBLE MYNN ON
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Cambodia, Southern Laos, and Northeastern Thailand (98.4–112oE, 2.6–16oN; Fig. 4.1). The domain

resolution is 5 km, with 300 × 300 horizontal grid points, 37 vertical levels, and a model top at 10 hPa.

Boundary and initial conditions are provided by the ERA5 reanalysis (Hersbach et al., 2020) at a reso-

lution of ~30 km and a temporal frequency of 3 hours. To assess climate variability, three representative

years are selected based on the Niño 3.4 index, from the National Oceanic and Atmospheric Admin-

istration (NOAA) Climate Prediction Center (CPC): 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).

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 (Janjić, 1994), Grell–Freitas (Grell and Freitas, 2014), New Simpli-

fied Arakawa–Schubert (Kwon and Hong, 2017), and Grell 3D Ensemble (Grell and Dévényi, 2002) to

examine the influence of cumulus scheme on simulating precipitation (Table 4.5b). Physics parameter-

izations unrelated to the PBL are selected following common WRF-ARW practices in Southeast Asia:

WSM6 microphysics (Hong and Lim, 2006), Dudhia shortwave radiation (Dudhia, 1989), Rapid Radia-

tive Transfer Model (RRTM) longwave radiation (Mlawer et al., 1997), and the Noah-MP land surface

model (Yang et al., 2011; Niu et al., 2011). Together, these simulations allow for a comprehensive as-

sessment of the sensitivity of precipitation and PET to the PBL scheme and the sst_skin option under

contrasting ENSO conditions.

4.3.3. Noah-MP Land surface model

Noah-MP represents a next-generation land surface modelling framework that extends the original Noah

model by incorporating enhanced physical formulations and multiple parameterization options governing

land–atmosphere interactions. These developments enable a more flexible representation of key surface

processes, including vegetation dynamics, canopy stomatal resistance, soil moisture controls on tran-

spiration, surface and subsurface runoff, groundwater processes, surface exchange coefficients, canopy

radiative transfer, frozen soil hydrology, snow processes, and lower soil boundary conditions. A compre-

hensive description of the revised physical formulations and underlying theoretical advances is provided

by Niu et al. (2011); Yang et al. (2011).

In this study, Noah-MP version 1.6 is employed, and the control configuration for twelve core

land-surface processes is adopted following the recommendations of Yang et al. (2011); Ma et al. (2017);

Gan et al. (2019) (Table 4.7). Independent evaluations further support the suitability of Noah-MP within

the WRF-ARW modelling framework; for example, Achugbu et al. (2024) compared four land surface

schemes across multiple regions in West Africa and identified Noah-MP as the most robust option for

precipitation simulations.
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Most third-generation land surface models represent vegetation state variables such as LAI either

through vegetation-type-dependent parameterizations or by prescribing climatological values (Sellers

et al., 1997; Pitman, 2003). Given vegetation’s central role in controlling AET, particular emphasis is

placed here on selecting vegetation process options. Noah-MP version 1.6 provides nine alternative

vegetation schemes, which can be broadly grouped into dynamic and non-dynamic configurations (Ta-

ble 4.6). These options primarily differ in how they treat LAI and vegetation fraction (FVEG). In the

dynamic formulations, LAI evolves prognostically through a leaf growth model, whereas in the non-

dynamic configurations, LAI is prescribed from monthly lookup tables or derived from external forcing

data, such as ERA5.

For the representation of vegetation fraction, Noah-MP offers three alternative approaches: (1)

direct specification from atmospheric forcing data, (2) diagnostic estimation as a function of LAI, and (3)

assignment of a prescribed maximum vegetation fraction. Monthly LAI values for individual land-use

categories are defined within the MPTABLE.TBL file, while maximum FVEG values are specified in the

VEGPARM.TBL file. These configurable options allow for systematic sensitivity experiments targeting

the role of vegetation processes in land–atmosphere coupling and evapotranspiration dynamics.

The method is employed to calculate the FVEG as a function of the LAI by the following

Table 4.6.: The available options for the vegetation process in Noah-MP version 1.6. The options chosen in this
study are in bold.

Options Category Method of calculating LAI Method of calculating FVEG

1 Non-dynamic Using the monthly value of
LAI

Using forcing data (ERA5)

2 Non-dynamic Using the monthly value of
LAI

LAI = 1− e−0.52×LAI

3 Non-dynamic Using the monthly value of
LAI

Using the maximum FVEG

4 Non-dynamic Using the ERA5 forcing data Using forcing data (ERA5)

5 Non-dynamic Using the ERA5 forcing data LAI = 1− e−0.52×LAI

6 Non-dynamic Using the ERA5 forcing data Using the maximum FVEG

7 Dynamic Estimated based on the dy-
namic leaf model

Using forcing data (ERA5)

8 Dynamic Estimated based on the dy-
namic leaf model

LAI = 1− e−0.52×LAI

9 Dynamic Estimated based on the dy-
namic leaf model

Using the maximum FVEG

equation:

FV EG = 1− e−0.52×LAI (1)
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The dynamic vegetation configurations implemented in Noah-MP rely on the Ball–Berry stomatal

conductance formulation (Ball et al., 1987) and incorporate a prognostic LAI growth model originally

proposed by Dickinson et al. (1998). This vegetation module couples photosynthetic carbon assimilation

with vegetation structural dynamics through two interlinked components. The first component, following

the framework of Collatz et al. (1991), explicitly represents photosynthesis for both sunlit and shaded

leaves and provides the basis for dynamic leaf growth. The second component governs the allocation of

assimilated carbon, accounting for respiratory losses and phenological development. To better represent

stem-rich plants, Noah-MP further extends this framework by introducing a stem carbon balance equa-

tion (Yang and Niu, 2003). Through this formulation, the model explicitly simulates key biochemical

and physiological processes, including carbon uptake via photosynthesis, the partitioning of assimilated

carbon among multiple reservoirs (leaf, stem, wood, root, and soil), and respiration associated with each

carbon pool. The calculation of leaf carbon mass, Clea f (gm−2), follows the formulation given below:

∂Clea f

∂ t
= Flea f ×A− (Scd +Tlea f +Rlea f )×Clea f (2)

where A represents the total carbon uptake rate of both sunny and shaded leaves (gm−2s−1); Flea f

is the proportion of absorbed assimilated carbon designated for the leaf; Scd represents the mortality rate

attributable to cold and drought stressors; Tlea f is the rate of leaf turnover due to senescence, herbivory,

or mechanical loss; and Rlea f represents the rate of leaf turnover resulting from senescence, herbivory,

or mechanical loss. A simplified representation of the above formulation is given by:

Clea f =Clea f +(NPPlea f −Tlea f −Scd)×dt (3)

where NPPlea f is the leaf net primary productivity (gm−2s−1), the LAI (m2m−2) is derived from

the Clea f via a vegetation-type-dependent statistic known as leaf area per unit mass APUlea f (m2g−1).

LAI =Clea f ×APUlea f (4)

All available options for the vegetation process in Noah-MP version 1.6 are listed in Table 4.6.

To identify a suitable vegetation option in the Noah-MP model, we employed two options in this study:

option 4 (non-dynamic) and option 7 (dynamic). Since the Noah-MP model simulates LULCC effects

within the WRF-ARW model, we conducted two experiments using the MODIS and LU2 LULC datasets

to understand how each component of AET responds to these options. The experiments for the compar-

ison of the vegetation process and the LULC datasets are summarized in Table 4.8.
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Table 4.7.: Noah-MP Parameterization schemes selected for the experiments

Subprocess Options
selected

Description

Vegetation process 4, 7 Option 4: It calculates the LAI and FVEG using forcing data.
Option 7: It calculates the LAI and FVEG using the growth
model proposed by Dickinson et al. (1998).

Canopy stomatal re-
sistance

1 Option 1: It establishes a mechanistic coupling between pho-
tosynthesis and transpiration by relating stomatal conductance
to CO2 fluxes through the stomata (Ball et al., 1987).

Plant water stress
threshold

1 Option 1: The soil moisture control on stomatal resistance is
parameterized as an explicit function of soil water availability
(Chen and Dudhia, 2001).

Runoff and ground-
water

3 Option 3: Infiltration is parameterized as a function of near-
surface soil moisture and soil texture, while surface runoff is
diagnosed as the residual of precipitation after infiltration in
the model (Schaake et al., 1996).

Surface layer ex-
change coefficients

2 Option 2: It neglects the zero-displacement height and instead
applies distinct roughness length values for heat and momen-
tum (Chen et al., 1997).

Radiation transfer 3 Option 3: It applies a two-stream approximation to the FVEG,
while the canopy gap probability is given by 1-FVEG.

Super-cooled liquid
water in frozen soil

1 Option 1: It adopts a generalized formulation of the freezing-
point depression relationship (Niu and Yang, 2006).

Frozen soil perme-
ability

2 Option 2: It derives hydraulic properties from the liquid water
content (Koren et al., 1999).

Snow surface albedo 2 Option 2: It represents snow surface albedo by incorporating
the effects of fresh snow and snow age (Verseghy, 1991).

Rain and snow parti-
tioning

1 Option 1: It follows the functional formulation proposed by
Jordan (1991).

Surface resistance to
evaporation

1 Option 1: It represents the influence of plant litter cover on
water vapor exchange and incorporates the effects of under-
canopy atmospheric stability on canopy-level turbulent resis-
tance (Sakaguchi and Zeng, 2009).
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Table 4.8.: Summary of the WRF-ARW experiments for the intercomparison of the LULC dataset and vegetation
process option. For all experiments, the Mellor-Yamada-Nakanishi-Niino Level 2.5 PBL scheme, the MYNN
surface layer scheme, the WRF single moment 6-class microphysics scheme, and the explicit convection scheme
are used.

Experiment name Vegetation process LU dataset
WRF-MYNN2.5-ON 7 MODIS
WRF-MYNN2.5-OFF 4 MODIS
WRF-LU2-ON 7 LU2
WRF-LU2-OFF 4 LU2

4.4. Methods

4.4.1. Potential evapotranspiration and actual evapotranspiration estimation

The presented analyses count on the evaluation of PET using both observation data from stations and

model simulations using the WRF-ARW model. In both cases, the Penman-Monteith equation (Shuttle-

worth, 1993) is used for calculating PET:

PET =
△

△+ γ
× (Rn +Ah)+

γ

△+ γ
× 6.43× (1+0.536×U2)×D

λ
(5)

where PET is the daily PET in mm day −1, △ is the slope of the saturation vapor pressure curve in

kPa °C−1, Rn is the surface net radiation 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, 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 (6)

where U10 is the 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 = 0.77×Rs −0.5×σ × (T 4
max,k +T 4

min,k)× (0.34−0.14×
√

ea)× (1.35× Rs

Rs0
−0.35) (7)

Rs = Ra × (a+b× n
N
) (8)

Rs0 = Rs × (0.75+2×10−5 × z) (9)

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,k and Tmin,k are the maximum and minimum temperature at 2 m

height in K, ea is the actual vapor pressure in kPa, Rs0 is the clear-sky solar radiation in MJ m−2 day−1,
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Ra is the extraterrestrial radiation in MJ m−2 day−1, a and b empirical coefficients (a=0.25 and b=0.5),

n is the actual sunshine duration in h, N is the maximum possible sunshine duration in h, and z is the

station elevation above the sea in m.

For WRF-ARW 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.

Rs0 =
t=12

∑
t=−12

Rswu +Rswd +Rlwu +Rlwd (10)

where Rswu is the upward shortwave radiation, Rswd is the downward shortwave, Rlwu is the up-

ward longwave radiation, and Rlwd is the downward longwave radiation (all at the surface and in MJ

m−2).

As Donohue et al. (2010); Dai (2011) previously reported, the Penman-Monteith formula outper-

forms other formulas for estimating PET.

The AET from the WRF-ARW model was extracted from the Noah-MP model. It is the sum of

three components: direct evaporation, evaporation from the canopy, and transpiration.

4.4.2. Evaluation methods

To statistically compare the performance of each WRF-ARW experiment against the gridded products,

PET and precipitation fields from the WRF-ARW 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

v2.0 grid using conservative remapping (Jones, 1999). After remapping, these data have been evaluated

based on three basic statistical indices, the correlation coefficient, Root Mean Square Error (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

(11)

RMSE =

√
1
n

n

∑
i=1

(Pi −Oi)2 (12)

PBIAS =
∑

n
i=1(Pi −Oi)

∑
n
i=1(Oi)

×100 (13)

where n is the number of samples, Oi is the observed precipitation or PET, and Pi is the simulated

precipitation or PET from WRF-ARW output.

With respect to the statistical evaluation against station data, the simulated precipitation, PET, and

AET were interpolated with values at the closest four grid points to the station locations. Instead of eval-

uating by three separate indices, all indices are represented in a Taylor diagram (Taylor, 2001), which

combines these three values into a single point. To simplify comparisons across variables with differ-
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ent units, the RMSE and standard deviation have been normalized by each variable’s observed standard

deviation before plotting (Taylor, 2001). The correlation coefficient values indicate the temporal and

spatial similarity between the observations at the station and the simulated precipitation or PET from the

WRF-ARW model. In the diagram, the azimuthal angle corresponds to the correlation coefficient. The

dashed line, denoted as “REF”, represents the normalized standard deviation of the observations, while

the dotted semicircles emanating from the intersection between the observational standard deviation and

the horizontal axis correspond to contours of normalized RMSE. Experiments with the smallest RMSE

are highlighted with a color-filled background of the number indicating the station location. Locations

with negative correlations 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; Tuan, 2019). For

this reason, the performance of each WRF-ARW experiment in simulating daily precipitation is evalu-

ated for the dry season, the rainy season, and the whole year. In addition, intraseasonal oscillations play

a vital role in modulating rainfall in Vietnam, with two dominant modes of oscillation: 10–20 days and

20–60 days (Van der Linden et al., 2016; Truong and Tuan, 2018, 2019). Consequently, the performance

of each experiment on simulating 5 and 10 days of accumulated precipitation is also evaluated.

Following previous studies of Takahashi et al. (2010); Jin et al. (2016); Li et al. (2020a), to describe

the characteristics of the diurnal cycle of precipitation over the Ca Mau Peninsula, three parameters were

calculated from both model data and the TMPA product at each 3-hour time slot, including rainfall fre-

quency, rainfall amount, and rainfall intensity. The rainfall frequency is defined as the percentage of time

during which a measurable amount of rainfall falls during the analysis period, while rainfall intensity is

the mean precipitation rate during the precipitating time. The rainfall amount is the product of rainfall

intensity and rainfall frequency. The threshold for measurable rainfall rate used in this study is 0.2 mm

h−1. We calculated the parameters at each point during the rainy season (May–October), which is the

period during which the diurnal cycle of precipitation is most pronounced in the study region.
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5. Impact of physical parameterization on simulating freshwater
flux over the Ca Mau Peninsula

This section investigates the influence of physical parameterization schemes, particularly PBL parame-

terizations, on the simulation of daily precipitation (including its diurnal cycle) and daily PET over the

Ca Mau Peninsula. The primary objective is to determine the optimal physical configuration for the

WRF-ARW model to simulate the freshwater flux over this region. In addition, sensitivity experiments

are conducted to evaluate the impacts of other key physical parameterizations, including the activation of

the sst_skin option, the choice of cumulus convection scheme, and the dynamic vegetation option within

the Noah-MP land surface model.

5.1. 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 and RMSE against TMPA between daily precipitation for simulation WRF-MYNN2.5-s (not

activating the sst_skin option) and simulation WRF-MYNN2.5 (activating the sst_skin option) is shown

in Figure 5.1. Whereas the discrepancies in RMSE between the two experiments over the Ca Mau

Peninsula are insignificant, with values less than 2 mm day−1 in both seasons, those in PBIAS are

evident, ranging from 10% to 40%, especially during the rainy season. In addition, it is critical to note

that, over the surrounding oceans of the Ca Mau Peninsula, the differences also reach 10–40% in the

PBIAS of daily precipitation between the WRF-MYNN2.5-s and WRF-MYNN2.5 simulations in the

rainy season. This suggests that improvements in rainfall simulation are not limited to land areas but

also extend to adjacent ocean regions, where diurnal SST variability has a more direct influence on

surface heat and moisture fluxes. These findings underscore the importance of accurately representing

SST diurnal variations for simulating precipitation over coastal and peninsular areas.

5.2. Role of the cumulus scheme on simulated daily precipitation

This section evaluates the sensitivity of simulated precipitation using the WRF-ARW model to the choice

of cumulus convection parameterization. The selection of microphysics and cumulus schemes is widely

recognized as a critical factor governing the accuracy of precipitation simulations (Li et al., 2017).
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Figure 5.1.: 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 RMSE against TMPA.

Table 5.1 compares the RMSE and PBIAS of simulated daily precipitation of the WRF exper-

iments with different cumulus schemes over the Ca Mau Peninsula in 2015. During the rainy season

and for the annual period, the experiment using explicit convection (WRF-MYNN2.5) exhibits the low-

est RMSE values, at 17.62 and 13.54 mm day−1, respectively. In contrast, during the dry season, the

experiment using the new simplified Arakawa–Schubert scheme (WRF-MYNN2.5-AKW) achieves the

smallest RMSE, at 6.52 mm day−1.

Additional insight into model performance is provided through Taylor diagram analysis (Fig.

Table 5.1.: PBIAS and RMSE of simulated daily rainfall for one experiment explicitly simulating convection
(without using the cumulus scheme) and five experiments using different cumulus parameterization schemes
compared to measurements at 24 stations in the three southern provinces in 2015. Bold numbers indicate the
experiment with the lowest RMSE values.

Experiment WRF-
MYNN2.5

WRF-
MYNN2.5-
KF

WRF-
MYNN2.5-
BMJ

WRF-
MYNN2.5-
GL

WRF-
MYNN2.5-
AKW

WRF-
MYNN2.5-
G3D

PBIAS(%)
Rainy season -20.22 113.45 -21.40 -17.21 23.08 50.49
Dry season -41.73 51.19 25.76 -33.77 32.68 22.72
Year -23.64 103.55 -22.09 -19.85 24.61 46.07

RMSE(mm)
Rainy season 17.62 25.21 20.13 18.23 30.72 18.91
Dry season 7.44 7.57 6.81 7.97 6.52 7.35
Year 13.54 18.63 15.05 13.82 22.23 14.36
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A.1). Figure A.1 illustrates Taylor diagrams for (a) daily, (b) 5-day accumulated, and (c) 10-day accu-

mulated precipitation across the different experiments. The results indicate that WRF-MYNN2.5 con-

sistently attains the highest correlation coefficients and the lowest RMSE values for daily, 5-day, and

10-day precipitation, outperforming the other experiments.

Taken together, the results suggest that the WRF-MYNN2.5 configuration provides the most ro-

bust performance among the tested experiments over the Ca Mau Peninsula. Accordingly, the explicit

convection scheme is adopted in the subsequent analyses.

5.3. Role of the dynamic vegetation option on simulated actual evapotranspiration

A major advancement of the Noah-MP land surface model is the integration of a dynamic vegetation

scheme that allows for prognostic representation of plant phenology, LAI, and canopy stomatal resis-

tance. This section evaluates the sensitivity of simulated AET to the activation of the dynamic vegetation

option in Noah-MP.

Figure 5.2 illustrates the monthly evolution of LAI in 2007 derived from four WRF-ARW exper-

Figure 5.2.: Time series of monthly LAI for GEO v2.0 (black dashed line), experiments WRF-MYNN2.5-ON
(yellow line), WRF-MYNN2.5-OFF (blue line), WRF-LU2-ON (green line) and WRF-LU2-OFF (red line) in
2007.

iments listed in Table 4.8 and from the GEO v2.0 dataset over the Ca Mau Peninsula. In general, all

simulations can reasonably mimic the 12-month evolution of LAI over the Ca Mau Peninsula. They can
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capture the suppressed LAI in March, but only the WRF-LU2-ON experiment can reproduce the timing

of the LAI peak in January. Evidently, the simulated LAI values from two experiments, including WRF-

MYNN2.5-OFF and WRF-LU2-OFF, which used different LULC datasets but the same non-dynamic

option for the vegetation process, were similar to each other (the blue line and the red line in Fig. 5.2).

This finding suggests that updating LULC information alone does not significantly impact LAI simula-

tions when the non-dynamic vegetation option is employed.

Taken together, these results indicate that the dynamic vegetation option is crucial for accurately

simulating LAI and leading to AET over the Ca Mau Peninsula, particularly when updated LULC

datasets are used.

Figure 5.3 presents the monthly variations of individual AET components, consisting of canopy

Figure 5.3.: Time series of monthly (a) evaporation canopy, (b) transpiration, (c) direct evaporation, and (d) AET
for experiments WRF-MYNN2.5-ON (black line), WRF-MYNN2.5-OFF (blue line), WRF-LU2-ON (green line),
WRF-LU2-OFF (red line), and GLEAM (violet dashed line) in 2007.

evaporation, (b) transpiration, (c) direct soil evaporation, and (d) total AET from the four WRF-ARW

experiments and the GLEAM v3.5 dataset over the Ca Mau Peninsula in 2007. In general, canopy evap-

oration contributes the smallest share to total AET, whereas direct evaporation accounts for the largest

share. Consistent with the LAI results, the WRF-MYNN2.5-OFF and WRF-LU2-OFF experiments ex-

hibit similar magnitudes across all AET components. In contrast, the largest discrepancies between all

experiments arise in the transpiration component, particularly between the WRF-MYNN2.5-ON and

WRF-LU2-ON experiments. This highlights that when dynamic vegetation is enabled, the choice of
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LULC dataset substantially influences transpiration and, consequently, total AET. The discrepancies be-

tween model simulations and the GLEAM v3.5 dataset are most pronounced during the dry season,

especially from December to January.

5.4. Role of the planetary boundary layer parameterization schemes on simulated daily

precipitation

The section illustrates the impact of the PBL parameterization schemes on simulated daily precipita-

tion over the Ca Mau Peninsula. The three PBL parameterization schemes to be considered are ACM2,

MYNN2.5, and MYJ.

Figures 5.4 and 5.5 present the PBIAS and RMSE of daily precipitation for simulation WRF-

Figure 5.4.: The performance of WRF-ARW experiments using different PBL parameterization schemes is il-
lustrated 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) corre-
spond to results from the WRF-MYNN2.5, WRF-MYJ, and WRF-ACM2 experiments, respectively.

MYNN2.5, WRF-MYJ, and WRF-ACM2 for the period 2007–2013–2015 against TMPA. Particularly,

our WRF-ACM2 experiments with the non-local PBL parameterization scheme ACM2 produce much
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more precipitation over the Ca Mau Peninsula and the surrounding ocean in both the dry and rainy sea-

sons, with PBIAS ranging from 10% to 40% over the ocean region and 40% to 80% over the Ca Mau

Peninsula. These results are consistent with the findings of Wang et al. (2014) and can be attributed to

enhanced low-level southwesterly flow associated with the East Asian summer monsoon.

For the two experiments employing local PBL parameterization schemes (WRF-MYJ and WRF-

Figure 5.5.: Same as in Figure 5.4 but for RMSE of simulated daily rainfall.

MYNN2.5), contrasting PBIAS in simulated 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 pro-

nounced seasonal dependence, with daily rainfall being substantially overestimated during the dry sea-

son, 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. 5.5, the differences

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 day−1 during the dry season. By contrast, WRF-ACM2 underperforms, exhibiting larger errors with

RMSE values of about 20–24 mm day−1 in the rainy season and 8–12 mm day−1 in the dry season.
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Figures A.2 and A.3 report the PBIAS and RMSE of daily precipitation for the WRF-MYNN2.5,

WRF-MYJ, and WRF-ACM2 simulations for the period 2007–2013–2015 against CHIRPS v2.0. The

CHIRPS v2.0 dataset benefits from a high spatial resolution of 0.05o, which enhances its ability to

realistically represent precipitation characteristics (Tuo et al., 2016). Furthermore, Guo et al. (2017)

demonstrated that CHIRPS v2.0 has a reasonable ability to identify and characterize drought events;

thus, CHIRPS v2.0 is a reliable dataset, especially during the dry season. It is important to note that the

daily rainfall in this case was accumulated over 24 hours, starting at 00:00 UTC (07:00 LT). There are

no significant differences in PBIAS and RMSE between WRF experiments and the TMPA and CHIRPS

v2.0 datasets, despite the CHIRPS v2.0 resolution being finer than TMPA’s. The simulated rainfall from

WRF-ACM2 performs poorly 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

Table 5.2.: PBIAS and RMSE of simulated daily rainfall compared to measurements at 24 stations, CHIRPS v2.0,
and TMPA over the Ca Mau Peninsula in 2007, 2013, and 2015. Bold numbers indicate the experiments with the
lowest RMSE values for each time period.

PBIAS(%) RMSE(mm)
Experiment WRF-

MYNN2.5
WRF-
MYJ

WRF-
ACM2

WRF-
MYNN2.5

WRF-
MYJ

WRF-
ACM2

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

CHIRPS v2.0
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

TMPA
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

simulated daily rainfall compared to measurements at 24 stations, CHIRPS v2.0, and TMPA products

over the Ca Mau Peninsula are listed in Table 5.2. For the dry season, the WRF-MYNN2.5 experiment

provides the smallest RMSE; conversely, the WRF-MYJ experiment reproduces the smallest RMSE in

the rainy season. Over the entire year, the WRF-MYJ experiment shows the smallest RMSE; however,

the differences in RMSE between 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; the WRF-ACM2 experiment performs the worst.
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Figure 5.6 presents the Taylor diagrams of daily, 5-day accumulated precipitation, and 10-day ac-

cumulated precipitation at 24 stations over 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 correlation coefficients for daily

precipitation in both the dry and rainy seasons across the three WRF experiments are relatively weak,

at approximately 0.30. The normalized standard deviation of WRF-ACM2 is consistently the highest,

ranging from 1.1 to 1.4. Based on the color-filled background, which indicates the experiment with the

lowest RMSE, the experiment with the MYJ scheme outperforms the simulation of daily precipitation

in both the rainy season and throughout the year. Regarding the 5-day accumulated precipitation, the

correlation coefficients from the three experiments increase substantially, ranging from approximately

0.4 to 0.6. The standard deviation of WRF-ACM2 still has the highest values, ranging from 1.1 to 1.4,

and experiment WRF-MYNN2.5 performs better than the other two experiments in both the dry season

and throughout the year. For 10-day accumulated precipitation, the correlation coefficients across the

three experiments range from 0.4 to 0.65, with WRF-MYJ performing best in both the rainy season and

throughout the year. Taken together, these results suggest that WRF-MYNN2.5 has better skills com-

pared 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

Figure 5.6.: The performance of WRF experiments employing different PBL parameterization schemes is as-
sessed using Taylor diagrams for (a) daily, (b) 5-day, and (c) 10-day accumulated rainfall at 24 stations over the
Ca Mau Peninsula. 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 whole year for 2007, 2013,
and 2015. Experiments with the smallest RMSE are highlighted with a color-filled background of the numbers
indicating the reference period.

the Ca Mau Peninsula, Figure A.4 presents the Taylor diagram of daily precipitation for the separate

years 2007, 2013, and 2015. Taken as a whole, all experiments show the best performance in 2015 (the

year with strong El Niño conditions), with the highest correlation coefficient (ranging from 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 correlation coefficient

(ranging from 0.28 to 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 performs well compared to the other
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experiments. In contrast, in 2013 (a year with neutral conditions), WRF-MYJ has the best skill in simu-

lating daily precipitation.

5.5. Role of the planetary boundary layer parameterization schemes and sst_skin

option on simulated diurnal cycle of precipitation

In the current section, we next evaluate the diurnal cycle of precipitation simulated by all WRF-ARW

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 clar-

ity, all analyses are presented in local time (LT; UTC+7), facilitating direct comparison of daytime and

nighttime precipitation characteristics. Model-simulated rainfall was composited into 3-hourly intervals

beginning at 00:00 LT, consistent with TMPA.

Firstly, the role of PBL parameterization schemes in simulating the diurnal cycle of precipita-

Figure 5.7.: Diurnal cycle of domain-averaged (a) rainfall frequency, and (b) rainfall amount over the Ca Mau
Peninsula from TMPA (dashed black lines), WRF-ACM2 (orange lines), WRF-MYJ (red lines), and WRF-
MYNN2.5 (blue lines) during the rainy seasons of 2007, 2013, and 2015.

tion during rainy seasons is investigated. Figure 5.7 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-ARW experiment with different PBL parameterization schemes and the sst_skin

option activated. According to TMPA, rainfall frequency and intensity exhibit a pronounced afternoon

maximum between 13:00 and 16:00 LT, in agreement with the findings of Takahashi et al. (2010), who

identified an early-afternoon peak over coastal Indochina. The WRF-ARW 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 in rainfall fre-

quency and intensity, as well as the suppressed rainfall amount at night (22:00–01:00 LT), but fail to re-

produce the suppressed rainfall frequency in the early morning (04:00–07:00 LT). Overall, all conducted

gray-zone experiments show good performance in reproducing the diurnal cycle of precipitation. These
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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

Figure 5.8.: (a) Mean 3-hourly TMPA rainfall intensity during the peak of the diurnal cycle (i.e, 13:00–16:00
LT) over the Ca Mau Peninsula during 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).

TMPA is mainly attributed to the difference in nighttime (19:00–07:00 LT). No appreciable differences

in simulated rainfall frequency are found among the three experiments. Conversely, simulated rainfall

intensity from WRF-ACM2 is highly overestimated compared to TMPA and other experiments. Simi-

lar to the performance in simulating the seasonal variation of daily precipitation, the two experiments,

WRF-MYNN2.5 and WRF-MYJ, can reproduce the diurnal cycle of rainfall more closely to the observed

values over the Ca Mau Peninsula. Figure 5.8 details the 3-hour mean in 13:00–16:00 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 rainfall intensity more realistically, with the smallest bias, especially over the western coast-

line of the Ca Mau Peninsula. This result suggests that WRF-MYNN2.5 is more likely to accurately
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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 Figure 4.1, whose long sides are roughly perpendicular to the western coastline of the Ca

Mau Peninsula, was defined for the purpose of analyzing this propagation.

Figure 5.9 shows the Hovmöller diagram for the time-coastal distance cross-sections averaged

Figure 5.9.: Hovmöller diagrams of the mean diurnal cycles latitudinally averaged over 8.25–10.5°N,
99.875–106.125°E (Red rectangle in Figure 4.1) during 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.

along the coastal direction, based on TMPA as well as all WRF-ARW simulations for the aforemen-

tioned box. According to TMPA, it is possible to confirm an early morning peak over the eastern Gulf

of Thailand, approximately 200 km from the western coastline of the Ca Mau Peninsula. This peak then

migrates eastward along the coastline and into the inland area, resulting in a maximum by early after-

noon. 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
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rainfall peak over the eastern Gulf of Thailand at about 10:00–13:00 LT, which is three hours later than

that in TMPA. The rainfall peak over the western coastline of the Ca Mau Peninsula between 13:00 and

16:00 LT 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 features. In particu-

lar, 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. 5.9c) 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. 5.9d), 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 outperforms the other sim-

ulations in capturing the diurnal rainfall over the Ca Mau Peninsula.

Additionally, we inspect the performance of all WRF-ARW experiments without using the sst_skin

option for simulating diurnal cycle migration over the Ca Mau Peninsula during the rainy season (Fig.

A.5). 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 (10:00–13:00 LT; Fig. A.5b), whereas WRF-MYNN2.5 is able

to accurately capture this one (Fig. 5.9b). Likewise, WRF-ACM2-s (Fig. A.5d) 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. 5.9d).

Overall, the above results demonstrate the superior performance of the WRF-MYNN2.5 experi-

ment in simulating daily precipitation and its diurnal cycle over the Ca Mau Peninsula. The MYNN2.5

PBL scheme, and activating the sst_skin option, will be used in all subsequent experiments.

5.6. Role of the planetary boundary layer parameterization schemes and sst_skin

option on simulated daily potential evapotranspiration

This section attempts to attribute the differential performance between WRF-ARW simulations using

different PBL parameterization schemes in simulating daily PET over the Ca Mau Peninsula.

Figures 5.10 and 5.11 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 de-

notes 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 produce a positive

bias in the rainy season and a negative bias in the dry season over the Ca Mau Peninsula. The RMSE of
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daily PET over the Ca Mau Peninsula in the dry season is greater than in the rainy season by all three

experiments (Table 5.3). Based on the RMSE, all three experiments 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 (Table 5.3).

Our study provides further evidence of the performance of individual experiments in simulating

Figure 5.10.: Same as is in Figure 5.4 but for daily PET from the experiments compared to ERA5.

PET through validation with the DPET product. The key advantage of DPET products is their high spa-

tial resolution, which enables them to capture PET spatial patterns more accurately across the Ca Mau

Peninsula. Figures A.6 and A.7 present the PBIAS and RMSE of daily PET for each experiment relative

to DPET. Generally, both experiments tend to produce a positive bias (overestimation) in the dry and

rainy seasons; only the WRF-MYNN2.5 experiment produces a small negative bias in the dry season. In

contrast to the comparison with ERA5, the RMSE of the daily PET over the Ca Mau Peninsula is larger

in the rainy season than in the dry season in both experiments (see Table 5.3). The WRF-MYNN2.5

experiment achieves the smallest RMSE in dry and rainy seasons: 0.94 mm day−1 in the rainy season

and 0.81 mm day−1 in the dry season.

Figure 5.12 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, com-
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pared to PET calculated from the Penman-Monteith equation. Overall, all three experiments show better

performance in the dry season than in the rainy season and exhibit negative biases (underestimation) in

both seasons. The WRF-MYNN2.5 experiment exhibits the highest correlation coefficient value in both

the dry season (about 0.65) and the rainy season (about 0.45). In addition, the WRF-MYNN2.5 exper-

iment 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 5.3).

Wind speed at 10-m height and net radiation are the main variables that affect PET, and WRF-

Figure 5.11.: Same as is in Figure 5.5 but for daily PET from the experiments compared to ERA5.

MYNN2.5 tends to simulate these values more accurately than WRF-MYJ and WRF-ACM2 (Table 5.4).

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 sea-

sons, 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 experiments have comparatively poor perfor-

mance 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
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by land-use data that is not properly accounted for in our WRF model setup. In line with Xu et al. (2017);

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 5.3 also presents the PBIAS and RMSE of simulated PET from all experiments compared

Table 5.3.: PBIAS and RMSE of simulated daily PET compared to station data (Penman-Monteith and GGI-3000),
ERA5, and DPET over the Ca Mau Peninsula in 2007, 2013, and 2015. Bold numbers indicate the experiments
with the lowest RMSE values for each time period.

PBIAS(%) RMSE(mm)
Experiment WRF-

MYNN2.5
WRF-
MYJ

WRF-
ACM2

WRF-
MYNN2.5

WRF-
MYJ

WRF-
ACM2

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

DPET
Rainy season 5.42 32.45 21.42 0.94 1.54 1.42
Dry season -3.11 10.56 5.26 0.81 1.06 1.03
Year 0.85 20.76 12.79 0.88 1.32 1.24

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

Figure 5.12.: 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 during the dry seasons,
rainy seasons, and whole years in 2007, 2013, and 2015. Experiments with the smallest RMSE are highlighted
with a color-filled background of the numbers indicating the reference period.

mm day−1); meanwhile, in the dry season, the WRF-MYJ experiment exhibits the smallest RMSE (1.01

mm day−1). Over the entire year, the WRF-MYNN2.5 experiment exhibits the best performance in sim-
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ulating 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.

Synthesizing the results presented in Sections 5.1–5.6, this study identifies an optimal configu-

Table 5.4.: 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 the experiments with the lowest RMSE
values for each time period.

PBIAS(%) RMSE(mm)
Experiment WRF-

MYNN2.5
WRF-
MYJ

WRF-
ACM2

WRF-
MYNN2.5

WRF-
MYJ

WRF-
ACM2

10-m Wind speed
Rainy season 51.1 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
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

ration of physical parameterizations for simulating the freshwater flux over the Ca Mau Peninsula using

the WRF-ARW model. The most suitable setup comprises the MYNN2.5 PBL scheme, the use of an

explicit cumulus scheme, activation of the sst_skin option, and the dynamic vegetation option within the

Noah-MP land surface model.
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6.1. Preface

This section evaluates the performance of the WRF-ARW model, configured with the optimal set of phys-

ical parameterizations identified in the preceding section, in simulating precipitation and PET over the

Ca Mau Peninsula for the period 2007–2016. Model results are assessed against available observational

datasets. For precipitation, the validation is conducted with respect to both daily and the characteristics

of the diurnal cycle. In addition, the two primary drivers of PET, including wind speed at 10-m height

and net radiation, are also examined.

6.2. WRF-ARW model performance in simulating daily precipitation over the Ca Mau

Peninsula

This section presents a validation of the daily precipitation simulated from the WRF-MYNN2.5 experi-

ment against observational data over the Ca Mau Peninsula for the period 2007–2016. Figure 6.1 presents

a comparison of the spatial distribution of mean daily precipitation during the rainy season, dry season,

and for the annual mean over the period 2007–2016, as derived from the CHIRPS v2.0 dataset and sim-

ulated by the WRF-MYNN2.5 experiment.

Overall, the WRF-MYNN2.5 experiment successfully reproduces the dominant spatial charac-

teristics of precipitation over the Ca Mau Peninsula. During the rainy season, the model captures both

the spatial pattern and the magnitude of precipitation reasonably well when compared with CHIRPS

v2.0. In particular, zones of enhanced rainfall along the western and southwestern coastlines are well

represented, suggesting that the model adequately simulates the combined effects of the southwest mon-

soon circulation and land–sea interactions on rainfall generation. Nevertheless, a slight underestimation

of precipitation is evident in several coastal and inland areas. In the dry season, both CHIRPS v2.0

and WRF-MYNN2.5 consistently indicate low precipitation across the entire Ca Mau Peninsula. For

the annual mean, the WRF-MYNN2.5 simulation reproduces the overall spatial structure of precipita-

tion, with regions of relatively higher and lower rainfall broadly consistent with CHIRPS v2.0. Despite

some localized discrepancies, these results demonstrate the model’s ability to realistically represent the

regional-scale distribution of annual precipitation.

Figure 6.2 further illustrates the spatial patterns of PBIAS and RMSE for daily precipitation from
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Figure 6.1.: Spatial distribution of mean daily precipitation for the period 2007–2016 over the Ca Mau Peninsula
derived from CHIRPS v2.0 and simulated by the WRF-MYNN2.5 experiment, shown for the rainy season (first
column), dry season (second column), and annual mean (third column).

the WRF-MYNN2.5 simulation relative to CHIRPS v2.0 over the 2007–2016 period. Negative PBIAS

values, indicating an overall underestimation, dominate most of the Ca Mau Peninsula, whereas positive

PBIAS values are confined to limited areas in southern Ca Mau Province and along the coastal zone of

Bac Lieu Province during the rainy season. In terms of RMSE, values range from approximately 16 to 20

mm day−1 during the rainy season and from 4 to 8 mm day−1 during the dry season. Figure A.8 presents

the corresponding spatial patterns of PBIAS and RMSE for daily precipitation from the WRF-MYNN2.5

simulation evaluated against TMPA over the same period. Consistent with the earlier assessment for the

2007–2009–2015 period, no substantial differences are identified in either the magnitude or spatial distri-

bution of PBIAS and RMSE when comparing validations against CHIRPS v2.0 and TMPA, across both

dry and rainy seasons.

Additional evidence of model performance is provided in Table 6.1, which compares WRF-

Table 6.1.: PBIAS and RMSE of simulated daily rainfall for experiment WRF-MYNN2.5 compared to measure-
ments at 24 stations, CHIRPS v2.0, and TMPA over the Ca Mau Peninsula from 2007–2016.

PBIAS(%)
Validation Datasets Stations CHIRPS 2.0 TMPA
Rainy season -16.57 -10.55 -11.11
Dry season -29.66 -31.27 -27.47
Year -19.17 -14.66 -13.97

RMSE(mm)
Rainy season 20.61 17.06 17.39
Dry season 11.13 7.68 8.00
Year 16.57 13.26 13.69

66



6.2. WRF-ARW model performance in simulating daily precipitation over the Ca Mau Peninsula

Figure 6.2.: The performance of the WRF-MYNN2.5 experiment is illustrated by the PBIAS and RMSE of daily
rainfall relative to CHIRPS v2.0 for the rainy season (first column), dry season (second column), and annual (third
column) periods, averaged over the period from 2007 to 2016. Panels (a–c) and (d–f) correspond to the PBIAS
and RMSE, respectively.

MYNN2.5 precipitation against observations from 24 rain-gauge stations, as well as against TMPA and

CHIRPS v2.0 datasets. When validated against station observations, the model exhibits the largest errors,

with RMSE values of 20.61 mm day−1 in the rainy season and 11.13 mm day−1 in the dry season. In

contrast, the errors relative to TMPA and CHIRPS 2.0 are notably smaller, amounting to 17.39 and 17.06

mm day−1 in the rainy season, and 7.68 and 8.00 mm day−1 in the dry season, respectively. These error

magnitudes are consistent with those obtained for the 2007–2013–2015 period discussed in Section 5.4,

indicating stable model performance across different evaluation periods.

Figure 6.3 presents Taylor diagrams summarizing the performance of WRF-MYNN2.5 for daily

precipitation, 5-day accumulated precipitation, and 10-day accumulated precipitation at 24 stations over

the Ca Mau Peninsula for the dry season, rainy season, and the whole year. For daily precipitation, cor-

relation coefficients remain relatively low, around 0.30, reflecting the difficulty of capturing day-to-day

rainfall variability at local scales. However, when precipitation is aggregated over longer timescales,

model performance improves markedly. Correlation coefficients increase to approximately 0.35 to 0.55

for 5-day accumulated precipitation and further to about 0.40 to 0.60 for 10-day accumulated precipi-

tation. Differences in normalized standard deviation and PBIAS among daily, 5-day, and 10-day accu-

mulations are relatively small, with normalized standard deviation values ranging from 0.6 to 0.9 and

PBIAS generally remaining above −20%.

The performance of the WRF-MYNN2.5 simulation is consistent with findings from previous

studies over the Vietnamese Mekong Delta. Raghavan et al. (2016) reported a pronounced dry bias over

the Vietnamese Mekong Delta when applying the WRF-ARW model at a coarse resolution of 25 km.
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Figure 6.3.: The performance of the WRF-MYNN2.5 experiment is assessed using Taylor diagrams for (a) daily,
(b) 5-day, and (c) 10-day accumulated rainfall at 24 stations over the Ca Mau Peninsula. Results are shown for
experiment WRF-MYNN2.5 experiment (red symbols) across the dry season, rainy season, and the whole year
over the period 2007–2016.

Similarly, Hoang-Cong et al. (2022) showed that while a 25 km RegCM4.7 simulation tends to overesti-

mate precipitation in both dry and rainy seasons, a convection-permitting simulation at 5 km resolution

exhibits a systematic underestimation over the Vietnamese Mekong Delta. The underestimation identi-

fied in the present study is therefore in line with earlier regional modelling efforts and appears to be a

common characteristic of high-resolution regional climate simulations in this region.

Taken together, these results demonstrate that the WRF-MYNN2.5 experiment provides a robust

representation of the spatial patterns and seasonal variability of precipitation over the Ca Mau Peninsula.

Although systematic biases persist, their magnitude is acceptable for a regional climate model operating

at a gray-zone resolution (5 km) and does not substantially limit the model’s applicability for subsequent

freshwater flux analyses.

6.3. WRF-ARW model performance in simulating the diurnal cycle of precipitation over

the Ca Mau Peninsula

We further investigate the WRF-MYNN2.5 experiment’s performance in simulating the diurnal cycle of

precipitation versus the TMPA product.

Figure 6.4 presents the diurnal cycle of rainfall frequency and rainfall intensity over the Ca Mau

Peninsula derived from the TMPA product and simulated by the WRF-MYNN2.5 experiment during the

rainy season over the period 2007–2016. It should be noted that each time label on the horizontal axis

represents rainfall accumulated over a 3-hour interval (e.g., the value at 13 corresponds to precipitation

occurring between 13:00 and 16:00 local time). In general, the WRF-MYNN2.5 experiment success-

fully captures the main features of the observed diurnal precipitation cycle, particularly the timing of the

afternoon maximum and the contrast between daytime and nighttime rainfall. In particular, the model ac-

curately captures the timing of the early-afternoon peak in rainfall frequency and intensity from 13:00 to

16:00 LT, as well as the nocturnal minimum in rainfall amount that occurs between 22:00 and 01:00 LT.
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Figure 6.4.: Diurnal cycle of domain-averaged (a) rainfall frequency, and (b) rainfall amount over the Ca Mau
Peninsula from TMPA (dashed black lines) and WRF-MYNN2.5 (blue lines) during the rainy seasons of the
period 2007–2016.

Nevertheless, the WRF-MYNN2.5 configuration systematically underestimates rainfall frequency rela-

tive to TMPA throughout the diurnal cycle and fails to reproduce the pronounced suppression of rainfall

frequency during the early-morning period (04:00–07:00 LT). Moreover, discrepancies during the night-

time interval (19:00–07:00 LT) account for a substantial portion of the differences in the magnitude of

the simulated diurnal rainfall cycle between the WRF-MYNN2.5 experiment and TMPA.

Figure 6.5 illustrates the spatial distribution of mean 3-hourly rainfall intensity during the peak

Figure 6.5.: (a) Mean 3-hourly TMPA rainfall intensity during the peak of the diurnal cycle (i.e., 13:00–16:00 LT)
over the Ca Mau Peninsula in the rainy season of the period 2007–2016. Difference between the mean 3-hourly
rainfall intensity in the same period from (b) WRF-MYNN2.5 and the TMPA average shown in (a).

phase of the diurnal cycle (13:00–16:00 LT) in the rainy season over the period 2007–2016, as derived

from TMPA, together with the corresponding difference between the WRF-MYNN2.5 simulation and

TMPA. The TMPA product (Fig. 6.5a) indicates pronounced afternoon rainfall intensities across most

of the Ca Mau Peninsula, with relatively higher values over inland and western coastal areas. The dif-

ference map (Fig. 6.5b) reveals that the WRF-MYNN2.5 experiment generally underestimates rainfall

intensity during the afternoon peak relative to TMPA over large portions of the peninsula. The underesti-
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mation is most evident over the eastern and northeastern parts of the domain. Overall, the spatial pattern

of differences suggests that, although the WRF-MYNN2.5 configuration captures the timing and broad

spatial structure of the afternoon rainfall maximum, it tends to underestimate the magnitude of convec-

tive rainfall intensity during the peak phase of the diurnal cycle. This behavior indicates limitations in

representing local convection intensity at gray-zone resolution over the Ca Mau Peninsula.

To examine the propagation characteristics of the diurnal precipitation cycle over the Ca Mau

Figure 6.6.: Hovmöller diagrams of the mean diurnal cycles latitudinally averaged over the red rectangle in Fig.
4.1 (8.25–10.5°N, 99.875–106.125°E) for the rainy season of the period 2007–2016 from (a) TMPA and from (b)
WRF-MYNN2.5 experiment. Vertical dashed lines show the approximate location of the western coastline of the
Ca Mau Peninsula.

Peninsula during the rainy season, the Hovmöller diagram is employed to depict the spatiotemporal mi-

gration of rainfall. Figure 6.6 presents time-coastal distance cross-sections averaged along the coastal

direction, derived from TMPA observations and the WRF-MYNN2.5 simulation for the rainy seasons

from 2007 to 2016. In contrast to the analysis for the period 2007–2013–2015 discussed in Section 5.5,

the TMPA product does not indicate a distinct early-morning rainfall maximum over the eastern Gulf of

Thailand. Instead, only a pronounced rainfall peak along the western coastline of the Ca Mau Peninsula

is evident between 13:00 and 16:00 LT, corresponding to the dominant afternoon convective maximum.

By comparison, the WRF-MYNN2.5 simulation exhibits a diurnal evolution similar to that identified

in the earlier period, including a rainfall maximum over the eastern Gulf of Thailand during the late

morning to early afternoon (approximately 10:00–13:00 LT), followed by a well-defined peak along the

western coastline of the Ca Mau Peninsula between 13:00 and 16:00 LT. The latter feature is in close

agreement with the TMPA observations.

When considered as a whole, the WRF-MYNN2.5 experiment displays a robust capability in cap-

turing the phase and overall structure of the diurnal precipitation cycle over the Ca Mau Peninsula, which

is essential for freshwater flux assessments at gray-zone resolution.
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6.4. WRF-ARW model performance in simulating daily potential evapotranspiration

over the Ca Mau Peninsula

In this section, the performance of the WRF-MYNN2.5 experiment in simulating daily PET over the Ca

Mau Peninsula during the period 2007–2016 is evaluated. The simulated daily PET is assessed against

multiple reference datasets, including the ERA5 and DPET products, in situ PET observations derived

from GGI-3000 measurements at two stations, and PET estimates calculated using the Penman-Monteith

at three meteorological stations.

Figure 6.7 presents the spatial distribution of mean daily PET during the dry season, rainy season,

Figure 6.7.: Spatial distribution of mean daily PET for the period 2007–2016 over the Ca Mau Peninsula derived
from DPET and simulated by the WRF-MYNN2.5 experiment, shown for the rainy season (first column), dry
season (second column), and annual mean (third column).

and for the annual mean, as derived from the DPET dataset and simulated by the WRF-MYNN2.5 exper-

iment over the period 2007–2016. Overall, the WRF-MYNN2.5 configuration successfully reproduces

the primary spatial characteristics of PET over the Ca Mau Peninsula, including its relatively homoge-

neous distribution. During the dry season, both DPET and WRF-MYNN2.5 indicate elevated PET values

across the region, reflecting enhanced atmospheric evaporative demand under warmer and drier condi-

tions. The model realistically captures the spatial structure, with higher PET values along the western and

southwestern coastal zones. Nevertheless, WRF-MYNN2.5 tends to slightly overestimate PET relative

to DPET in some inland areas. During the rainy season, PET values decrease in both datasets compared

to the dry season. WRF-MYNN2.5 accurately reproduces this seasonal reduction and maintains good

agreement with DPET in terms of spatial patterns, with generally smaller discrepancies than those ob-

served in the dry season. Minor differences persist along coastal areas, likely associated with land–sea

interactions and contrasts in surface roughness that influence surface energy fluxes. For the annual mean,
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the spatial distribution and magnitude of PET simulated by WRF-MYNN2.5 are broadly consistent with

DPET across most of the Ca Mau Peninsula. Importantly, unlike precipitation, PET exhibits only a weak

seasonal contrast, a feature that is well captured by the WRF-MYNN2.5 experiment.

Figure 6.8 illustrates the spatial distributions of PBIAS and RMSE for PET simulated by WRF-

Figure 6.8.: The performance of the WRF-MYNN2.5 experiment is illustrated by the PBIAS and RMSE of daily
PET relative to DPET for the rainy season (first column), dry season (second column), and annual (third column)
periods, averaged over the period from 2007 to 2016. Panels (a–c) and (d–f) correspond to the PBIAS and RMSE,
respectively.

MYNN2.5 relative to DPET. Across both dry and rainy seasons, PBIAS values generally range from

−20% to 10%, indicating modest biases over most of the domain. A consistent negative bias is evident

over southern Ca Mau Province in both seasons. The RMSE values are relatively low, typically between

0.5 and 1.0 mm day−1 across the Ca Mau Peninsula, demonstrating good agreement with DPET. In con-

trast, when evaluated against ERA5 (Fig. A.9), the WRF-MYNN2.5 experiment exhibits a systematic

negative bias over the entire study area in both seasons, with PBIAS values ranging from approximately

−5% to −20%. The corresponding RMSE values are higher than those obtained against DPET, varying

from 1.0 to 1.75 mm day−1. Domain-averaged RMSE values (Table 6.2) further confirm that the discrep-

ancies relative to ERA5 are larger than those relative to DPET in both the rainy and dry seasons, with

RMSE values of 1.11 and 1.45 mm day−1 for ERA5, compared to 0.96 and 0.81 mm day−1 for DPET,

respectively.

To further assess model performance, the Taylor diagram comparing daily PET simulated by

WRF-MYNN2.5 at three stations with Penman–Monteith-based estimates is shown in Fig. 6.9a. The

model exhibits moderate to high correlations, with coefficients of 0.61 during the dry season and 0.42

during the rainy season. Consistent with the spatial evaluation, WRF-MYNN2.5 underestimates PET at

these stations, with PBIAS values of −14.11% in the dry season and −13.42% in the rainy season.
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The ability of WRF-MYNN2.5 to reproduce key drivers of PET, namely net radiation and wind

Figure 6.9.: Taylor diagrams of daily PET for experiment WRF-MYNN2.5 (red symbols) against (a) estimates
using the Penman-Monteith equation and (b) GGI-3000 measurements in the dry season (number one), rainy
season (number two), and whole year (number three) for the period 2007–2016.

speed at 10-m height, is also examined. As summarized in Table 6.3, net radiation is reasonably well

simulated in both seasons, with PBIAS values of −9.83% in the rainy season and −17.95% in the dry

season, and RMSE values of approximately 3.4–3.5 MJ m−2. In contrast, the model exhibits substantial

positive biases in simulating wind speed at 10-m height, with PBIAS values of 44% in the rainy season

and 62.9% in the dry season. This pronounced overestimation of wind speed, particularly during the dry

season, is identified as a major contributor to the bias in simulated PET. These findings are consistent

with previous studies (Du Duc et al., 2016), which reported that wind speed at 10-m height is among the

most challenging surface variables to simulate accurately using the WRF-ARW model.

Finally, the WRF-MYNN2.5 experiment is evaluated against PET observations from the GGI-

Table 6.2.: PBIAS and RMSE of simulated daily PET for experiment WRF-MYNN2.5 compared to station data
(Penman-Monteith and GGI-3000), ERA5, and DPET over the Ca Mau Peninsula in 2007–2016.

PBIAS(%)
Validation
Datasets

Stations (Penman-
Monteith)

Stations
(GGI-3000)

ERA5 DPET

Rainy season -13.42 -7.93 -7.66 5.59
Dry season -14.11 -14.85 -20.09 -1.93
Year -13.78 -11.65 -14.51 1.59

RMSE(mm)
Rainy season 1.36 1.10 1.11 0.96
Dry season 1.18 1.14 1.45 0.81
Year 1.27 1.12 1.29 0.8

3000 device at two stations (Ca Mau and Can Tho). The Taylor diagram shown in Figure 6.9b indicates

relatively strong correlations in both seasons, with values of 0.63 in the dry season and 0.40 in the rainy
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season. The model again exhibits a negative bias, underestimating PET by −14.85% in the dry season

and −7.93% in the rainy season. RMSE values are 1.45 mm day−1 in the dry season and 1.10 mm day−1

in the rainy season (Table 6.3), indicating satisfactory agreement given the inherent uncertainties in PET

observations.

Due to the limited availability of in situ PET measurements over the Ca Mau Peninsula and across

Table 6.3.: PBIAS and RMSE of simulated daily 10-m wind speed and net radiation compared to station data over
the Ca Mau Peninsula for the period 2007–2016.

Variable 10-m Wind speed Daily net radiation
PBIAS(%) RMSE(ms−1) PBIAS(%) RMSE(MJ m−2)

Rainy season 44.4 1.40 -9.83 3.51
Dry season 62.9 1.60 -17.95 3.40
Year 51.7 1.50 -13.93 3.46

Vietnam, the use of alternative PET sources, including satellite-based and model-derived datasets, is un-

avoidable. Recent studies have demonstrated the superior performance of DPET at both basin (Faseyiku

et al., 2024) and global scales (Singer et al., 2021). The results presented here further confirm that DPET

represents a robust and reliable reference for PET evaluation, providing a valuable foundation for subse-

quent freshwater flux analyses in this study.

Overall, the WRF-MYNN2.5 experiment demonstrates a robust capability in simulating the key

components of the freshwater flux over the Ca Mau Peninsula. The experiment successfully reproduces

the dominant spatial patterns and seasonal contrasts in precipitation, including enhanced rainfall along

the western coastline during the rainy season and suppressed rainfall during the dry season, while also

capturing essential characteristics of the diurnal rainfall cycle. Although systematic biases remain, par-

ticularly a tendency toward rainfall underestimation and reduced nighttime precipitation, the magnitude

of these errors is comparable to those reported in previous RCM studies over southern Vietnam and ac-

ceptable for a gray-zone resolution (5 km) simulation. For PET, WRF-MYNN2.5 effectively captures

the spatial homogeneity and weak seasonal variability characteristic of the region, with good agreement

relative to both model-derived datasets and station-based observations. Despite a consistent underestima-

tion of PET, largely attributable to biases in near-surface wind speed, the model reproduces the primary

controls on PET, including net radiation, with satisfactory accuracy. Taken together, these results demon-

strate that the WRF-MYNN2.5 configuration, operating at gray-zone resolution (5 km), provides a robust

tool for simulating precipitation and PET, and consequently for representing the freshwater flux over the

Ca Mau Peninsula.
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7.1. Preface

In this section, the impacts of LULCC, with particular emphasis on aquaculture expansion, on precipi-

tation and evapotranspiration over the Ca Mau Peninsula are examined. Two concepts related to evapo-

transpiration, namely PET and AET, are considered in order to comprehensively assess the response of

freshwater fluxes to LULCC. To investigate the effects of observed LULCC, two updated LULC datasets

(LU1 and LU2) are employed to evaluate their influence on precipitation, at both daily and diurnal-cycle

scales, as well as on AET and PET. In addition, two extreme hypothetical LULC scenarios associated

with aquaculture expansion (LU3 and LU4) are introduced to quantitatively assess the maximum po-

tential impact of LULCC on freshwater flux components. Differences in precipitation, AET, and PET

among the four LULC scenarios (two observation-based and two hypothetical) are systematically ana-

lyzed using a 10-year simulation conducted with the WRF-ARW model, configured with the optimal set

of physical parameterizations identified in Section 5. The WRF-MYNN2.5 experiment, which employs

the default MODIS LULC dataset and has its performance rigorously evaluated in Section 6, serves as

the control simulation against which all LULC experiments are compared.

7.2. Response of simulated daily precipitation to land-use and land-cover change over

the Ca Mau Peninsula

The objective of this section is to evaluate the performance of the WRF-ARW model in simulating daily

precipitation over the Ca Mau Peninsula under different LULC scenarios. Figure 7.1 and Figure A.10

display the spatial distributions of PBIAS of the daily precipitation for the control simulation and the

WRF-ARW simulations with LU1, LU2, LU3, and LU4 scenarios against CHIRPS v2.0 and TMPA over

the period 2007–2016.

As illustrated in Figure 7.1, the PBIAS of all simulations relative to CHIRPS v2.0 spans a wide

range, from −60% to 20%. Positive biases are restricted to the southernmost part of Ca Mau Province

and are mainly evident in the control simulation, whereas negative biases dominate nearly the entire do-

main across all experiments. This indicates a systematic underestimation of daily precipitation by the

WRF-ARW model. A comparable spatial pattern emerges when the simulations are evaluated against

TMPA (Fig. A.10).
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In this case, PBIAS values range from −60% to approximately 5%, with positive biases again

Figure 7.1.: The performance of WRF-ARW experiments using different LULC datasets is illustrated by the
PBIAS of daily rainfall relative to CHIRPS v2.0 for the rainy season (first column), dry season (second col-
umn), and annual (third column) periods, averaged over the period 2007–2016. Panels (a1–a3), (b1–b3), (c1–c3),
(d1–d3), and (e1–e3) correspond to results from the WRF-MYNN2.5, WRF-LU1, WRF-LU2, WRF-LU3, and
WRF-LU4 experiments, respectively.

limited to the southern tip of Ca Mau Province in the control simulation. Strong negative biases are

observed across most of the peninsula, particularly during the dry season, where the maximum underes-

timation reaches about −60% in Kien Giang Province. The consistency between the CHIRPS v2.0 and

TMPA-based evaluations confirms that all WRF-ARW simulations underestimate daily precipitation in

both dry and rainy seasons. Moreover, simulations incorporating alternative LULC scenarios generally

exhibit a stronger dry bias than the control run, with the WRF-LU4 experiment showing the most pro-

nounced deviation in PBIAS.

Figures 7.2 and A.11 illustrate the spatial distributions of RMSE of daily precipitation for the con-

trol and LULC-based simulations, compared to CHIRPS v2.0 and TMPA. Overall, the RMSE patterns

are broadly similar among the experiments, indicating limited sensitivity of RMSE to LULCC. An ex-
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ception is observed for the WRF-LU4 simulation, which consistently yields the smallest RMSE in both

seasons. Across all experiments, as expected, model performance is clearly superior in the dry season,

with RMSE values ranging from 4 to 8 mm day−1, compared to 12 to 20 mm day−1 during the rainy

season.

Additional quantitative assessment is provided in Table 7.1, which summarizes the RMSE of

Figure 7.2.: The performance of WRF-ARW experiments using different LULC datasets is illustrated by the
RMSE of daily rainfall relative to CHIRPS v2.0 for the rainy season (first column), dry season (second col-
umn), and annual (third column) periods, averaged over the period 2007–2016. Panels (a1–a3), (b1–b3), (c1–c3),
(d1–d3), and (e1–e3) correspond to results from the WRF-MYNN2.5, WRF-LU1, WRF-LU2, WRF-LU3, and
WRF-LU4 experiments, respectively.

daily precipitation relative to observations from 24 rain gauge stations, as well as CHIRPS v2.0 and

TMPA. All simulations exhibit larger errors relative to station observations than to satellite-based grid-

ded products, while the RMSE values relative to CHIRPS and TMPA remain comparable. Among the

experiments, the control simulation shows the largest RMSE in both seasons. In contrast, simulations

using observed LULC datasets (WRF-LU1 and WRF-LU2) demonstrate improved performance, char-

acterized by smaller RMSE values and a similar magnitude of accuracy. The hypothetical LULC ex-
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periments (WRF-LU3 and WRF-LU4) outperform the control simulation even further, with WRF-LU4

yielding the lowest RMSE across all reference datasets.

Figure 7.3 further summarizes model performance using Taylor diagrams. For daily precipi-

Table 7.1.: PBIAS and RMSE of simulated daily rainfall compared to measurements at 24 stations, CHIRPS v2.0,
and TMPA over the Ca Mau Peninsula for the period from 2007 to 2016. Bold numbers indicate the experiments
with the lowest RMSE values for each time period.

PBIAS(%)
Experiment WRF-

MYNN2.5
WRF-LU1 WRF-LU2 WRF-LU3 WRF-LU4

Stations
Rainy season -16.57 -26.75 -25.32 -22.46 -33.68
Dry season -29.66 -36.16 -36.19 -30.06 -42.68
Year -19.17 -28.57 -27.42 -23.92 -35.41

CHIRPS v2.0
Rainy season -10.55 -21.51 -20.22 -17.08 -30.08
Dry season -31.27 -38.41 -36.05 -31.76 -42.50
Year -14.66 -24.85 -23.36 -19.99 -32.54

TMPA
Rainy season -11.11 -22.07 -21.42 -18.25 -30.32
Dry season -27.47 -35.78 -32.08 -27.98 -39.58
Year -13.97 -24.45 -23.22 -19.87 -31.90

RMSE(mm)
Stations

Rainy season 20.61 20.10 20.22 20.29 19.88
Dry season 11.13 11.21 11.11 11.42 10.99
Year 16.57 16.28 16.33 16.47 16.07

CHIRPS v2.0
Rainy season 17.06 16.11 16.13 16.30 15.41
Dry season 7.68 7.49 7.63 7.87 7.22
Year 13.26 12.60 12.65 12.83 12.06

TMPA
Rainy season 17.39 16.79 16.88 16.90 16.66
Dry season 8.00 7.87 7.88 7.98 7.73
Year 13.69 13.17 13.22 13.27 13.03

tation (Fig. 7.3a), all simulations exhibit modest correlation coefficients, ranging from approximately

0.25 to 0.30, accompanied by negative PBIAS values exceeding −20%. The violet points are closer

to the reference (REF) value, indicating that the WRF-LU4 experiment achieves the lowest RMSE for

daily precipitation. When precipitation is aggregated over longer temporal scales (Figs. 7.3b–c), model

performance improves substantially. Correlation coefficients increase to approximately 0.35–0.50 for 5-

day accumulated precipitation and to 0.35–0.60 for 10-day accumulated precipitation. Nevertheless, all

simulations retain negative PBIAS values below −20%. For the whole year, the WRF-LU4 simulation

performs best for 5-day accumulated precipitation, whereas the WRF-LU1 simulation yields the lowest
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RMSE for 10-day accumulated precipitation.

Overall, the results indicate that incorporating different LULC scenarios leads to modest but con-

Figure 7.3.: The performance of WRF-ARW experiments employing different LULC datasets is assessed using
Taylor diagrams for (a) daily, (b) 5-day, and (c) 10-day accumulated rainfall at 24 stations over the Ca Mau Penin-
sula. Results are shown for the WRF-MYNN2.5 (red symbols), WRF-LU1 (blue symbols), WRF-LU2 (orange
symbols), WRF-LU3 (yellow symbols), and WRF-LU4 (violet symbols) experiments across the dry season, rainy
season, and the entire year over the period 2007–2016. Experiments with the smallest RMSE are highlighted with
a color-filled background of the numbers indicating the reference period.

sistent improvements in the performance of the WRF-ARW model. All simulations exhibit a persistent

dry bias in daily precipitation relative to the control run in both seasons. Simulations based on observed

LULC datasets (WRF-LU1 and WRF-LU2) show comparable and improved performance compared to

the control simulation. In contrast, the hypothetical LULC scenarios induce more pronounced changes:

WRF-LU4, in particular, introduces a stronger dry bias but simultaneously achieves the lowest RMSE

for daily and 5-day accumulated precipitation, while WRF-LU3 exhibits performance similar to that of

the observed LULC-based simulations.

7.3. Response of simulated diurnal cycle of precipitation to land-use and land-cover

change over the Ca Mau Peninsula

This section evaluates the performance of the WRF-ARW simulations under different LULC scenarios

in reproducing the diurnal cycle of precipitation over the Ca Mau Peninsula, with reference to the TMPA

product.

Figure 7.4 illustrates the diurnal variations of rainfall frequency and rainfall amount averaged over

the Ca Mau Peninsula during the rainy season for the period 2007–2016. As indicated by TMPA, the

diurnal evolution of rainfall intensity resembles that of rainfall frequency, characterized by a pronounced

afternoon maximum between 13:00 and 16:00 LT. With the exception of the WRF-LU4 experiment, all

WRF-ARW simulations are able to reasonably capture the overall 24-hour evolution of rainfall in terms

of both frequency and intensity. Nevertheless, these simulations systematically underestimate rainfall

frequency relative to TMPA. Despite this bias, the WRF-ARW simulations successfully reproduce the
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Figure 7.4.: Diurnal cycle of domain-averaged (a) rainfall frequency, and (b) rainfall amount over the Ca Mau
Peninsula from TMPA (dashed black lines), WRF-LU4(violet lines), WRF-LU3 (yellow lines), WRF-LU2 (orange
lines), WRF-LU1 (red lines), and WRF-MYNN2.5 experiment (blue lines) during the rainy season for the period
2007–2016.

timing of the early afternoon peak in rainfall frequency and intensity, as well as the suppressed rain-

fall amount during the nighttime period (22:00–01:00 LT). However, none of the simulations adequately

capture the suppressed rainfall frequency observed in the early morning hours (04:00–07:00 LT). The

discrepancies during the nighttime period (19:00–07:00 LT) account for the majority of the differences

in daily precipitation between the WRF-ARW simulations and the TMPA product. Relative to the control

simulation, all simulations incorporating alternative LULC scenarios exhibit reduced rainfall frequency

and intensity throughout the diurnal cycle.

A distinct behavior is observed for the WRF-LU4 simulation. As shown in Figure 7.4, the diurnal

cycle of rainfall intensity in WRF-LU4 closely resembles that of rainfall frequency but displays an early

morning peak between 07:00 and 10:00 LT, in contrast to the early afternoon peak observed in TMPA

and other simulations. This shift can be physically explained by the hypothetical LU4 scenario, in which

the entire Ca Mau Peninsula is converted into water bodies and effectively behaves as part of the East

Vietnam Sea. Over this oceanic region, precipitation maxima are commonly observed during the early

morning hours (Wei et al., 2020). Consequently, the simulated transition of the diurnal rainfall peak from

early afternoon to early morning in WRF-LU4 is physically plausible.

Figure 7.5 presents the mean 3-hourly rainfall intensity during the peak period of the diurnal cycle

(13:00–16:00 LT) from TMPA and the corresponding biases of all WRF-ARW simulations for the rainy

season over 2007–2016. Except for WRF-LU4, the differences between the WRF-ARW simulations

and TMPA are relatively small, with biases ranging from -0.375 to 0.25 mm h−1. Positive biases are

primarily concentrated in Ca Mau Province, whereas negative biases dominate Kien Giang Province. In

contrast, the WRF-LU4 simulation exhibits a consistent negative bias across the entire peninsula, with

values ranging from -0.375 to -0.125 mm h−1 (Fig. 7.5f).

To further investigate the propagation characteristics of the diurnal rainfall cycle during the rainy

season, Hovmöller diagrams of time–coastal distance cross-sections averaged along the coastline were
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Figure 7.5.: (a) Mean 3-hourly TMPA rainfall intensity during the peak of the diurnal cycle (i.e., 13:00–16:00
LT) during the rainy season for the period 2007–2016. Difference between the mean 3-hourly rainfall intensity
in the same period from (b) WRF-MYNN2.5, (c) WRF-LU1, (d) WRF-LU2, (e) WRF-LU3, and (f) WRF-LU4
experiments and the TMPA average shown in (a).

constructed (Fig. 7.6). Based on TMPA, no early-morning rainfall peak is detected over the eastern

Gulf of Thailand; instead, a single rainfall maximum is identified along the western coastline of the Ca

Mau Peninsula between 13:00 and 16:00 LT. The control simulation reproduces two rainfall maxima:

one over the eastern Gulf of Thailand between approximately 10:00 and 13:00 LT, and another over the

western coastline between 13:00 and 16:00 LT. In contrast, most WRF-ARW simulations incorporating

alternative LULC scenarios fail to reproduce these propagating features, except for WRF-LU4, which

simulates a rainfall peak over the western coastline during the early morning period (07:00–10:00 LT).

Overall, the results indicate that LULCC has a generally weak influence on simulating the diurnal

precipitation cycle over the Ca Mau Peninsula during the rainy season, except under the extreme hypo-

thetical LU4 scenario. All simulations tend to reduce both rainfall frequency and intensity throughout the

diurnal cycle relative to the control simulation. The impact of simulations using observed LULC datasets

(WRF-LU1 and WRF-LU2) is negligible, while the hypothetical LULC scenarios exhibit contrasting ef-
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fects. Specifically, WRF-LU3 induces only minor changes, whereas WRF-LU4 produces a substantial

modification of the diurnal precipitation structure by shifting the rainfall peak from early afternoon to

early morning.

Figure 7.6.: Hovmöller diagrams of the mean diurnal cycles latitudinally averaged over the red rectangle in Fig.
4.1 (8.25–10.5°N, 99.875–106.125°E) for the rainy season over the period 2007–2016 from (a) TMPA, and from
(b) WRF-MYNN2.5, (c) WRF-LU1, (d) WRF-LU2, (e) WRF-LU3 and (f) WRF-LU4 experiments. Vertical
dashed lines show the approximate location of the western coastline of the Ca Mau Peninsula.

7.4. Response of simulated daily potential evapotranspiration to land-use and

land-cover change over the Ca Mau Peninsula

This section investigates the influence of different LULC scenarios on the simulation of PET over the Ca

Mau Peninsula.

Figures 7.7 and A.12 present the spatial distributions of PBIAS for daily PET from the control

simulation and the WRF-ARW experiments employing the LU1, LU2, LU3, and LU4 scenarios, eval-
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Figure 7.7.: The performance of WRF-ARW experiments using different LULC datasets is illustrated by the
PBIAS of daily PET relative to DPET for the rainy season (first column), dry season (second column), and
annual (third column) periods, averaged over the period 2007–2016. Panels (a1–a3), (b1–b3), (c1–c3), (d1–d3),
and (e1–e3) correspond to results from the WRF-MYNN2.5, WRF-LU1, WRF-LU2, WRF-LU3, and WRF-LU4
experiments, respectively.

uated against the DPET and ERA5 dataset for the period 2007–2016. As shown in Fig. 7.7, with the

exception of the WRF-LU4 experiment, all simulations exhibit predominantly positive biases over the

Ca Mau Peninsula during the rainy season, while negative biases emerge over southern Ca Mau and Bac

Lieu provinces during the dry season when compared with DPET. A similar spatial pattern is evident

in Fig. A.12 for the comparison with ERA5, where all simulations except WRF-LU4 display negative

biases across most of the domain in both seasons. Notably, for both reference datasets, the magnitude

and spatial distribution of PBIAS among the control, WRF-LU1, WRF-LU2, and WRF-LU3 simula-

tions are broadly comparable, whereas the WRF-LU4 experiment exhibits markedly different behavior.

Specifically, the PBIAS of WRF-LU4 ranges from 10% to 60% relative to DPET and from −10% to 40%

relative to ERA5, in contrast to the narrower ranges of -20% to 20% (DPET) and -40% to 5% (ERA5)

observed in the other experiments.
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The spatial distributions of RMSE for daily PET are shown in Fig. 7.8 and Fig. A.13 for

Figure 7.8.: The performance of WRF-ARW experiments using different LULC datasets is illustrated by RMSE
of daily PET relative to DPET for the rainy season (first column), dry season (second column), and annual (third
column) periods, averaged over the period 2007–2016. Panels (a1–a3), (b1–b3), (c1–c3), (d1–d3), and (e1–e3)
correspond to results from the WRF-MYNN2.5, WRF-LU1, WRF-LU2, WRF-LU3, and WRF-LU4 experiments,
respectively.

comparisons against DPET and ERA5, respectively. A pronounced distinction is observed between the

WRF-LU4 simulation and the remaining experiments. When evaluated against DPET, the WRF-LU4

simulation yields the largest RMSE values in both seasons, ranging from 1.0 to 1.5 mm day−1 in the

dry season and increasing to 1.5 to 2.0 mm day−1 in the rainy season. In contrast, the RMSE values of

the other simulations remain within 0.5 to 1.25 mm day−1 across both seasons. Overall, all WRF-ARW

simulations demonstrate better performance during the dry season than during the rainy season. Except

for WRF-LU4, differences in RMSE among the remaining simulations are minor, with the control ex-

periment exhibiting the lowest RMSE in both seasons (see Table 7.2). Similar conclusions are drawn

from the comparison with ERA5 (Fig. A.13), where WRF-LU4 again shows the largest RMSE during

the rainy season and the smallest during the dry season.
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Table 7.2.: PBIAS and RMSE of simulated daily PET compared to station data (Penman-Monteith and GGI-3000),
ERA5, and DPET over the Ca Mau Peninsula for the period 2007–2016. Bold numbers indicate the experiments
with the lowest RMSE values for each time period.

PBIAS(%)
Experiment WRF-

MYNN2.5
WRF-LU1 WRF-LU2 WRF-LU3 WRF-LU4

Stations (Penman-Monteith)
Rainy season -13.42 -11.58 -11.75 -13.46 14.25
Dry season -14.11 -11.32 -11.49 -14.88 12.22
Year -13.78 -11.49 -11.62 -14.19 13.31

Stations (GGI-3000)
Rainy season -7.93 -7.94 -5.13 -6.66 10.86
Dry season -14.85 -17.27 -12.18 -13.82 1.18
Year -11.65 -12.95 -8.92 -10.51 5.66

ERA5
Rainy season -7.66 -7.63 -7.34 -7.74 15.69
Dry season -20.09 -19.67 -20.37 -21.61 -4.56
Year -14.51 -14.26 -14.52 -15.37 4.54

DPET
Rainy season 5.59 6.74 5.61 5.12 34.32
Dry season -1.93 -1.27 -3.27 -4.33 18.92
Year 1.59 2.47 0.88 0.85 26.12

RMSE(mm)
Stations (Penman-Monteith)

Rainy season 1.36 1.34 1.36 1.38 1.51
Dry season 1.18 1.13 1.15 1.21 1.16
Year 1.27 1.24 1.26 1.30 1.35

Stations (GGI-3000)
Rainy season 1.10 1.23 1.05 1.09 1.62
Dry season 1.14 1.31 1.06 1.11 1.23
Year 1.12 1.27 1.06 1.10 1.44

ERA5
Rainy season 1.11 1.12 1.13 1.14 1.36
Dry season 1.45 1.44 1.49 1.53 1.16
Year 1.29 1.29 1.32 1.35 1.27

DPET
Rainy season 0.96 0.99 0.98 0.98 1.67
Dry season 0.81 0.82 0.84 0.83 1.20
Year 0.89 0.91 0.91 0.91 1.46
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To further quantify model performance, Taylor diagrams based on PET estimated from the Pen-

man–Monteith equation at three stations are presented in Fig. 7.9a. All simulations exhibit relatively high

correlation coefficients, ranging from 0.60 to 0.65 in the dry season and 0.40 to 0.45 in the rainy season.

With the exception of WRF-LU4, all experiments display negative PBIAS values between −10% and

−20% in both seasons, indicating a systematic underestimation of PET. In contrast, WRF-LU4 shows

positive PBIAS values of 10–20%, reflecting an overestimation of PET. In terms of RMSE, the WRF-

LU1 experiment achieves the lowest values in both seasons.

The influence of LULC scenarios on the two primary drivers of PET, namely, 10-m wind speed

Figure 7.9.: The performance of WRF-ARW experiments employing different LULC datasets is assessed using
Taylor diagrams for daily PET against (a) estimates using the Penman Monteith equation and (b) GGI-3000
measurements. Results are shown for the WRF-MYNN2.5 (red symbols), WRF-LU1 (blue symbols), WRF-
LU2 (orange symbols), WRF-LU3 (yellow symbols), and WRF-LU4 (violet symbols) experiments across the dry
season, rainy season, and the entire year over the period 2007–2016. Experiments with the smallest RMSE are
highlighted with a color-filled background of the numbers indicating the reference period.

and net radiation, is summarized in Tables 7.3 and 7.4. For the 10-m wind speed, all LULC scenarios

induce an increase in PBIAS relative to the control simulation, with the LU4 scenario producing a partic-

ularly large enhancement (+123.04%). Correspondingly, LU4 results in a substantial increase in RMSE

(+2.71 mm day−1), whereas LU1, LU2, and LU3 cause only modest increases. All simulations perform

better in the dry season than in the rainy season. For net radiation, LU4 again induces a pronounced

positive shift in PBIAS (+25.9%), whereas the other scenarios result in relatively small changes. RMSE

values for net radiation are generally lower during the dry season, and, except for LU4, most LULC

scenarios result in a slight reduction in net radiation.

Figure 7.9b further illustrates the Taylor diagrams for PET observed by GGI-3000 devices at two

stations. All simulations exhibit higher correlation coefficients during the dry season (0.5–0.65) than

during the rainy season (0.3–0.4). The WRF-LU4 experiment consistently shows the lowest correlation

coefficients and positive PBIAS values, confirming its tendency to overestimate PET, while the remain-

ing simulations underestimate PET. Among them, WRF-LU2 yields the lowest RMSE in both seasons
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(see Table 7.2).

Overall, these results indicate that LULC changes exert only a limited influence on PET simu-

Table 7.3.: PBIAS and RMSE of simulated daily 10-m wind speed from WRF-ARW experiments compared to
station data over the Ca Mau Peninsula for the period 2007–2016. Bold numbers indicate the experiments with
the lowest RMSE values for each time period.

PBIAS (%)
Experiment WRF-

MYNN2.5
WRF-LU1 WRF-LU2 WRF-LU3 WRF-LU4

Stations (Penman-Monteith)
Rainy season 44.4 66.65 66.82 48.9 160.67
Dry season 62.9 84.79 84.75 68.33 191.99
Year 51.7 74.33 75.94 57.7 174.74

RMSE (ms−1)
Stations (Penman-Monteith)

Rainy season 1.40 1.85 1.87 1.50 4.27
Dry season 1.60 1.97 1.95 1.63 4.14
Year 1.50 1.91 1.91 1.57 4.21

lation over the Ca Mau Peninsula, except under the extreme LU4 scenario. Simulations using observed

LULC datasets (WRF-LU1 and WRF-LU2) reveal negligible impacts compared to the control experi-

ment. In contrast, the hypothetical LU4 scenario results in substantial increases in PET, primarily driven

by enhanced 10-m wind speed and altered net radiation, whereas the LU3 scenario induces only minor

changes.

Table 7.4.: PBIAS and RMSE of simulated net radiation from WRF-ARW experiments compared to station data
over the Ca Mau Peninsula for the period 2007–2016. Bold numbers indicate the experiments with the lowest
RMSE values for each time period.

PBIAS (%)
Experiment WRF-

MYNN2.5
WRF-LU1 WRF-LU2 WRF-LU3 WRF-LU4

Stations (Penman-Monteith)
Rainy season -9.83 -12.4 -13.98 -13.70 12.61
Dry season -17.95 -18.4 -21.19 -24.91 11.28
Year -13.93 -15.44 -17.61 -19.34 11.97

RMSE (MJ m−2)
Stations (Penman-Monteith)

Rainy season 3.51 3.66 3.75 3.78 4.06
Dry season 3.40 3.40 3.61 3.97 3.04
Year 3.46 3.53 3.68 3.87 3.59
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7.5. Response of simulated daily actual evapotranspiration to land-use and land-cover

change over the Ca Mau Peninsula

This section evaluates the role of the LULC scenario in the AET simulation. As the entire area of the

Ca Mau Peninsula was covered by water in the LU4 scenario, the Noah-MP land surface model was

unable to operate and generate all the actual evapotranspiration components. Therefore, in addition to

the control simulation, the performance of the WRF-ARW simulations with three scenarios, including

LU1, LU2, and LU3, is examined in this section. One of the main issues in our knowledge of AET over

the Ca Mau Peninsula is the lack of observational data; no instrument is currently capable of measuring

AET in this area. As a result, this study rely only on the model-derived datasets consisting of ERA5,

REA, and GLEAM v3.5 products to evaluate the performance of all the WRF-ARW simulations.

Figure 7.10, Figure A.14, and Figure A.16 show the spatial distributions of PBIAS of the daily

Figure 7.10.: The performance of WRF-ARW experiments using different LULC datasets is illustrated by the
PBIAS of daily AET relative to ERA5 for the rainy season (first column), dry season (second column), and
annual period (third column), averaged over the period 2007–2016. Panels (a1–a3), (b1–b3), (c1–c3), and (d1–d3)
correspond to results from the WRF-MYNN2.5, WRF-LU1, WRF-LU2, WRF-LU3 experiments, respectively.
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AET for the control simulation and the WRF-ARW simulations with LU1, LU2, and LU3 scenarios

against ERA5, REA, and GLEAM v3.5 product for the period 2007–2016. As detailed in Fig. 7.10 and

Fig. A.14, the value of PBIAS of all simulations over the Ca Mau Peninsula against ERA5 and REA are

negative in both seasons, ranging from -5% to -60%. On the other hand, Figure A.16 shows both negative

and positive values for the PBIAS of all simulations in the two seasons, with the value of PBIAS ranging

from -60% to 60%. As shown in the three figures above, compared to the control simulation, simulations

with different LULCC scenarios tend to decrease AET and exhibit smaller PBIAS.

Figure 7.11, Figure A.15, and Figure A.17 show the spatial distributions of RMSE of the daily

Figure 7.11.: The performance of WRF-ARW experiments using different LULC datasets is illustrated by RMSE
of daily AET relative to ERA5 for the rainy season (first column), dry season (second column), and annual period
(third column), averaged over the period 2007–2016. Panels (a1–a3), (b1–b3), (c1–c3), and (d1–d3) correspond
to results from the WRF-MYNN2.5, WRF-LU1, WRF-LU2, WRF-LU3 experiments, respectively.

AET for the control simulation and the WRF-ARW simulations with LU1, LU2, and LU3 scenarios

against ERA5, REA, and GLEAM v3.5 product for the period 2007–2016. In contrast to the PET results

described in the previous section, notable differences were observed between the RMSE of the control

simulation and those of the other simulations across the three products in both seasons. Notably, the
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control simulation consistently yields the smallest RMSE against the three products mentioned above,

with values of 1.49 day−1 against ERA5, 1.62 day−1 against REA, and 1.13 day−1 against REA (see

Table 7.5). This is followed by WRF-LU1, WRF-LU2 and WRF-LU3.

The results provide robust evidence that LULCC exerts a substantial influence on AET simulations

over the Ca Mau Peninsula. Simulations incorporating the observed LULC dataset, as represented by the

WRF-LU1 and WRF-LU2 experiments, consistently indicate a notable reduction in daily AET across

seasons. Likewise, simulations based on the hypothetical LULC scenarios exhibit an even stronger re-

sponse, resulting in a more pronounced decline in daily AET, with the most considerable magnitude of

change observed under this scenario.

AET is composed of three primary components: canopy evaporation, direct evaporation from the

Table 7.5.: PBIAS and RMSE of simulated daily AET compared to ERA5, REA, and GLEAM v3.5 over the Ca
Mau Peninsula for the period 2007–2016. Bold numbers indicate the experiments with the lowest RMSE values
for each time period.

PBIAS(%)
Experiment WRF-MYNN2.5 WRF-LU1 WRF-LU2 WRF-LU3

ERA5
Rainy season -24.98 -29.62 -28.92 -31.79
Dry season -30.04 -37.75 -45.15 -58.09
Year -27.30 -33.33 -36.33 -43.76

REA
Rainy season -30.23 -33.47 -34.5 -36.65
Dry season -36.98 -42.29 -53.78 -63.46
Year -33.28 -37.46 -43.22 -48.77

GLEAM V3.5
Rainy season 9.17 4.10 2.48 -0.87
Dry season 4.48 -4.33 -23.38 -39.41
Year 7.12 0.41 -8.84 -17.75

RMSE(mm)
ERA5

Rainy season 1.50 1.71 1.75 1.88
Dry season 1.49 1.70 1.96 2.28
Year 1.49 1.70 1.85 2.08

REA
Rainy season 1.61 1.88 1.95 2.06
Dry season 1.63 1.85 2.20 2.47
Year 1.62 1.87 2.07 2.27

GLEAM v3.5
Rainy season 1.11 1.37 1.40 1.45
Dry season 1.14 1.19 1.27 1.46
Year 1.13 1.28 1.33 1.45

soil surface, and plant transpiration. By coupling the WRF-ARW model with the Noah-MP land surface

scheme, this study provides detailed insights into how LULCC influences the simulation of individual
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AET components over the Ca Mau Peninsula.

Table 7.6 summarizes the mean annual contributions of each component to total AET for the pe-

riod 2007–2016. Understanding the partitioning of AET is essential for interpreting land–atmosphere

interactions and their links to hydrological and ecological processes (Wei et al., 2017). In the control and

WRF-LU1 simulations, transpiration is the dominant contributor to annual AET, accounting for 52.72%

and 50.45%, respectively. In contrast, direct evaporation becomes the dominant component in the WRF-

LU2 and WRF-LU3 simulations, contributing 61.46% and 77.35% of annual AET, respectively. Across

all simulations, canopy evaporation remains the smallest component, contributing between 1.88% and

6.11%. For the default land-use configuration and LU1, where the Ca Mau Peninsula is primarily cov-

ered by vegetated surfaces such as forest and cropland, the ratio of transpiration to total AET (T/AET)

exceeds 50% in both the control and WRF-LU1 simulations. Conversely, under the LU2 and LU3 sce-

narios, which are characterized by extensive wetland coverage, the T/AET ratio decreases markedly to

below 35.5% in the WRF-LU3 simulation. These findings are consistent with those of Wei et al. (2017),

who demonstrated that transpiration generally dominates AET across most vegetation classes, account-

ing for approximately 55.0% to 66.0% of total AET. In contrast, in a wetland class, lower LAI results

in a substantially reduced transpiration contribution of around 33.0%. Overall, the results indicate that

the Noah-MP model is capable of realistically simulating the relative contributions of AET components

over the Ca Mau Peninsula.

The seasonal evolution of AET and its components was further examined using monthly mean

Table 7.6.: Annual contribution of each component to AET over the Ca Mau Peninsula for the period 2007–2016.
Bold numbers indicate experiments with the highest contribution for each component.

Annual contribution to AET(%)
Experiment WRF-

MYNN2.5
WRF-LU1 WRF-LU2 WRF-LU3

Transpiration 52.72 50.45 35.46 20.77
Direct evaporation 41.17 44.81 61.46 77.35
Canopy evaporation 6.11 4.74 3.08 1.88

values for all simulations (Figs. 7.12a–d). As shown in Fig. 7.12d, AET exhibits a pronounced sea-

sonal cycle, with higher values during the rainy season and lower values during the dry season across

all experiments. The control and WRF-LU1 simulations peak in August, whereas the maximum AET

occurs later in the year for WRF-LU2 (September) and WRF-LU3 (October). Throughout the year, the

control simulation consistently produces the highest monthly AET, followed by WRF-LU1, WRF-LU2,

and WRF-LU3, with differences being more pronounced during the dry season. Monthly AET values

range approximately from 20 to 100 mm month−1.

The seasonal patterns of canopy evaporation and direct evaporation (Figs. 7.12a and 7.12c)

broadly follow those of total AET, with enhanced values during the rainy season. Canopy evapora-

tion peaks in September for all simulations, while direct evaporation peaks earlier (July) in the control
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and WRF-LU1 simulations and later (September) in WRF-LU2 and WRF-LU3. The control simula-

tion consistently yields the highest canopy evaporation (up to 11 mm month−1), whereas it produces the

lowest direct evaporation compared to the other experiments. Differences among simulations are again

more evident during the dry season, with direct evaporation ranging from approximately 5 to 80 mm

month−1. In contrast to total AET, transpiration exhibits an inverse seasonal pattern (Fig. 7.12b), with

higher values during the dry season and reduced values during the rainy season. Maximum transpiration

occurs in January and February, followed by a gradual decline to a minimum in April and May, and a

subsequent increase toward the end of the year. This seasonal behavior closely resembles the observed

LAI cycle derived from the GEO v2.0 dataset (Fig. 5.2) and reflects the influence of dynamic vegetation

processes represented in the Noah-MP model. Across all months, the control simulation produces the

highest transpiration, followed by WRF-LU1, WRF-LU2, and WRF-LU3, with monthly values rang-

ing from approximately 5 to 55 mm month−1. These results indicate that differences in simulated AET

among the experiments are primarily driven by variations in transpiration.

The markedly reduced transpiration in the WRF-LU2 and WRF-LU3 simulations is associated

Figure 7.12.: Time series of monthly domain-averaged (a) canopy evaporation, (b) transpiration, (c) direct evap-
oration, and (d) AET simulated by the WRF-MYNN2.5 (black dashed line), WRF-LU1 (blue line), WRF-LU2
(orange line), and WRF-LU3 (yellow line) experiments over the Ca Mau Peninsula for the period 2007–2016.

with the dominance of wetlands in these scenarios (55.0% coverage in LU2 and 100.0% in LU3). This

reduction reflects limitations in the current representation of wetland processes in the Noah-MP model,

which employs relatively simplified wetland parameterizations (Zhang et al., 2022).
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The aforementioned results demonstrate that LULCC exerts a considerable influence on the sim-

ulation of all components of AET in several ways. Primarily, it affects the proportion of each compo-

nent contributing to annual AET. Secondly, it notably substantially modulates the monthly transpiration,

which represents the most dominant component. Synthesizing the findings from Sections 7.2 to 7.5,

it can be concluded that when freshwater flux is defined as precipitation minus PET, the influence of

LULCC on it over the Ca Mau Peninsula is negligible. However, when freshwater flux is defined as

precipitation minus AET, LULCC plays a critical role by significantly modifying transpiration and, ulti-

mately, the overall freshwater flux.

7.6. The freshwater flux over the Ca Mau Peninsula

This section analyzes the freshwater flux over the Ca Mau Peninsula during the period 2007–2016 based

on the WRF-LU2 simulation. The LU2 experiment is adopted as the reference scenario because it repre-

sents the most realistic observed LULC for the study region. In this analysis, freshwater flux is defined

as the difference between precipitation and PET.

Figures 7.13a1–a12 illustrate the spatial distribution of monthly mean daily freshwater flux across

the Ca Mau Peninsula as simulated by the WRF-LU2 experiment. A clear seasonal contrast is observed.

From December to April, freshwater flux values are uniformly negative over the entire peninsula, indicat-

ing that PET exceeds precipitation during the dry season. In contrast, from June to October, freshwater

flux values are consistently positive, reflecting a surplus of precipitation during the rainy season. Transi-

tional conditions occur in May and November, with negative freshwater flux observed over Kien Giang

province, whereas positive values prevail over Ca Mau and Bac Lieu provinces. The maximum freshwa-

ter flux is attained in September, coinciding with the peak of the rainy season, while the minimum occurs

in February. These spatial–temporal patterns are consistent with the monthly freshwater flux derived

from the TMPA and DPET datasets (Fig. 4.7c). Notably, Kien Giang province consistently exhibits the

lowest freshwater flux among the three provinces throughout the year.

Figure 7.14 presents the domain-averaged monthly freshwater flux simulated by the WRF-LU2

experiment. The results reveal a pronounced annual cycle. Freshwater flux remains negative during the

first quarter of the year, reaching its minimum in February and March, indicating that atmospheric evap-

orative demand exceeds precipitation during the late dry season. From April onward, freshwater flux

increases rapidly and becomes positive in May. The maximum freshwater flux is recorded in Septem-

ber, when precipitation substantially exceeds PET. Subsequently, freshwater flux declines sharply after

September, approaching neutral conditions in November, and then turns negative again in December as

rainfall decreases and PET regains dominance. Overall, the simulated seasonal evolution of freshwater

flux is physically consistent with the monsoon climate of the Ca Mau Peninsula, characterized by water

deficits during the dry season and substantial freshwater surpluses during the rainy season.
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Figure 7.13.: The daily mean freshwater flux of experiment WRF-LU2 in (a1) January, (a2) February, (a3) March,
(a4) April, (a5) May, (a6) June, (a7) July, (a8) August, (a9) September, (a10) October, (a11) November and (a12)
December over the Ca Mau Peninsula for the period 2007–2016.

Figures 7.15a and 7.15b further depict the spatial distribution of daily freshwater flux during the

dry and rainy seasons, respectively. A marked seasonal contrast is evident. During the dry season, fresh-

water flux is uniformly negative across the peninsula, ranging from -2.0 to -3.0 mm day−1 over Kien

Giang and Bac Lieu provinces, and from -1.0 to -2.0 mm day−1 over Ca Mau Province. In contrast, dur-

ing the rainy season, freshwater flux values are entirely positive, ranging from 0 to 6.0 mm day−1 across

the peninsula. Ca Mau province exhibits the highest freshwater flux during this period, with values of

approximately 4–5 mm day−1. These results closely agree with freshwater flux estimates derived from

the TMPA and DPET datasets (Fig. 4.6), further confirming the robustness of the WRF-LU2 simulation

in capturing the seasonal characteristics of freshwater flux over the Ca Mau Peninsula.
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Figure 7.14.: Time series of monthly domain-averaged freshwater flux of experiment WRF-LU2 over the Ca Mau
Peninsula for the period 2007–2016.

Figure 7.15.: The daily mean freshwater flux of experiment WRF-LU2 in (a) the dry seasons and (b) the rainy
seasons over the Ca Mau Peninsula for the period 2007–2016.
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8. Conclusions and Outlook

The Ca Mau Peninsula, a sub-region of the Vietnamese Mekong Delta, constitutes the country’s most

important aquaculture center and a major contributor to national rice production. The freshwater flux

in this region plays a crucial role in sustaining food production systems, preserving ecosystem integrity,

and supporting the livelihoods of communities that rely on agriculture and aquaculture. Accurate quan-

tification of freshwater flux is therefore critical importance for effective water resource management

and climate adaptation planning in this region. Over the past decades, the Vietnamese Mekong Delta

has experienced profound LULCC, driven primarily by the rapid, largely uncontrolled expansion of

agricultural and aquaculture systems. These changes have substantially modified surface characteristics,

evapotranspiration processes, and hydrological responses, thereby introducing additional uncertainty into

freshwater flux simulations. Against this background, this dissertation aims to improve the simulation

and understanding of freshwater flux over the Ca Mau Peninsula by employing the WRF-ARW model

at gray-zone resolution (5 km) for the period 2007–2016, taking into account observed and hypothetical

LULC scenarios. Particular emphasis is placed on a comprehensive evaluation of the freshwater flux

components, including precipitation and evapotranspiration, using both PET and AET concepts. The

primary strength of this study lies in the extensive use of relatively dense in-situ station observations,

which serve as robust references for model evaluation. The following section summarizes the main find-

ings of this study and outlines directions for future research.

8.1. Conclusion

The first aim of this work was to identify an appropriate configuration of WRF-ARW physical param-

eterizations for simulating freshwater fluxes over the Ca Mau Peninsula. Four research questions were

asked to address this aim. These questions are answered in chapter five and are summarized as follows:

1. RQ 1a Which cumulus convection parameterization, with or without activation of the sst_skin

option, provides the most accurate simulation of daily precipitation and its diurnal cycle at

5-km horizontal resolution over the Ca Mau Peninsula?

At the 5-km “gray-zone” resolution, the most skillful model configuration is obtained by explicitly

resolving deep convection (i.e., without employing a cumulus parameterization) in combination

with activation of the sst_skin option. The explicit-convection experiment (WRF-MYNN2.5) con-

sistently demonstrates superior performance across daily, 5-day, and 10-day precipitation accumu-
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lations, exhibiting the highest correlation coefficients and the lowest RMSE relative to simulations

employing alternative cumulus schemes, when evaluated against station observations. Further-

more, enabling the sst_skin option substantially reduces precipitation biases, with improvements

of approximately 10–40%, particularly during the rainy season. This configuration also enhances

the representation of the diurnal cycle of precipitation, yielding more realistic amplitudes and tim-

ing of coastal and oceanic precipitation maxima.

Similar findings have been reported by Senatore et al. (2014); Pilatin et al. (2021), who demon-

strated that activating the sst_skin option, by explicitly resolving the thin skin layer at the air-sea

interface and its modulation by atmospheric conditions, significantly improves the accuracy of

precipitation simulations. Their results indicate that this approach reduces modelling uncertainties

in mesoscale atmospheric simulations, particularly over coastal regions and areas characterized by

complex topography.

The choice of cumulus parameterization for rainfall simulations at gray-zone resolution over Asia

remains a subject of ongoing debate. While several studies advocate disabling cumulus schemes in

WRF simulations at convective gray-zone resolutions for long-term rainfall simulation (e.g., Zhou

et al., 2023; Sun et al., 2021b; Ou et al., 2020), others emphasize the continued use of scale-aware

cumulus parameterizations, such as the Grell–Freitas or multi-scale Kain–Fritsch schemes (e.g.,

Kwon and Hong, 2017; Park et al., 2022; Qian et al., 2024), to facilitate a gradual transition toward

explicitly resolved convection while preserving large-scale moisture convergence and climatolog-

ical stability. In this context, the present study contributes additional evidence indicating that, for

the Ca Mau Peninsula in southern Vietnam, switching off the cumulus parameterization at gray-

zone resolutions yields a more accurate representation of long-term rainfall characteristics.

2. RQ 1b Which is the most appropriate vegetation option in the Noah-MP land surface model

to simulate AET over the Ca Mau Peninsula?

The dynamic vegetation option emerges as the most appropriate modelling choice. When dynamic

vegetation is activated, the model more accurately reproduces the seasonal evolution of the LAI,

including the timing of its annual maximum. More importantly, differences in AET among exper-

iments become physically interpretable, as they are primarily driven by variations in transpiration

associated with vegetation dynamics. The results further indicate that updating LULC alone exerts

only a marginal influence when dynamic vegetation is deactivated. In contrast, dynamic vegetation

is indispensable for achieving realistic LAI simulations and, consequently, for a consistent repre-

sentation of AET, particularly when combined with updated LULC datasets.

These results are in line with previous evidence demonstrating the capability of the dynamic veg-

etation option in Noah-MP to reproduce interannual variations in LAI when integrated with pa-

rameter optimization and data assimilation frameworks. Specifically, Shu et al. (2022) showed
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that such a coupled modelling approach yields realistic representations of LAI variability over the

Loess Plateau in China during the 2011–2017 period, exhibiting close agreement with GEO v2.0

observational datasets.

3. RQ 1c Among the three commonly used PBL parameterization schemes, including MYJ,

MYNN2.5, and ACM2, which scheme is most suitable for simulating both components of the

freshwater flux, namely daily precipitation (including its diurnal cycle) and PET, over the Ca

Mau Peninsula?

When both components of the freshwater flux, namely precipitation and PET, are considered, the

MYNN2.5 PBL parameterization is found to be the most suitable overall scheme for simulations

over the Ca Mau Peninsula at gray-zone resolution.

For daily precipitation, the results indicate that local-closure PBL schemes, including MYJ and

MYNN2.5, exhibit comparable performance and consistently outperform the non-local closure

ACM2 scheme. Both local-closure schemes reproduce the observed spatial patterns of precipita-

tion more realistically, particularly during the dry season. In the rainy season, MYJ and MYNN2.5

tend to produce widespread dry biases over the Ca Mau Peninsula and adjacent marine areas,

whereas ACM2 systematically generates wet biases across the peninsula. Although the non-local

ACM2 scheme has been reported to outperform local-closure schemes in several regions (e.g.,

Meroni et al., 2021; Huang et al., 2023; Sharma et al., 2024), its application in the Ca Mau Penin-

sula proves inadequate, as it persistently overestimates rainfall in both seasons. This behavior is

consistent with the findings of Wang et al. (2014), who attributed excessive precipitation under the

ACM2 scheme to enhanced sea-surface latent heat fluxes and stronger convective activity, leading

to deviation in monsoon circulation over East Asia.

Regarding the diurnal cycle of precipitation, gray-zone WRF-ARW simulations are generally ca-

pable of reproducing the key characteristics observed over the Ca Mau Peninsula. Neverthe-

less, all experiments underestimate both rainfall frequency and intensity during nighttime hours

(19:00–04:00 LT). Among the tested schemes, WRF-MYNN2.5 most successfully captures the ob-

served coastal rainfall maximum, located approximately 200 km inland from the western coastline,

in both timing and magnitude, and realistically represents the inland early-afternoon precipitation

peak. In contrast, WRF-MYJ and WRF-ACM2 tend to produce an unrealistically early coastal

rainfall peak in the morning and an overly strong inland afternoon maximum. These results are in

agreement with recent findings by Lai et al. (2025), who demonstrated that high-resolution WRF-

ARW simulations substantially improve the representation of the diurnal cycle of summer rainfall

over Mainland Southeast Asia, especially in coastal and topographically complex regions.

In terms of PET, performance metrics consistently identify WRF-MYNN2.5 as the best-performing

PBL scheme. Although PET RMSE values may appear similar across schemes when evaluated

99



8. Conclusions and Outlook

against ERA5, MYNN2.5 exhibits superior overall skill, characterized by higher correlation coef-

ficients and the lowest RMSE when validated against multiple reference datasets, including DPET.

Furthermore, MYNN2.5 more accurately represents the key drivers of PET, particularly 10-m wind

speed and net radiation. In line with Xu et al. (2017); Bughici et al. (2019), these results confirm

that biases in 10-m wind speed play a dominant role in controlling uncertainties in simulated PET

4. RQ 1d What combination of physical parameterization schemes provides the most reliable

representation of freshwater fluxes over the Ca Mau Peninsula?

As emphasized by Taraphdar et al. (2021), gray-zone simulations can achieve performance com-

parable to convection-permitting configurations when appropriate physical parameterizations are

employed to adequately represent synoptic-scale and mesoscale processes. Consistent with this

perspective, the present study identifies the most reliable overall configuration for simulating the

freshwater flux over the Ca Mau Peninsula at 5-km horizontal resolution as the combination of

the MYNN2.5 PBL parameterization scheme, activation of the sst_skin option, explicit convection

scheme (i.e., without a cumulus parameterization), and the use of the dynamic vegetation option

within the Noah-MP land surface model.

From the above answers, an optimal combination of physical parameterization schemes for the

WRF-ARW model has been clearly identified to simulate all major components of freshwater flux over

the Ca Mau Peninsula at a 5-km gray-zone resolution. This configuration comprises the MYNN2.5 PBL

parameterization scheme, activation of the sst_skin option, an explicit convection scheme (i.e., without a

cumulus parameterization), and the dynamic vegetation option within the Noah-MP land surface model.

Building upon this configuration, the subsequent step was to provide a comprehensive assessment of

whether the WRF-ARW model, operated at 5-km resolution with the selected physical parameterization,

is capable of reliably simulating freshwater flux over the Vietnamese Mekong Delta for the long-term

period 2007–2016. In chapter six, results answering questions aimed at achieving the second aim of this

work were presented. The findings are:

1. RQ 2a Is the WRF-ARW model able to derive the daily precipitation over the Ca Mau Penin-

sula during the period 2007–2016?

The results demonstrate that the WRF-ARW model, configured at a 5-km gray-zone resolution, is

able to realistically reproduce the large-scale spatial patterns and seasonal contrasts of daily pre-

cipitation over the Ca Mau Peninsula for the period 2007–2016. In particular, the model captures

the pronounced enhancement of rainfall during the rainy season, the substantial reduction during

the dry season, and the dominant coastal–inland rainfall gradients. Nevertheless, the simulations

exhibit a systematic dry bias, reflected by predominantly negative PBIAS values relative to both
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CHIRPS and TMPA products. While domain-averaged RMSE values remain moderate when eval-

uated against satellite-based datasets, larger discrepancies emerge when compared with rain-gauge

observations, underscoring the persistent challenges associated with representing convective pre-

cipitation processes at gray-zone resolutions. Overall, the WRF-ARW model provides a physically

consistent yet conservative estimate of daily precipitation over the Ca Mau Peninsula.

These findings are broadly consistent with previous studies over the Mekong Delta region. Ragha-

van et al. (2016) reported a pronounced dry bias in WRF-ARW simulation at 25-km resolution

across the Vietnamese Mekong Delta on both seasonal and annual scales. Similarly, Hoang-Cong

et al. (2022), using the RegCM4.7 model, showed that while both 25-km and 5-km downscal-

ing experiments capture the spatial distribution of climatological rainfall, higher resolution does

not necessarily translate into improved performance. Specifically, their 5-km simulation tends to

underestimate precipitation over the Mekong Delta, whereas the 25-km simulation exhibits wet

biases in both dry and rainy seasons. These results support the notion that increased horizon-

tal resolution alone cannot compensate for deficiencies in model physics. Instead, at gray-zone

scales, the enhancement of local convective activities may alter fine-scale rainfall patterns and am-

plify biases (Navale and Singh, 2020), emphasizing the critical importance of appropriate physical

parameterizations over the resolution-based improvements.

2. RQ 2b Is the WRF-ARW model able to derive all characteristics of the diurnal cycle of pre-

cipitation over the Ca Mau Peninsula during the period 2007–2016?

The results show that the WRF-ARW model is able to reproduce the key temporal characteris-

tics of the diurnal cycle of precipitation over the Ca Mau Peninsula, most notably the dominant

early-afternoon peak occurring between 13:00 and 16:00 LT, which represents a defining feature in

the TMPA observations. The simulations also capture the nocturnal minimum in rainfall amount.

However, the model systematically underestimates rainfall frequency throughout the diurnal cycle

and does not fully represent the observed suppression of rainfall frequency during the early morn-

ing hours. The largest discrepancies between simulations and satellite observations occur during

nighttime and early morning periods. Despite these shortcomings, WRF-ARW successfully re-

produces the phase, timing, and overall structure of the diurnal rainfall cycle, which is a critical

prerequisite for a reliable assessment of freshwater fluxes.

These findings are consistent with those reported by Lai et al. (2025) for mainland Southeast Asia.

Using the WRF model driven by ERA5 at convection-permitting (3-km) and gray-zone (9-km) res-

olutions for the period 2002–2025, they demonstrated that WRF simulations capture the diurnal

cycle of precipitation more realistically than ERA5 reanalysis. In particular, both configurations

reproduce the characteristic afternoon rainfall peak over the Ca Mau Peninsula, while substantially
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underestimating rainfall frequency relative to GPM IMERG observations.

3. RQ 2c Is the WRF-ARW model able to derive the daily PET over the Ca Mau Peninsula

during the period 2007–2016?

The WRF-ARW model exhibits strong capability in simulating daily PET over the Ca Mau Penin-

sula during the 2007–2016 period. The simulated PET shows good agreement with DPET, ERA5,

and station-based reference datasets, with RMSE values remaining within an acceptable range for

regional-scale meteorological applications. A systematic negative bias is evident relative to in-situ

observations, indicating a general underestimation of PET in both the dry and rainy seasons. Fur-

ther analysis indicates that PET performance is highly sensitive to the representation of driving

variables, particularly 10-m wind speed and net radiation, with biases in 10-m wind speed con-

tributing most substantially to the overall uncertainty in PET.

Despite these biases, the WRF-ARW simulations successfully reproduce the seasonal evolution

and spatial coherence of PET across the Ca Mau Peninsula, thereby providing a physically consis-

tent basis for estimating freshwater flux. These findings are consistent with those of Du Duc et al.

(2016), who reported that among surface meteorological variables simulated by WRF-ARW over

Vietnam, 10-m wind speed exhibits the largest RMSE.

Given the scarcity of long-term in situ PET observations over the Ca Mau Peninsula and Vietnam

more broadly, reliance on a model-derived PET dataset is unavoidable. In this context, the present

results further confirm the suitability of DPET as a reliable benchmark for PET evaluation, con-

sistent with recent studies demonstrating its superior performance at both basin (Faseyiku et al.,

2024) and global scales (Singer et al., 2021). Overall, these findings suggest that, when properly

configured, WRF-ARW remains a reliable tool for PET analyses.

In summary, the WRF-ARW model, operating at gray-zone resolution, demonstrates a solid capa-

bility to simulate daily precipitation, its diurnal variability, and daily PET over the Ca Mau Peninsula,

despite the presence of systematic biases. Although precipitation is generally underestimated and cer-

tain aspects of the diurnal cycle are not fully resolved, the model consistently reproduces the essential

physical characteristics necessary for assessing regional-scale freshwater flux. Given that the LULC of

the Ca Mau Peninsula has undergone pronounced transformations over the past three decades, an impor-

tant question arises as to whether incorporating updated and more realistic LULC datasets can further

improve the model’s ability to simulate freshwater fluxes. This issue forms the core of the third objective

of this study. The corresponding research questions were addressed in Chapter 7, and the main findings

are summarized below:

102



8.1. Conclusion

1. RQ 3a What is the response of simulated daily precipitation to updated/more realistic LULC

datasets and hypothetical LULC scenarios in the WRF-ARW model?

Overall, integrating alternative LULC scenarios produces limited changes in domain-scale daily

rainfall for the realistic (observed) datasets, while the extreme hypothetical scenarios exert a

much stronger influence on daily rainfall. Specifically, the impact of the observed LULC up-

dates (LU1–LU2) is described as negligible, whereas LU3 induces only minor changes and LU4

generates the most substantial modification. Across all experiments, daily precipitation remains

systematically lower than in the control simulation, indicating a persistent dry bias in both dry and

rainy seasons.

To support the conclusion that, compared to the control simulation, all other simulations yield a

slight decrease in precipitation, this study suggests an explanation. In the WRF-LU1 experiment,

relative to the control simulation, a substantial proportion of the forested area, approximately 46%

of the Ca Mau Peninsula, was converted to cropland. A precipitation analysis comparing the con-

trol and WRF-LU1 simulations indicates that this forest-to-cropland transition is associated with

a modest reduction in precipitation. This response is consistent with previous studies, which have

demonstrated that forestation tends to enhance atmospheric moisture transport, thereby increasing

rainfall (Staal et al., 2024). For example, Li et al. (2021) reported that reforestation of cropland re-

sulted in increased summer rainfall and more frequent extreme precipitation events in the Yangtze

River basin. Conversely, Mortey et al. (2024) demonstrated that cropland expansion and associ-

ated deforestation led to a reduction of approximately 5% in precipitation and 3% in AET over the

Sissili–Kulpawn Basin. Collectively, these results indicate that the conversion of forest to other

LULC types tends to suppress precipitation, thereby accounting for the systematically drier condi-

tions simulated under the modified LULC scenarios.

2. RQ 3b What is the response of the simulated diurnal cycle of precipitation to updated/more

realistic LULC datasets and hypothetical LULC scenarios in the WRF-ARW model?

Regarding the diurnal cycle of precipitation during the rainy season, the influence of LULCC re-

mains weak across LU1–LU3, but becomes pronounced under the extreme hypothetical scenario

(LU4). In the LU4 experiment, both rainfall frequency and intensity exhibit a marked shift from

the typical early-afternoon maximum to an early-morning peak (07:00–10:00 LT), reflecting a

transition toward an ocean-like diurnal cycle of precipitation behavior following the conversion of

LULC to water bodies. Consistent with the response observed for daily precipitation, all LULCC

experiments systematically reduce rainfall frequency and intensity throughout the diurnal cycle

relative to the control simulation.

This behavior is consistent with the findings of Takahashi et al. (2017) over the Maritime Conti-

nent, who used the WRF model to investigate the effects of deforestation on the diurnal cycle of
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precipitation and reported a general weakening of all diurnal rainfall characteristics under defor-

ested scenarios.

3. RQ 3c What is the response of simulated daily PET to updated/more realistic LULC datasets

and hypothetical LULC scenarios in the WRF-ARW model?

The results demonstrate that LULCC exerts only a limited influence on the simulation of PET over

the Ca Mau Peninsula, except under the extreme hypothetical LU4 scenario. Simulations using

observed LULC datasets (WRF-LU1 and WRF-LU2), as well as the hypothetical LU3 scenario,

reveal negligible differences in PET compared to the control experiment. In contrast, the LU4

scenario induces a pronounced increase in PET, primarily attributable to substantially enhanced

10-m wind speed and altered net radiation.

To the best of our knowledge, studies explicitly examining the impact of LULCC on PET over the

Ca Mau Peninsula, and more broadly across Vietnam, remain scarce. In this context, the present

findings provide a valuable foundation for applying RCMs to investigate LULC-PET interactions

and offer a first quantitative assessment of the sensitivity of PET to LULC transformations in this

region.

4. RQ 3d What is the response of simulated daily AET to updated/more realistic LULC datasets

and hypothetical LULC scenarios in the WRF-ARW model?

In contrast to PET, the results of this study indicate that LULCC exerts a substantial influence on

the simulation of AET over the Ca Mau Peninsula. Simulations incorporating observed LULC

datasets (LU1 and LU2) show a pronounced reduction in daily AET relative to the control exper-

iment in both dry and rainy seasons. The effect is even more pronounced under the hypothetical

LU3 scenario, which produces the largest decrease in daily AET across seasons. Nevertheless,

when model performance is evaluated using RMSE against multiple AET reference products, the

control experiment consistently achieves the lowest RMSE (e.g., annual RMSE of approximately

1.49 mm day−1 against ERA5 and 1.62 mm day−1 against REA), followed by LU1, LU2, and

LU3.

From a mechanistic perspective, differences in AET among LULC scenarios are primarily at-

tributable to changes in transpiration. LULCC alters both the relative contribution of individual

components to annual AET and the seasonal evolution of transpiration, which remains the domi-

nant component of total AET. Variations in transpiration therefore largely explain the inter-scenario

differences in simulated AET.

The systematic reduction in AET relative to the control simulation can be physically explained

by LULC transitions. In the WRF-LU1 experiment, approximately 46% of the Ca Mau Penin-

sula area is converted from forest to cropland. A comparison between the control and WRF-LU1
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simulations reveals that this forest-to-cropland conversion results in a significant decrease in AET.

This finding is consistent with previous studies. For example, Mortey et al. (2024) reported that

deforestation associated with cropland expansion resulted in a 3% reduction in AET in the Sis-

sili–Kulpawn Basin, while López-Espinoza et al. (2020) showed that forest conversion to cropland

or bare land reduces vegetation cover, leading to lower AET and diminished latent heat fluxes.

Collectively, these results reinforce the conclusion that reductions in vegetation density associated

with LULCC suppress transpiration and, consequently, total AET.

5. RQ 3e Is the permanent wetland category or the water body category suitable to represent

the aquaculture area in the Noah-MP model to simulate over the Ca Mau Peninsula?

The results indicate that representing aquaculture areas as permanent wetlands constitutes a more

physically defensible modelling choice than treating them as water bodies. Under the permanent

wetland–dominated scenarios (LU2-LU3), transpiration is substantially reduced, which is consis-

tent with lower LAI and a markedly decreased T/AET ratio. In particular, in the LU3 scenario,

where the Ca Mau Peninsula is entirely represented as a permanent wetland, the T/AET ratio falls

below 35.5%.

These findings are consistent with those reported by Wei et al. (2017), who demonstrated that

transpiration typically dominates AET across most vegetated land-cover types, accounting for ap-

proximately 55–66% of total AET. In contrast, wetland ecosystems exhibit substantially lower

transpiration contributions (around 33%) due to their reduced LAI. At the same time, it should be

acknowledged that the representation of wetland processes in the Noah-MP land surface model

remains relatively simplified, which may limit the realism of wetland evapotranspiration dynamics

(Zhang et al., 2022).

In contrast, the LU4 “all water-body” scenario fundamentally shifts the land-atmosphere system

toward an ocean-like regime. This transition alters the atmospheric response, including a shift of

the diurnal precipitation peak from early afternoon to early morning. Such behavior indicates that

the LU4 configuration does not realistically represent aquaculture landscapes.

6. RQ 3f Is the WRF-ARW model able to derive the present freshwater flux over the Ca Mau

Peninsula, taking LULCC into account?

The results demonstrate that the WRF-ARW model is capable of reliably deriving the present

freshwater flux over the Ca Mau Peninsula when LULCC is explicitly accounted for. Using the

LU2 configuration as the most realistic observed LULC scenario, the model reproduces a physi-

cally consistent seasonal cycle of freshwater flux defined as precipitation minus PET. During the

dry season (December–April), the freshwater flux is dominated by negative values. In May, the

flux becomes positive, reaches a maximum in September, and returns to negative values by De-
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cember, in close agreement with the regional monsoon climatology.

Both the seasonal evolution and spatial patterns of simulated freshwater flux closely match inde-

pendent estimates derived from the TMPA and DPET datasets, confirming the robustness of the

WRF-LU2 simulation. Spatially, freshwater flux is uniformly negative during the dry season (-2 to

-3 mm day−1 over Kien Giang and Bac Lieu, and -1 to -2 mm day−1 over Ca Mau), while rainy-

season values are consistently positive (0–6 mm day−1), with maxima over Ca Mau Province (4–5

mm day−1).

Importantly, when freshwater flux is defined as precipitation minus PET, the influence of LULC

scenarios is negligible at the peninsula scale. In contrast, when freshwater flux is defined as pre-

cipitation minus AET, LULCC becomes a critical controlling factor, as it substantially modifies

transpiration, the dominant component of AET. This distinction underscores the importance of ex-

plicitly considering vegetation processes when evaluating freshwater flux under LULCC.

8.2. Outlook

This thesis provides a comprehensive assessment of the freshwater flux over the Ca Mau Peninsula,

southern Vietnam, using the WRF-ARW model at a 5-km gray-zone resolution. Additionally, the study

explores how the performance of the WRF-ARW in simulating freshwater flux varies when taking into

account the LUCC over the domain. The results provide new insights into the spatial and seasonal char-

acteristics of freshwater flux in this region. Although the assessment was comprehensive, some biases in

the simulation of both components of freshwater flux, including precipitation, PET, or AET, could not be

analyzed as they were beyond the scope of this study. Therefore, the following are suggested for future

work aimed at improving freshwater flux simulation over the Ca Mau Peninsula:

From a precipitation perspective, the WRF-ARW model’s performance remains less robust during

the rainy season, as reflected by high values of RMSE when simulating daily rainfall and its diurnal

cycle over the Ca Mau Peninsula. This suggests that further refinement of the physical parameterization

choices remains necessary. Future work should therefore revisit alternative physics parameterization

combinations. Additionally, downscaling experiments at convection-permitting resolutions (3 km or

finer) are strongly recommended. Such configurations would enable the explicit representation of deep

convection, thereby reducing uncertainties associated with cumulus parameterization and enhancing the

simulation of rainfall intensity and timing (Kendon et al., 2021). With the continuing increase in compu-

tational capacity, long-term convection-permitting simulations using WRF-ARW are expected to become

increasingly feasible.

Regarding PET, despite incorporating updated and more realistic LULC datasets, substantial bi-

ases in simulated 10-m wind speed persist and remain the dominant source of PET uncertainty. Future

studies should therefore explore the application of post-processing and bias-correction techniques to en-
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hance the robustness of PET estimates.

For AET, the accurate representation of LAI through the dynamic vegetation option in the Noah-

MP land surface model plays a critical role, particularly in constraining the transpiration component,

which dominates total AET. Nevertheless, dynamic vegetation modelling remains subject to considerable

uncertainty due to the complexity of land–atmosphere interactions. Recent studies have demonstrated

that parameter optimization and data assimilation approaches can substantially improve dynamic vegeta-

tion performance; therefore, these methods should be systematically explored in future work (Shu et al.,

2022). Moreover, despite recent advances, the wetland category in Noah-MP remains highly simplified.

Wetlands are currently treated as a static land-cover class, lacking explicit representation of water storage

or subgrid hydrological dynamics, which leads to unrealistic instantaneous runoff (Zhang et al., 2022).

In reality, wetland depressions retain surface water and interact dynamically with the atmosphere. De-

veloping and implementing a dynamic wetland scheme that explicitly accounts for subgrid water and

energy balance processes is therefore essential for improving AET simulations and for more realistically

representing land–atmosphere feedbacks in wetland-dominated regions such as the Ca Mau Peninsula.
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A. Appendix: Figures

Figure A.1.: The performance of WRF-ARW experiments employing different PBL schemes is assessed using
Taylor diagrams for (a) daily, (b) 5-day, and (c) 10-day accumulated rainfall at 24 stations over the Ca Mau
Peninsula. Results are shown for the WRF-MYNN2.5 (red symbols), WRF-MYNN2.5-KF (blue symbols), WRF-
MYNN2.5-BMJ (orange symbols), WRF-MYNN2.5-GL (navy symbols), WRF-MYNN2.5-AKW (black sym-
bols), and WRF-MYNN2.5-G3D (pink symbols) experiments across the dry season, rainy season, and full year
for 2015. Experiments with the smallest RMSE are highlighted with a color-filled background of the numbers
indicating the reference period.
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Figure A.2.: The performance of WRF-ARW experiments using different PBL parameterization schemes is il-
lustrated by the PBIAS of daily rainfall relative to CHIRPS v2.0 for the rainy season (first column), dry season
(second column), and annual (third column) periods, averaged over 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, re-
spectively.
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Figure A.3.: Same as in Figure A.2 but for RMSE of simulated daily rainfall.

Figure A.4.: The performance of WRF-ARW experiments employing different PBL schemes is assessed using
Taylor diagrams for daily rainfall at 24 stations over the Ca Mau Peninsula. Results are shown for the WRF-MYJ
(red symbols), WRF-MYNN2.5 (blue symbols), and WRF-ACM2 (orange symbols) experiments in the whole
year of 2007 (number one), 2013 (number two), and 2015 (number three). Experiments with the smallest RMSE
are highlighted with a color-filled background of the numbers indicating the reference period.
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Figure A.5.: The Hovmöller diagrams of the mean diurnal cycles latitudinally averaged over 8.25–10.5°N,
99.875–106.125°E for the rainy seasons in 2007, 2013, and 2015 from (a) TMPA, and from (b) WRF-MYNN2.5-
s, (c) WRF-MYJ-s, and (d) WRF-ACM2-s experiments. Vertical dashed lines show the approximate location of
the western coastline of the Ca Mau Peninsula.
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Figure A.6.: The performance of WRF-ARW experiments using different PBL parameterization schemes is illus-
trated by the PBIAS of daily PET relative to DPET for the rainy season (first column), dry season (second column),
and annual (third column) periods, averaged over 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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Figure A.7.: Same as in Figure A.2 but for RMSE of simulated daily PET.
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Figure A.8.: The performance of the WRF-MYNN2.5 experiment is illustrated by the PBIAS and RMSE of
daily rainfall relative to TMPA for the rainy season (first column), dry season (second column), and annual (third
column) periods, averaged over the period from 2007 to 2016. Panels (a–c) and (d–f) correspond to the PBIAS
and RMSE, respectively.

Figure A.9.: The performance of the WRF-MYNN2.5 experiment is illustrated by the PBIAS and RMSE of daily
PET relative to ERA5 for the rainy season (first column), dry season (second column), and annual (third column)
periods, averaged over the period from 2007 to 2016. Panels (a–c) and (d–f) correspond to the PBIAS and RMSE,
respectively.

115



Figure A.10.: The performance of WRF-ARW experiments using different LULC datasets is illustrated by the
PBIAS of daily rainfall relative to TMPA for the rainy season (first column), dry season (second column), and
annual (third column) periods, averaged over the period 2007–2016. Panels (a1–a3), (b1–b3), (c1–c3), (d1–d3),
and (e1–e3) correspond to results from the WRF-MYNN2.5, WRF-LU1, WRF-LU2, WRF-LU3, and WRF-LU4
experiments, respectively.
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Figure A.11.: Same as in Figure A.10 but for RMSE of simulated daily rainfall.
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Figure A.12.: The performance of WRF-ARW experiments using different LULC datasets is illustrated by the
PBIAS of daily PET relative to ERA5 for the rainy season (first column), dry season (second column), and
annual (third column) periods, averaged over the period 2007–2016. Panels (a1–a3), (b1–b3), (c1–c3), (d1–d3),
and (e1–e3) correspond to results from the WRF-MYNN2.5, WRF-LU1, WRF-LU2, WRF-LU3, and WRF-LU4
experiments, respectively.
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Figure A.13.: Same as in Figure A.12 but for RMSE of simulated daily PET.
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Figure A.14.: The performance of WRF-ARW experiments using different LULC datasets is illustrated by the
PBIAS of daily AET relative to REA for the rainy season (first column), dry season (second column), and annual
(third column) periods, averaged over the period 2007–2016. Panels (a1–a3), (b1–b3), (c1–c3), and (d1–d3)
correspond to results from the WRF-MYNN2.5, WRF-LU1, WRF-LU2, and WRF-LU3 experiments, respectively.
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Figure A.15.: Same as in Figure A.14 but for RMSE of simulated daily AET.
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Figure A.16.: The performance of WRF-ARW experiments using different LULC datasets is illustrated by the
PBIAS of daily AET relative to GLEAM v3.5 for the rainy season (first column), dry season (second column),
and annual (third column) periods, averaged over the period 2007–2016. Panels (a1–a3), (b1–b3), (c1–c3), and
(d1–d3) correspond to results from the WRF-MYNN2.5, WRF-LU1, WRF-LU2, and WRF-LU3 experiments,
respectively.
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Figure A.17.: Same as in Figure A.16 but for RMSE of simulated daily AET.
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