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Abstract

Dynamical downscaling is an essential approach for bridging the gap between coarse-
resolution global climate models and regional details required for climate impact
assessment and sustainable development planning. Thailand, a climate-sensitive country
in Southeast Asia, requires robust climate information to support its adaptation and
resilience strategies. This study evaluated the Weather Research and Forecasting (WRF)
model in dynamically downscaling selected Coupled Model Intercomparison Project
Phase 5 (CMIP5) simulations over Thailand during the baseline period of 1976–2005.
A two-way nested WRF configuration was employed, with domains covering Southeast
Asia (36 km) and Thailand (12 km) in the model. Model outputs were compared with
gridded observations from the Climatic Research Unit (CRU TS), and spatial variations
were analyzed across six administrative regions in Thailand. The WRF successfully
reproduces broad climatological patterns, including the precipitation contrast between
mountainous and lowland areas and the north–south gradient of temperature. Seasonal
cycles of rainfall and temperature are generally well represented, although systematic
biases remain, specifically the overestimation of orographic rainfall and a cold bias in
high-elevation regions. The 12 km WRF simulations demonstrated improved special
and temporal agreement with the CRU TS dataset, showing a national-scale wet bias
(MBE = +17.14 mm/month), especially during the summer monsoon (+65.22 mm/month).
Temperature simulations exhibited seasonal derivations, with a warm bias in the pre-
monsoon season and a cold bias during the cool season, resulting in annual cold biases in
both maximum (−1.25 C) and minimum (−0.80 C) temperatures. Despite systematic biases,
WRF-CMIP5 downscaled framework provides enhanced regional climate information
and valuable insights to support national-to-local climate change adaptation, resilience
planning, and sustainable development strategies in Thailand and the broader Southeast
Asian region.
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1. Introduction
Climate change presents profound challenges for societies and ecosystems, especially

in regions that are highly sensitive to climatic variability. Southeast Asia ranks among
the world’s most climate-vulnerable regions [1,2], frequently experiencing weather-related
disasters such as floods and droughts as climate extremes intensify. The region has recorded
a consistent upward trend in extreme precipitation, which closely correlates with rising
global mean temperatures [3]. Thailand stands out as one of the countries most affected
by ongoing climate change [4,5]. Projections from regional climate modeling experiments
(CORDEX–SEA) suggest that droughts across the region will become longer, more severe,
and more intense, with maximum severity potentially increasing by up to 330% compared
to the baseline period. Reductions in dry-season (DJFM) precipitation of about 5–15%
and decreases in wet-season (JJAS) precipitation of up to 10% drive this intensification [3].
Persistent drying in both seasons is likely to strain water resources, agriculture, energy
production, and public health, underscoring the urgent need for reliable climate information
to guide sustainable development, climate adaptation, and resilience planning [6–10]. In
this context, climate adaptation refers to the process of adjusting to actual or expected
climatic changes to reduce adverse impacts or capitalize on potential benefits, whereas
resilience denotes the capacity of a system to absorb climate-related disturbances and
recover its essential functions.

Global Climate Models (GCMs), including those developed under the Coupled Model
Intercomparison Project Phase 5 (CMIP5), play a crucial role in projecting future climate
conditions [11,12]. However, their coarse spatial resolution (typically 100–250 km) prevents
them from accurately capturing local topography and critical physical processes [13,14].
This limitation poses a major challenge in complex regions such as Southeast Asia, where
terrain diversity, intricate coastlines, and land–atmosphere interactions strongly shape
rainfall and temperature patterns. As a result, many GCMs fail to reproduce the observed
spatial structure of extreme precipitation indices in the region, producing systematic biases—
such as overestimated rainfall intensity, inaccurate simulation of consecutive dry days,
and misrepresented hydrological and monsoon processes. These shortcomings reduce the
reliability of GCM outputs for local-scale adaptation planning and sustainable resource
management [15,16].

Dynamical downscaling through Regional Climate Models (RCMs) offers an effective
approach to overcome the coarse resolution of Global Climate Models (GCMs) and bridge
the scale gap between global and local applications. RCMs enhance spatial resolution—
typically from ~50 km to ~12 km [5] and explicitly represent regional topography, coastlines,
inland water bodies, and land cover heterogeneity [5]. This approach generates climate
fields that more accurately capture regional and local processes than GCMs alone [3,5,17,18].
In Thailand and the broader Southeast Asian domain, RCMs have become essential tools
for climate impact assessment, vulnerability analysis, and adaptation planning. The
Coordinated Regional Climate Downscaling Experiment for Southeast Asia (CORDEX-
SEA) [3,19,20] provides a key framework for developing these regional projections. Among
available RCMs, the Weather Research and Forecasting (WRF) model [21] has proven
particularly effective in improving simulations of monsoon dynamics and complex terrain
processes. By nesting GCM boundary conditions within a high-resolution domain, WRF
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enhances spatial detail and delivers process-level insights into regional climate extremes
in both precipitation [4,22] and temperature [23,24]. These advancements have strength-
ened the scientific foundation for sectoral planning in agriculture, water management,
disaster-risk reduction, and climate resilience.

Accordingly, this study aimed to evaluate the capability of the WRF model driven
by CMIP5 boundary conditions in simulating the spatial and temporal variability of tem-
perature and precipitation over Thailand during the 1976–2005 baseline period. Model
performance was assessed through statistical comparisons with the observation-based CRU
TS dataset to evaluate accuracy and reliability across different regions and seasons. In
addition, the study investigates the added value of WRF-based dynamical downscaling
relative to coarse-resolution CRU observational fields, highlighting the improvements in
spatial detail and regional representation achieved through higher-resolution modeling. By
linking scientific evaluation with sustainability-oriented outcomes, the findings strengthen
confidence in applying the WRF–CMIP5 framework for future climate change projections
and impact assessments that support adaptation planning and sustainable development
pathways in Thailand and Southeast Asia.

Although several studies have applied regional climate modeling in Southeast
Asia [12,25–28], systematic evaluations of downscaled CMIP5 simulations for Thailand
remain limited, particularly in terms of spatially explicit assessments across various me-
teorological regions [29–31]. Addressing this gap is critical to ensure that downscaled
climate products are not only scientifically robust, but also relevant to policymaking, cli-
mate adaptation, and sustainable resource management. By focusing on the baseline period
(1976–2005), this study establishes a benchmark for model performance that enhances
the credibility of future climate projection and their application to national and regional
adaptation planning.

2. Data and Methods
2.1. Study Area and Model Domains

Thailand, situated in mainland Southeast Asia between latitudes 5–21◦ N and longi-
tudes 97–106◦ E, exhibits strong climatic gradients shaped by multiple climate modes [32],
complex topography, and coastal influence. The country experiences distinct wet and
dry seasons, with rainfall concentrated from May to October, driven by the southwest
monsoon. Annual precipitation ranges from over 4000 mm in some parts of the southern
and eastern regions less than 1200 mm in the central plains. Temperature patterns show a
north–south gradient, with cooler conditions in the highland areas and warmer conditions
in the lowlands and southern peninsula.

This study focuses on Thailand and the surrounding mainland Southeast Asian regions.
Figure 1 provides a comprehensive overview of geographical domains and climatology.
The WRF model was configured with two nested domains, as shown in Figure 1a. The
outer parent domain (d01), with a 36 km gridded resolution covering a large portion of
Southeast Asia to capture synoptic-scale meteorological patterns, whereas the inner 12 km,
higher-resolution domain (d02), indicated by the red box, is centered over Thailand and
constitutes our primary study area. Key geophysical data were incorporated as model
inputs. Figure 1b displays the terrain elevation within the inner domain (d02), highlighting
the mountainous regions in northern and western Thailand and the low-lying central
plains. The land use and land cover (LULC) classification used in the simulation is shown
in Figure 1d, represented by the LU_INDEX. These high-resolution datasets for topography
and LULC are critical for accurately simulating surface–atmosphere interactions, including
wind flow, temperature gradients, and moisture fluxes. For a more detailed sub-national
analysis, Thailand was divided into six standard administrative regions, as shown in
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Figure 1c [33]. These regions were (1) northern, (2) northeastern, (3) central, (4) eastern,
(5) southeast coast, and (6) southwest coast. The results of the model simulations were
aggregated and analyzed for each region. These divisions reflect hydrological, agricultural,
and socioeconomic differences relevant to regional planning, climate risk management,
and sustainable development. Evaluating climate simulations at this scale ensures that
the results can directly inform decision-making processes across the multiple sectors as
identified in Thailand’s National Adaptation Plan (NAP).

Figure 1. Study domains, geographical datasets, and climatological means for the study area.
(a) Model configuration with two nested WRF domains: the outer domain (d01, 36 km) covering
mainland Southeast Asia and the inner domain (d02, 12 km) centered over Thailand. (b) Topogra-
phy of the WRF input data. (c) Meteorological boundaries of Thailand with six sub-regions used
for regional analysis: 1-Northern; 2-Northeastern; 3-Central; 4-Eastern; 5-Southern (East Coast);
6-Southern (West Coast). (d) Land cover classification based on the MODIS/IGBP 21-class scheme: 1-
Evergreen Needleleaf Forest; 2-Evergreen Broadleaf Forest; 4-Deciduous Broadleaf Forest; 5-Mixed
Forests; 6-Closed Shrublands; 7-Open Shrublands; 8-Woody Savanna 9-Savannas; 10-Grasslands;
11-Permanent Wetlands; 12-Croplands; 13-Urban and Built-Up; 14-Cropland/Natural Veg Mosaic;
16-Barren or Sparsely Vegetated; 17-Water. (e) Climatological monthly mean precipitation (mm/month)
during 1976–2005, derived from CRU TS v4.09. (f) Climatological mean near-surface temperature (◦C)
for the same baseline period.
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The long-term climatological conditions of the study area exhibit notable spatial vari-
ations in both precipitation and temperature, as shown in Figure 1e,f. The precipitation
patterns in this region (Figure 1e) demonstrates considerable variability. The most sub-
stantial rainfall, frequently exceeding 400 mm/month, is concentrated along the western
coastlines and in the eastern regions of the domain. In contrast, the central plains of Thai-
land are significantly drier and exist within a distinct rain shadow. Temperature (Figure 1f)
is predominantly influenced by the topography. The warmest areas, with average tempera-
tures often surpassing 30 ◦C, are located in the low-lying central and northeastern plains.
The mountainous regions of northern and western Thailand are noticeably cooler, where
the higher elevations result in lower average temperatures.

2.2. Data Sources

This study utilized the NCAR Community Earth System Model (CESM) Global
Bias-Corrected CMIP5 output dataset [34], with a native resolution of approximately
1.25◦ × 0.9◦ (~100 km), obtained from the NCAR Data Repository [34]. The bias-corrected
CMIP5 outputs provide improved boundary conditions for regional climate modeling by
reducing the systematic errors present in the raw GCM simulations [34]. These data were
dynamically downscaled using the WRF model to evaluate precipitation and temperature
in Thailand during the 1976–2005 baseline period.

For model evaluation, the Climatic Research Unit Time Series (CRU TS) version 4.09
dataset [35] was used as the observational reference. The CRU TS provides gridded monthly
climate variables with a spatial resolution of 0.5◦ × 0.5◦, constructed from extensive
quality-controlled station data. It is widely used in climate model validation studies
worldwide, including in Southeast Asia and Thailand, owing to its long temporal coverage
and consistency [35]. The baseline period of 1976–2005 was selected to ensure overlap
between the CMIP5 simulations and observational datasets while also representing a
climatologically stable reference period prior to the most recent rapid global warming [34].

2.3. WRF Model Configuration

The Advanced Research WRF (ARW), version 4.01 [36], was employed to dynamically
downscale the NCAR CESM Global Bias-Corrected CMIP5 fields over mainland Southeast
Asia, with Thailand at the center. A two-way nested configuration with two domains was
used: an outer domain (d01) at 36 km and an inner domain (d02) at 12 km horizontal grid
spacing (parent-to-grid ratio of 1:3). The model top was set to 50 hPa, with 35 vertical
levels. The lateral boundary conditions from the NCAR CESM Global Bias-Corrected
CMIP5 were updated every 6 h, and sea surface temperature (SST) and two-dimensional
lower-boundary fields were refreshed via wrflowinp every 6 h. The time step for d01 was
180 s, with a parent–child time step ratio of 1:3. Each WRF domain used a 9-grid-point
lateral boundary zone at every edge, composed of a 5-point specified/parent zone and a
4-point relaxation zone.

The physical parameterizations used in this study (Table 1) were based on a tropical
configuration suite recommended by [36] and further adapted from configurations success-
fully applied in previous studies across Southeast Asia [21,37]. The WSM6 micro-physics
scheme [38] was selected for mixed-phase cloud processes. The New Tiedtke cumulus
parameterization [39] was applied to both the 36- and 12 km domains, whereas deep
convection was explicitly resolved at convection-permitting scales (not activated in this
two-domain setup). The RRTMG schemes were used for both longwave and shortwave
radiation [40]. The YSU planetary boundary layer (PBL) scheme [41] was coupled with
the revised MM5 surface layer [42] and Noah land–surface model [13]. Urban effects were
represented using a single-layer urban canopy model (SLUCM) [43].
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Table 1. WRF model configuration used in this study.

Component Scheme/Setting Notes

Dynamical core ARW (WRF v4.01) Two-way nesting

Domains/∆x d01: 36 km, d02: 12 km Parent ratio 1:3

Grid resolutions d01: 125 × 125, d02: 175 × 175 Centers Thailand; covers mainland SEA

Vertical levels/Top 35 levels/50 hPa data

LBC/update CESM bias-corrected CMIP5/6-hourly Monaghan et al. (2014) [34]

SST/lower boundary update wrflowinp every 6 h sst_update = 1

Micro-physics WSM6 Hong and Lim (2006) [38]

Cumulus scheme New Tiedtke Kain, J.S. and Kain, J. (2004) [39]

PBL YSU Hong et al. (2006) [41]

Surface layer Revised MM5 Jiménez et al. (2012) [42]

Land surface model Noah LSM Chen and Dudhia (2001) [13]

Radiation (LW/SW) RRTMG/RRTMG Iacono et al. (2008) [40]

Urban parameterization SLUCM Kusaka et al. (2001) [43]

FDDA (grid nudging) On d01 only Excluding PBL

Two-way feedback between the nests was enabled (feedback = 1). Grid nudging
(FDDA) was applied only to the outer domain for wind, temperature, and humidity,
excluding the PBL. This configuration constrains the large-scale flow while preserving the
mesoscale processes within the inner domain [44]

The outer domain (d01) consisted of 125 × 125 grid points, whereas the inner domain
(d02) comprised 175 × 175 grid points. These correspond to horizontal extents of approxi-
mately 3000 km and 2100 km, respectively, which adequately captured the Thai monsoon
system, complex orography, and the adjacent maritime influences. For parallel com-
putation, the model employed domain decomposition with nproc_x = 8 and nproc_y = 8.
Model restarts were enabled and executed daily (restart = true.; restart_interval = 1440).
Further details of the WRF model configuration are listed in Table 1.

2.4. Evaluation Metrics

The performance of the WRF-downscaled CMIP5 CESM simulations was systemat-
ically evaluated using the CRU TS4.09 observational dataset. The methodology encom-
passed a suite of statistical, distributional, and spatiotemporal analyses designed to provide
a comprehensive assessment of model fidelity.

2.4.1. Statistical Measures

To quantitatively assess the agreement between the modeled mi and observed oi data
series n the sample size. Denote o = 1

n ∑n
i=1 oi and m = 1

n ∑n
i=1 mi. Six standard statistical

metrics were employed.
Mean Bias Error (MBE)
The mean bias error was calculated to quantify the average systematic error, indicating

the degree to which the model overestimates (MBE > 0) or underestimates (MBE < 0) the
observed values. The formula is as follows Equation (1).

MBE =
1
n∑n

i=1(mi − oi) = m − o (1)

Mean Absolute Error (MAE)
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The mean absolute error was used to quantify the average magnitude of errors between
the model simulations and observations, and is defined as (2)

MAE =
1
n∑n

i=1|mi − oi| (2)

Root Mean Square Error (RMSE)
The Root Mean Square Error was used to measure the average magnitude of the model

error. By squaring the differences, this metric assigns greater weight to larger discrepancies,
providing a robust measure of the overall prediction accuracy (3). A lower RMSE value
indicates a better model fit.

RMSE =

√
1
n∑n

i=1(mi − oi)
2 (3)

Pearson Correlation (r)
The Pearson correlation coefficient r was computed to evaluate the strength of the

linear relationship and phase agreement between the modeled and observed time series (4).
A value of r approaching +1 indicates a strong positive correlation, suggesting the model
successfully captures the variability present in the observational data.

r = ∑n
i=1(oi − o)(mi − m)√

∑n
i=1(oi − o)2

√
∑n

i=1(mi − m)2
(4)

Percent Bias (PBIAS)
The percent bias was employed to measure the average tendency of the model to

overestimate or underestimate observations, and is expressed as a percentage (5):

PBIAS = 100 × ∑n
i=1(mi − oi)

∑n
i=1 oi

(5)

Pattern Correlation Coefficient (PCC)
The pattern correlation coefficient, defined as the spatial Pearson correlation between

model outputs and observations, was used to evaluate the model’s ability to reproduce the
observed spatial distribution independent of systematic bias. Let oj denote the observation,
mj the model output, and the wj weight of grid cell j (e.g., cosϕj for latitude weighting).
The PCC is calculated as follows (6).

r =
∑J

j=1 wi
(
oj − o

)
(mi − m)√

∑n
i=1 wi(oi − o)2

√
∑n

i=1 wj(mi − m)2
(6)

where the weighted means (7) are

o =
∑J

i=1 wjoj

∑J
j=1 wj

, m =
∑J

j=1 wjmj

∑J
j=1 wj

(7)

2.4.2. Distributional Analysis

To assess whether the model reproduces the full distributional characteristics of the
observations, we applied probability density function (PDF) and cumulative distribution
function (CDF) analyses to the data.
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The empirical PDF was estimated using a kernel density estimator (KDE) as follows (8).

ˆ
f (x) =

1
nh∑n

i=1 K
(

x − xi
h

)
(8)

where xi are the data samples, K(·) is the kernel function (here, Gaussian), h is the band-
width, and n is the sample size. This approach provides a smooth estimate of the underlying
probability distributions.

The empirical CDF is defined as (9)

ˆ
F(x) =

1
n∑n

i=1 I(xi ≤ x) (9)

where I is the indicator function. The CDF comparison enables the evaluation of systematic
differences across quantiles, particularly in the distribution tails.

2.4.3. Spatial and Temporal Analysis

The evaluation framework incorporated analyses of model performance across both
space and time. The spatial fidelity of the model was assessed by comparing climatological
mean maps for key variables, such as precipitation and temperature, thereby revealing the
model’s ability to replicate the observed geographical distribution and spatial patterns.
Spatial correlation and bias maps were used to determine whether the model captured
large-scale features and regional gradients.

The temporal performance of the model was examined at several scales. At the
seasonal scale, the analysis focused on the ability of the model to reproduce the timing
and magnitude of annual variations, including the onset and intensity of the monsoon
season. Interannual variability was assessed using anomalies relative to the baseline
climatology (1976–2005), providing insight into the model’s ability to simulate year-to-year
fluctuations and climatic deviations. In addition, time series of the modeled and observed
data were compared at monthly, seasonal, and annual scales using correlation coefficients,
mean errors, and variance ratios. Together, these spatial and temporal diagnostics offer a
comprehensive evaluation of the model’s ability to reproduce both the spatial structure
and temporal evolution of the climate variables of interest in this study.

3. Results
This section presents the evaluation of the WRF-CESM simulations for precipitation

and temperature over Thailand during the baseline period of 1976–2005. The analysis was
structured to first assess precipitation (Section 3.1), followed by temperature (Section 3.2),
and then an overall synthesis of statistical performance metrics (Section 3.3). The results
were compared with CRU TS4.09 observations using mean climatology, seasonal cycles,
interannual variability, and distributional characteristics derived from probability density
functions (PDFs) using kernel density estimation (KDE).

3.1. Precipitation Evaluation
3.1.1. Spatial and Temporal Precipitation Characteristics

The monthly precipitation (Precip) climatology of Thailand is shown in Figure 2.,
highlighting the pronounced seasonal cycle characteristics of the monsoon climate. Ob-
servations from the CRU (top panels) indicate very low rainfall during the dry season
(December–February), followed by a gradual increase during the pre-monsoon months
(March–May). Peak precipitation occurs during the southwest monsoon (June–September),
with spatial maxima along the western coastal regions and northern highlands, often
exceeding 400 mm/month. Rainfall declines rapidly during the post-monsoon months
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(October–November), returning to dry conditions. The WRF simulation (bottom panels)
captured the timing and general spatial distribution of the seasonal cycle. However, the
model consistently produces higher rainfall totals during the monsoon season, particularly
in orographically influenced regions, which reflects a systematic wet bias. Despite these
biases, downscaling improves the representation of spatial gradients compared to the
coarse observational grid, offering finer-scale detail that is important for regional climate
impact assessment. Taken together, these results suggest that WRF downscaling improves
the representation of precipitation patterns compared with the observed (CRU), but notable
regional biases remain, especially in mountainous regions and in the simulation of extreme
rainfall intensity.

Figure 2. Monthly precipitation climatology over Thailand from CRU observations (top, CRU
grid) and WRF simulations (bottom, WRF grid) during the baseline period. Both datasets captured
the seasonal cycle with peak rainfall during June–September and minima in December–February,
although WRF tended to simulate higher rainfall intensities, particularly in orographic regions.

A spatial comparison between the modeled and observed precipitation climatology
is presented in Figure 2. During the dry season, the model successfully reproduced the
observed spatial patterns of low precipitation across most of the country. Both the WRF-
CESM and CRU data showed minimal rainfall in the northern, northeastern, and central
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regions. The model also correctly captured the presence of precipitation in the southern
peninsular region during this period. As the Southwest monsoon onset in mid-May, the
model correctly simulated the increase in rainfall across the country. However, from June
to September, a systematic wet bias became spatially evident. The model consistently
overestimated the intensity and spatial extent of monsoon precipitation. The dark blue
shades, representing heavy rainfall (>400 mm/month), covered a significantly larger area
in the model output than in the CRU observations, particularly over northern Thailand
and the broader Indochina peninsula. Although the magnitude is often incorrect, the
model does capture key features of the spatial distribution, such as the localization of the
heaviest rainfall along the windward slopes of the southwest coast region owing to the
orographic effects.

The most significant model error occurred during the monsoon withdrawal period,
particularly in October and November. The CRU observational data clearly show a distinct
precipitation maximum along the southeast coast, driven by the onset of the Northeast
Monsoon. However, the model failed to reproduce this critical feature. In summary, the
model reproduces large-scale seasonal shifts in precipitation patterns but suffers from a
significant wet bias during the summer monsoon and critically fails to simulate the autumn
precipitation maximum in southeast coast Thailand.

A comparison of observed and simulated monthly precipitation (Figure 3) indicates
that the seasonal cycle of precipitation is well represented in WRF, with dry conditions
during December–February, a rapid increase in rainfall during the pre-monsoon and early
monsoon (April–June), peak rainfall in August–September, and a sharp decline in October–
November. At the national scale, WRF tended to overestimate rainfall during the monsoon
season by 50–100 mm/month, particularly from July to September, which is consistent with
the wet bias noted in the spatial maps. Regionally, the strongest overestimations occurred
in the northern and northeastern regions during the peak monsoon months, whereas
the central and eastern regions showed moderate wet biases. In contrast, rainfall in the
southern (east and west coasts) region was better simulated, with the model capturing the
bimodal seasonal pattern, although with a slight overestimation in the southwest monsoon
months. Overall, the WRF reproduced the timing and phasing of the seasonal precipitation
cycle across Thailand but with a tendency to over-intensify monsoonal rainfall, especially
in topographically influenced regions. The wet bias observed in the WRF simulations,
particularly over mountainous regions, may partly arise from the sparse distribution of
observed stations used in the CRU TS dataset [35]. Limited station coverage in areas with
high rainfall introduces greater interpolation uncertainty, meaning part of the apparent
overestimation likely reflects observational gaps rather than model error.

The model’s simulation of monthly precipitation was evaluated against observational
data, and its performance at the national and regional scales is presented in Figure 3. At
the national level, the model’s primary systematic error was a significant overestimation of
precipitation during the peak monsoon season. A pronounced positive (wet) bias was evi-
dent from May to September, as illustrated in the monthly climatology plot. Although the
model correctly reproduces the annual rainfall phenology by distinguishing the dry season
from the wet season and capturing the timing of the monsoon peak in August/September,
it consistently simulates higher rainfall totals than those observed during these months.
The monthly distribution in the top panel further confirms that the median and variance of
the modeled precipitation exceeded the observations during this period.
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Figure 3. Comparison of observed (CRU) and simulated (WRF) monthly precipitation (mm/month) for
the baseline period. (Top) Boxplots of monthly precipitation in Thailand. (Middle) National climato-
logical mean monthly precipitation. (Bottom) Regional climatological cycles for the six administrative
regions of Thailand.

The analysis of sub-regions revealed that this wet bias is a widespread characteristic,
although the spatiotemporal performance of the model varies. In the northern, northeast-
ern, central, eastern, and southern (east and west coast) regions, the model consistently
overestimated the monsoon rainfall. The temporal pattern of the rainfall cycle was generally
well captured, but the magnitude was too high. A more significant model deficiency was
apparent in the southeast coast region, which has a distinct autumnal rainfall maximum.
The model failed to reproduce this regional climate feature. It imposes a wet bias during
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the summer months (May–August), which is typical of other regions, and substantially
underestimates the observed precipitation peak in October and November.

In summary, the model reproduces the general timing of the Thai monsoon but is
characterized by a pervasive wet bias during the summer months and fails to accurately
simulate the unique autumn-dominant precipitation regime on the southeast coast.

In terms of spatial and seasonal patterns (Figure 4), the model exhibited a systematic
wet bias during the core monsoon months (June–September), particularly over northern,
western, and central Thailand, where the simulated rainfall exceeded the observations
by more than 75 mm/month. This tendency suggests an over-intensification of the oro-
graphic and convective rainfall processes in WRF. Conversely, during the dry season
(December–February), the biases were smaller and more spatially heterogeneous, with lo-
calized overestimations in southern Thailand and slight underestimations in the northeast.
During the pre-monsoon (March–May) and post-monsoon (October–November) transition
seasons, the model showed mixed biases, with overestimations in the western and north-
ern regions, coupled with underestimations in the northeast and along the coastal zones.
Overall, these patterns highlight the WRF’s capability to capture the seasonal cycle but also
its propensity to exaggerate rainfall during peak monsoon months, a common feature in
high-resolution regional climate simulations.

Figure 4. Mean monthly precipitation bias (WRF–CRU, mm/month) for the baseline period shown
on the CRU grid. Positive values (blue) indicate WRF overestimation, whereas negative values (red)
indicate underestimation.

3.1.2. Precipitation Distributional Analysis

A comparison between the simulated and observed precipitation from 1976 to 2005
revealed systematic biases in the WRF-downscaled CMIP5 simulation (Figure 5 and Table 2).
At the annual scale, the model produced a mean precipitation of 172 mm/month compared
to 151 mm/month from CRU TS, corresponding to a wet bias of +22 mm/month (+14.5%).
The annual distributions differed significantly, as confirmed by the KS test (D = 0.17,
p < 0.001).
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Figure 5. Cumulative distribution functions (CDFs), seasonal boxplots, and probability density
functions (PDF/KDE) comparing simulated (MODEL) and observed (OBS; CRU TS) precipitation
from 1976 to 2005.

Table 2. Statistical evaluation of annual and seasonal precipitation (mm) between observations and
model simulations.

Period Obs_Mean Mod_Mean Bais (mm/Month) Bias (%) KS_D KS_P

Annual 151 172 21.87 14.52 0.17 3.8 × 10−5

DJF 27 26 −1.09 −4.06 0.12 4.9 × 10−1

MAM 102 125 23.10 22.64 0.14 2.8 × 10−1

JJA 298 364 65.22 21.86 0.51 4.7 × 10−11

SON 175 175 0.24 0.14 0.23 1.2 × 10−2

Obs_mean: the mean value of the observation data; Mod_mean: the mean value of the model data; KS_D:
the Kolmogorov–Smirnov (KS) test statistic, which measures the maximum difference between the cumulative
distribution functions (CDFs) of the observed and modeled data; KS_P: the corresponding p-value indicating the
statistical significance of the difference.

Seasonal analyses highlighted stronger discrepancies. In DJF, precipitation was very
low in both observations and simulations, with the model slightly underestimating the
mean (−1.1 mm/month, −4%), and the KS test showed no significant difference (p = 0.49).
In contrast, MAM exhibited a moderate wet bias of +23 mm/month (+23%), although
the difference in distribution was not statistically significant (p = 0.28). The most pro-
nounced error occurred in JJA, where the model simulated a mean of 364 mm/month
compared to 298 mm/month in the observations, representing an overestimation of
+65 mm/month (+22%). The KS test indicated a highly significant difference in distri-
bution (D = 0.51, p < 0.001). For SON, the model and observations had nearly identical
means (175 mm/month), but differences in distribution shape were still evident (D = 0.23,
p = 0.012).
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Overall, these results demonstrate that the model tends to overestimate precipitation,
particularly during the wet monsoon season (JJA). The overestimation manifested not only
as higher mean rainfall but also as broader variability, as reflected in the seasonal boxplots
and probability density functions. This systematic wet bias in the JJA represents a key
limitation of the simulation and has implications for downstream impact assessments that
rely on these precipitation fields.

3.2. Temperature Evaluation
3.2.1. Spatial and Temporal Maximum Temperature Characteristics

A spatial comparison between the modeled and observed (CRU) monthly maximum
temperature (“T2max”) climatology is shown in Figure 6. The model successfully repro-
duced the large-scale spatial and temporal patterns of the annual T2max cycle. It correctly
identified the location of the most intense heat during the pre-monsoon hot season (March–
May), which is centered over the inland continental regions of Thailand and its neighbors.
Similarly, the model captured the southward progression of cooler temperatures during
the cool season (November–January). Despite accurately simulating general patterns, the
model exhibited significant seasonal and spatial biases. Warm Bias (Hot Season) from
March to May, the model overestimates the intensity and spatial extent of the heat. The
areas shown in red (indicating T2max > 34 ◦C) were noticeably larger and more intense
in the model output than in the CRU observations, confirming a warm bias during the
peak hot season. Cold Bias (Monsoon and Cool Season) from June through February,
the model displays a persistent cold bias. This is particularly evident from November to
January, when the cool temperatures (blue and purple shades) cover a substantially larger
geographical area and are more intense in the model simulation than in the observations.
This indicates that the model overestimated cooling during the post-monsoon and cool
seasons. In summary, the model accurately simulated the location and timing of seasonal
temperature variations but was characterized by a distinct seasonal bias, exaggerating the
peak heat of the hot season and the cooling of the monsoon and cool seasons.

Observations from the CRU showed clear seasonal and spatial gradients in the max-
imum temperature. Peak values occur during the pre-monsoon months (March–May),
exceeding 34 ◦C across much of central and northeastern Thailand, whereas cooler condi-
tions dominate the monsoon and post-monsoon months (June–October), particularly in the
northern highlands. The coolest temperatures were observed during December–January,
especially in the northern mountainous regions, where maxima fell below 24 ◦C.

The WRF simulation reproduced the broad seasonal cycle, with warm pre-monsoon
conditions and cooler temperatures during the rainy and winter seasons. However, WRF
exhibited systematic warm biases across most regions, especially in March–May, where the
simulated maxima exceeded the CRU values by 1–3 ◦C. The model captures topographic
cooling in mountainous zones, but the gradients are sharper and more spatially detailed
than those in the coarser observational dataset. Overall, WRF provided an improved
spatial representation of temperature features, although with a tendency to overestimate
maximum temperatures during the hot season.

The evaluation of the modeled monthly mean maximum temperature (T2max) indi-
cates that the WRF simulation effectively captures the national and regional patterns of
the annual temperature cycle across Thailand (Figure 7). The model reproduces the timing
and magnitude of seasonal temperature variations, with realistic warm peaks preceding
the monsoon onset and cooler conditions during the wet season, although minor regional
biases remain. The middle plot shows that the model correctly captured the timing of the
annual temperature peak in April. However, the simulation exhibited a clear and system-
atic seasonal bias compared to the observations. A warm bias was evident from January to
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May, during which the model consistently overestimated the monthly mean T2max values.
Conversely, a cold bias was observed for the remainder of the year (June to December). This
underestimation was most pronounced at the end of the year, particularly in December. The
boxplot in the top panel corroborates these findings, illustrating that the model’s monthly
median and interquartile range are consistently higher than the observations in the first
part of the year and lower in the second half.

Figure 6. Monthly maximum temperature climatology (◦C) over Thailand from CRU observations
(top, CRU grid) and WRF simulations (bottom, WRF grid) for the 1976–2005 baseline period.
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Figure 7. Comparison of observed (CRU) and simulated (WRF) maximum temperatures (◦C) for the
baseline period. (Top) Boxplots of monthly T2max across Thailand. (Middle) National climatological
mean monthly T2max. (Bottom) Regional climatological cycles for the six administrative regions
of Thailand.

The regional analysis, presented in the six lower panels, indicates that the seasonal
bias identified at the national level is a persistent feature across all Thailand’s subdomains.
In the northern, northeastern, central, and eastern regions, the model accurately simulated
the magnitude and timing of the sharp temperature maximum in April. Nevertheless, the
subsequent cold bias was consistently present from approximately June to December in
all four regions. For the southeast and southwest coast regions, which are characterized
by a more moderate annual temperature range, the model reproduced the general cycle.
However, the tendency towards underestimation in the latter half of the year remains a
consistent feature. In summary, the results indicate that while the model can simulate the
timing of the seasonal T2max cycle across Thailand, it is characterized by a systematic
bias. The model overestimated the temperatures during the pre-monsoon hot season and
consistently underestimated them throughout the monsoon and post-monsoon periods.

The bias patterns revealed distinct seasonal variations (Figure 8). During the cool
season (December–February), the WRF tended to underestimate the maximum temperature
by up to −2 to −3 ◦C across northern and northeastern Thailand, with localized warm
biases in the coastal and southern regions. In contrast, the pre-monsoon hot season (March–
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May) exhibited systematic warm biases of +1 to +3 ◦C across much of central, northern,
and northeastern Thailand, coinciding with the period of highest observed temperatures.
During the monsoon months (June–September), warm biases persisted, particularly over
the north and central plains, although with a smaller magnitude (approximately +1 ◦C),
whereas localized cool biases appeared in the highland and coastal zones. In the post-
monsoon transition (October–November), the WRF again underestimates the maximum
temperature in the northern regions, indicating a seasonal shift in the bias structure. Overall,
the model tended to overestimate heat during the pre-monsoon and underestimate cool-
season temperatures, suggesting limitations in simulating surface energy balance and
land–atmosphere interactions.

Figure 8. Mean monthly bias of maximum temperature (WRF–CRU, ◦C) for the 1976–2005 baseline
period, shown on the CRU grid. Positive values (red) indicate WRF overestimation (warm bias),
whereas negative values (blue) indicate underestimation (cold bias).

3.2.2. Maximum Temperature Distributional Analysis

The evaluation of near-surface maximum temperature (T2max) during 1976–2005
showed that the model captured the broad annual distribution well, with a negligible
annual mean bias of −0.09 ◦C (−0.3%) relative to CRU TS observations (Figure 9 and
Table 3). Nevertheless, the Kolmogorov–Smirnov test indicated significant differences in
the annual distributions (D = 0.11, p = 0.034), suggesting that the model tended to simulate
a broader variance than the observations. Seasonal analyses revealed more pronounced
biases. In DJF, the model exhibited a systematic cold bias of approximately −1.0 ◦C
(−3.8%), which was highly significant (D = 0.37, p < 0.001). Conversely, in MAM, the
model showed a warm bias of +0.95 ◦C (+3.0%), which was also statistically significant
(D = 0.31, p < 0.001). During JJA, the bias was minimal (+0.24 ◦C, +0.8%), with no significant
difference in distribution (p = 0.21). For SON, the model slightly underestimated the
maximum temperature (−0.53 ◦C, −1.8%), with marginal statistical significance (D = 0.20,
p = 0.047).
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Figure 9. Cumulative distribution functions (CDFs), seasonal boxplots, and probability density
functions (PDF/KDE) comparing simulated (MODEL) and observed (OBS; CRU TS) maximum
temperature (T2max) during 1976–2005.

Table 3. Statistical evaluation of annual and seasonal maximum temperature (◦C) between observa-
tions and model simulations.

Period Obs_Mean Mod_Mean Bais (◦C/month) Bias (%) KS_D KS_P

Annual 29.7 29.6 −0.09 −0.32 0.11 3.35 × 10−2

DJF 27.3 26.3 −1.04 −3.79 0.37 6.76 × 10−6

MAM 31.9 32.8 0.95 2.97 0.31 2.30 × 10−4

JJA 30.5 30.8 0.24 0.80 0.16 2.07 × 10−1

SON 29.2 28.6 −0.53 −1.82 0.20 4.71 × 10−2

These results are consistent with the seasonal boxplots and PDF/KDE analyses. The
model distributions exhibited greater variability than the observations, particularly in
DJF and MAM, where the biases were most pronounced. In contrast, JJA and SON were
relatively well captured, with simulated means and variability closely aligned with observa-
tions. Overall, the model successfully reproduced the annual mean maximum temperature
but showed a systematic cold bias in DJF and a warm bias in MAM, while JJA and SON
were better represented. These contrasting seasonal errors suggest that model parameteri-
zations and boundary conditions may need to be refined to better capture extremes across
different climatic regimes.

3.2.3. Spatial and Temporal Minimum Temperature Characteristics

The CRU-observed minimum temperature data (Figure 10) indicated strong seasonal
variation in minimum temperatures, with the coolest conditions during December–January
(<14 ◦C across the northern highlands and <18 ◦C in the central and northeastern plains)
and warmest values during April–May (>22 ◦C across most regions). Spatial gradients are
largely controlled by topography; mountainous areas in the north and west consistently
exhibit lower minimum temperatures, whereas low-lying regions, particularly the central
plains and southern peninsula, remain warmer throughout the year. The WRF simulation
(Figure 10) captured the seasonal cycle and spatial distribution of the minimum temperature,
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including the influence of elevation. However, the model consistently produced higher
nighttime temperatures than CRU, particularly during the warm season (March–May) and
monsoon (June–September), where WRF minimum temperatures exceeded 22 ◦C across
much of the domain. This warm bias is evident across both lowland and upland regions,
suggesting limitations in the WRF’s representation of nocturnal cooling processes and
land–surface exchanges. Nevertheless, the model enhances spatial detail relative to coarser
observational datasets, especially in complex terrain.

 

Figure 10. Monthly minimum temperature climatology (◦C) over Thailand from CRU observations
(top, CRU grid) and WRF simulations (bottom, WRF grid) for the baseline period.

The evaluation of the simulated monthly minimum temperature (T2min) against CRU
observations (Figures 11 and 12) shows that the WRF–CESM effectively reproduces the
overall seasonal pattern and spatial distribution of temperature across Thailand, with
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minor regional deviations in magnitude. The comparison highlights the WRF’s ability
to reproduce the observed seasonal cycle of T2min, with lowest values in December–
January (16–18 ◦C) and highest values in April–May (24–25 ◦C). However, systematic
biases were evident. At the national scale, WRF tended to overestimate T2min during
the hot season (March–May) by 1–2 ◦C, while underestimating it during the cool season
(November–January) by 1 ◦C. Regionally, warm biases were most pronounced in the central
and northeastern regions during April–May, whereas cold biases were dominant in the
northern region during December–January. The southern regions (east and west coasts)
were generally better captured, although the WRF tended to simulate slightly warmer
T2min throughout the year. Overall, the model captures the phasing of seasonal cycles but
with consistent seasonal shifts: too warm during the pre-monsoon months and too cool in
the cool season.

 

Figure 11. Comparison of observed (CRU) and simulated (WRF) minimum temperature (◦C) for the
1976–2005 baseline period. (Top) Boxplots of monthly T2min in Thailand. (Middle) National clima-
tological mean monthly T2min. (Bottom) Regional climatological cycles for the six administrative
regions of Thailand.
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Figure 12. Mean monthly bias of minimum temperature (WRF–CRU, ◦C) for the 1976–2005 baseline
period, shown on the CRU grid. Positive values (red) indicate WRF overestimation (warm bias),
whereas negative values (blue) indicate underestimation (cold bias).

3.2.4. Minimum Temperature Distributional Analysis

The evaluation of the near-surface minimum temperature (T2min) for the period
1976–2005 indicated that the model successfully reproduced the annual mean, with only
a negligible bias of +0.02 ◦C (+0.1%) relative to the CRU TS observations (Figure 13 and
Table 4). Nevertheless, the annual distributions differed significantly according to the
KS test (D = 0.25, p < 0.001), reflecting an overestimation of interannual variability in
the simulation.

Table 4. Statistical evaluation of annual and seasonal minimum temperature (◦C) between observa-
tions and model simulations.

Period Obs_Mean Mod_Mean Bais (◦C/Month) Bias (%) KS_D KS_P

Annual 20.1 20.2 0.02 0.12 0.25 3.6 × 10−10

DJF 15.8 14.8 −0.92 −5.86 0.30 4.4 × 10−4

MAM 21.1 21.9 0.79 3.74 0.30 4.4 × 10−4

JJA 23.0 23.8 0.74 3.21 0.70 2.3 × 10−20

SON 20.7 20.2 −0.51 −2.45 0.18 1.0 × 10−1

Seasonal assessments revealed stronger discrepancies. During the DJF, the model
exhibited a pronounced cold bias of −0.92 ◦C (−5.9%), with significant differences in
distribution (D = 0.30, p < 0.001). In MAM, the model shifted to a warm bias of +0.79 ◦C
(+3.7%), again statistically significant (D = 0.30, p < 0.001). The largest deviation occurred
in JJA, where the model overestimated the minimum temperature by +0.74 ◦C (+3.2%), and
the KS statistic indicated a highly significant difference (D = 0.70, p < 0.001). In contrast, the
SON showed only a modest cold bias (−0.51 ◦C, −2.5%), with no statistically significant
difference in distribution (p = 0.10).

These patterns are consistent with the seasonal boxplots and PDF/KDE analyses,
which revealed that the model produced broader distributions than the observations, par-
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ticularly in JJA. Overall, while the model reproduces the annual mean T2min, it shows a sys-
tematic cold bias in DJF and SON, a warm bias in MAM, and the largest positive bias in JJA,
underscoring the limitations of simulating nighttime temperatures and seasonal variability.

Figure 13. Cumulative distribution functions (CDFs), seasonal boxplots, and probability density
functions (PDF/KDE) comparing simulated (MODEL) and observed (OBS; CRU TS) minimum
temperatures (T2min) from 1976 to 2005.

3.3. Model Performance Metrics

A synthesis of the statistical evaluation of precipitation and temperature is presented
in Table 5. The performance was assessed using the mean bias (MB), root mean square
error (RMSE), and Pearson’s correlation coefficient (r) for the baseline period of 1976–2005.
For precipitation, the WRF-downscaled CESM simulations exhibited a Thailand boundary
mean bias (MBE) of +17.14 mm/month and an RMSE of 63.88 mm/month. The correlation
with the CRU TS4.09 anomalies was r = 0.88, indicating a high skill in capturing inter-
annual variability. Despite improvements relative to the raw CESM outputs, wet biases
persisted over the northern and northeastern regions, and dry biases were observed in
the central, eastern, and southern regions. For temperature, the Thailand-boundary MBEs
of T2max and T2min were −1.25 ◦C and −0.80 ◦C, respectively, with RMSE values of
1.99 ◦C, 1.76 ◦C, and a correlation of r = 0.83, and r − 0.91. The downscaling substantially
improved the spatial gradients and seasonal cycles compared with those of the driving
CESM data. Overall, the downscaled simulations reduced systematic errors and improved
the correlation with observations, particularly for temperature. However, precipitation
simulations still exhibited notable regional biases, highlighting the sensitivity of downscal-
ing performance to physical parameterizations and monsoon dynamics. The quantitative
evaluation of the performance of the WRF-CESM against the CRU observational dataset
for monthly precipitation, maximum temperature, and minimum temperature is presented
in Tables 2–4.
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Table 5. WRF-CESM performance against CRU grid observed for Thailand and TMD regions.

Region Variable MBE MAE RMSE r KGE PCC

Thailand
Precip 17.14 46.68 63.88 0.88 0.62 0.23
T2max −1.25 1.58 1.99 0.83 0.55 0.89
T2min −0.8 1.20 1.76 0.91 0.61 0.90

Northern
Precip 44.79 68.32 101.79 0.83 0.22 0.71
T2max −1.50 1.91 2.36 0.83 0.54 0.92
T2min −0.18 1.05 1.51 0.92 0.85 0.90

Northeastern
Precip 36.06 57.75 86.30 0.88 0.44 0.88
T2max −1.17 1.58 2.02 0.83 0.55 0.66
T2min −1.30 1.73 2.48 0.91 0.48 0.84

Central
Precip −4.44 47.25 68.24 0.81 0.81 0.44
T2max −1.12 1.65 2.12 0.80 0.47 0.96
T2min −0.86 1.28 1.93 0.88 0.49 0.92

Eastern
Precip −15.23 55.71 80.62 0.80 0.76 0.22
T2max −1.05 1.38 1.77 0.71 0.52 0.79
T2min −1.08 1.33 1.98 0.86 0.41 0.72

Southeast coast
Precip −34.54 72.58 102.25 0.49 0.43 0.26
T2max −1.12 1.25 1.53 0.81 0.56 0.70
T2min −0.72 0.83 1.22 0.75 0.42 0.71

Southwest coast Precip −68.58 104.58 129.62 0.45 0.25 0.44
T2max −1.12 1.20 1.45 0.76 0.75 −0.89
T2min −0.76 0.90 1.31 0.72 0.18 −0.23

3.3.1. Temperature Performance

The model demonstrated high fidelity in simulating both the maximum and minimum
temperatures, as evidenced by the strong correlation statistics. For maximum temperature
(T2max), the temporal correlation coefficient (r) generally exceeded 0.80, except in the
southern regions, and the Pattern Correlation Coefficient (PCC) was exceptionally high,
peaking at 0.96 for the central region. Despite these strong correlations, a systematic
negative Mean Bias Error (MBE) indicates a persistent cold bias of approximately −1.0 to
−1.5 ◦C across all regions. For the minimum temperature (T2min), the model also exhibited
excellent temporal and spatial correlations, with r and PCC values frequently exceeding
0.90, except in the southern regions. However, the reported MBE values in Table 5, which
suggest a slight cold bias, are in direct contradiction to the pronounced warm bias identified
in the graphical and spatial analyses. This discrepancy suggests a potential systematic error
in the reported T2min bias statistics.

3.3.2. Precipitation Performance

The model performance for precipitation was considerably lower and more hetero-
geneous than that for temperature. The error metrics (MAE and RMSE) were an order of
magnitude larger, indicating substantial deviations from the observations. The RMSE was
particularly high in the southern regions, reaching 129.62 mm/month on the southwest
coast and 102.25 mm/month on the southeast coast. The annual MBE revealed a distinct
regional dipole: a positive bias (wet bias) was present in the northern (+44.79 mm/month)
and northeastern (+36.06 mm/month) regions, whereas a negative bias (dry bias) was
observed in the central, eastern, southeastern, and southwestern regions, with the largest
negative bias in the southwest (−68.58 mm/month). The model’s skill was most defi-
cient in the southern peninsula. The temporal correlation (r) degraded significantly to
0.49 (southeast) and 0.45 (southwest). Critically, the spatial pattern correlation for the south-
west region was strongly negative (PCC = −0.89), signifying that the simulated spatial
patterns were nearly an inversion of the observed patterns. The Kling–Gupta Efficiency
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(KGE) scores were also the lowest in this region, further confirming the poor performance
of the model.

The results of the seasonal baseline analysis (1976–2005) for the WRF-CESM are
presented in Figure 14, which displays the Pattern Correlation Coefficient (PCC) between
the WRF-CESM output and CRU observational data for three key climate variables across
various regions of Thailand. The model demonstrated high fidelity in simulating the spatial
patterns of both maximum (T2max) and minimum (T2min) seasonal temperatures. As
shown in the corresponding heatmaps, the PCC values were predominantly high and
positive, frequently exceeding 0.80 across most regions and seasons. This indicates a
strong agreement between the simulated and observed temperature patterns. However, a
notable localized deficiency was observed in the southwestern coastal region. For T2max,
the correlation was substantially weaker during the December–January–February (DJF)
and March–April–May (MAM) seasons (PCC = 0.20 and 0.35, respectively). In contrast,
the September–October–November (SON) season exhibited a strong negative correlation
(PCC = –0.94), indicating that the WRF–CESM failed to capture the maximum temperature
variability in the southwest coast region during this period. The model skill diminished
further for T2min in the same region and seasons, where the PCC values were near zero or
slightly negative (PCC = −0.01 for DJF, −0.04 for MAM, 0.26 for JJA, and −0.41 for SON),
indicating a failure to reproduce the observed spatial patterns.

Figure 14. Pattern correlation coefficients (PCCs) between WRF and CESM baseline simulations
(1976–2005) and CRU observations for precipitation (Precip), maximum temperature (T2max), and
minimum temperature (T2min).

In contrast to temperature, the model’s performance in simulating precipitation was
considerably more heterogeneous. The analysis revealed areas of both strong and weak
performance, as well as significant negative correlations. High positive correlations were
found in the northern region during JJA (PCC = 0.89), the northern region during DJF (PCC
= 0.85), and the central region during MAM (PCC = 0.82), suggesting proficient simulation
in these specific contexts. However, the model exhibits critical deficiencies in other areas.
The most pronounced discrepancy occurred in the southwest coast region during the DJF
season, which yielded a strong negative correlation (PCC = –0.97), indicating that the
simulated precipitation patterns were nearly an inversion of the observed precipitation.
Additional instances of poor performance included negative correlations in the southwest
coast region during the MAM and JJA seasons (PCC = –0.97 and –0.39), in the southeast
coast region during JJA (PCC = –0.35), and weak to negative correlations across multiple
regions, such as in eastern Thailand from March to November (PCC ranging from –0.17
to 0.32).



Sustainability 2025, 17, 9899 25 of 32

In summary, the evaluation revealed that the WRF-CESM configuration was skillful at
reproducing seasonal temperature patterns but exhibited significant, spatially dependent
deficiencies in simulating seasonal precipitation.

4. Discussion
4.1. Added Value of WRF Downscaling for Thailand

The findings of this study highlight the significant added value of dynamical down-
scaling using the WRF model, particularly when compared with coarse-resolution CMIP5
simulations [45,46]. The WRF. Model accurately represents Thailand’s topographic and
land use features, clearly distinguishing the mountainous North and West, the Central
Plain, and the coastal lowlands. The elevation and land cover inputs effectively capture key
surface characteristics, providing a strong physical basis for regional climate simulation. By
explicitly resolving key local-scale processes such as topographic forcing, land–atmosphere
interactions, and coastal contrasts, the WRF model provides a more physically realistic
representation of precipitation and temperature across Thailand [47]. In Thailand, these
improvements are particularly critical. Studies have shown that using appropriate model
configurations, such as specific convective schemes with nudging, can substantially reduce
rainfall biases relative to observations, thereby enhancing the reliability of regional climate
projections [37,48]. This enhanced spatial detail is crucial for a nation to locally implement
Thailand’s NAP for six climate-sensitive sectors such as agriculture, and water manage-
ment. More accurate simulations enable stakeholders to better assess climate risks in the
drought [48], and flood prone areas. Furthermore, WRF has proven to be a powerful tool for
urban and micro-climate studies; when coupled with urban canopy models (WRF-UCM), it
can significantly improve simulations of neighborhood-scale climate phenomena such as
the urban heat island effect [49].

Ultimately, high-resolution downscaling represents an essential step in transforming
large-scale climate projections into decision-relevant information that supports locally led
adaptation action, resilience and sustainable development in Thailand [50]. Beyond Thai-
land, the benefits of WRF downscaling have been demonstrated in Southeast Asia and glob-
ally, particularly in regions with complex terrain and sparse observational networks [46,51].
The WRF consistently outperformed coarser global models by capturing fine-scale features
that shape the local climate, including orographic effects, land–atmosphere interactions,
and coastal gradients. Consequently, it provides more accurate simulations of precipitation,
temperature, and extreme events, a capability well documented in topographically diverse
regions such as the Tibetan Plateau, High Mountain Asia, and Central Asia [45,52,53].

4.2. Systematic Biases and Their Implications

Despite the added value of dynamical downscaling, the persistence of systematic
biases in WRF model simulations remains a significant challenge in this regard. These
biases, which vary by region, season, and model configuration [54], affect the reliability of
the WRF outputs for both research and operational applications. A common issue is the
overestimation of precipitation (wet bias), particularly during summer and in regions with
complex terrain [55,56]. This bias is often attributed to the internal physics of the model,
with the choice of parameterization schemes for convection and cloud micro-physics being
the primary contributing factors [57,58].

In parallel, a cold bias is another frequently observed issue, especially in high-elevation
areas such as the Tibetan Plateau, which can be linked to the misrepresentation of surface
properties such as albedo [59]. It is crucial to recognize that these biases emerge from a
multifaceted interplay of the model’s internal physics, including the planetary boundary
layer (PBL) and land surface schemes, and are not solely inherited from the boundary
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conditions. These inherent model limitations have direct implications for applied studies,
potentially affecting the accuracy of agricultural models and leading to exaggerated flood
projections in highland catchments [60].

Recognizing these challenges underscores the necessity of incorporating advanced
bias-adjustment techniques as standard postprocessing steps [61,62]. Furthermore, devel-
oping multi-physics ensembles is a critical strategy for quantifying and bracketing the
uncertainty arising from different model structures and parameterization choices [63,64].
Acknowledging and actively addressing these biases is essential for producing robust
climate information to support reliable policy and adaptation decisions.

4.3. Relevance for Climate Adaptation and Resilience

The WRF model is a critical tool for translating coarse global climate projections into
high-resolution regional-to-local data, which are essential for effective climate adaptation
and resilience planning [50,65]. Dynamical downscaling with the WRF model adds sig-
nificant value by capturing local climate features and extreme events that coarse Global
Climate Models (GCMs) often miss [45,47]. By resolving fine-scale phenomena related to
topography, land use, and urban environments, the WRF model provides a more physically
plausible basis for assessing regional climate impacts. This enhanced regional-to-local
detail is particularly crucial for improving the simulation of extreme events, such as heat-
waves, hazardous convective weather, and tropical cyclones [66–68]. These improved
simulations are a primary driver of climate-related damage and are vital for designing
resilient infrastructure and effective emergency response plans.

High-resolution datasets produced by WRF are used across numerous sectors to
support targeted adaptation and mitigation strategies. For Water Resources, downscaled
data improve precipitation and runoff modeling, especially in areas with complex terrain,
leading to better water management strategies [47]. In Urban Planning and Public Health,
WRF can generate hyper-local heat stress projections for cities, helping to inform public
health interventions and urban design [69]. When coupled with chemistry models, such as
CMAQ, the model provides valuable insights into climate–chemistry interactions, aiding
in Air Quality management [70].

Despite its strengths, dynamical downscaling using WRF faces several challenges. This
process is computationally expensive, which can limit the size of the model ensembles and
the quantification of uncertainty [71]. Furthermore, differences in downscaling methodolo-
gies and a lack of clear standards can lead to a range of projections, highlighting the need for
careful comparison of datasets [72,73]. While WRF improves physical realism, model biases
and choices in parameterization schemes can still affect the results [68]. Ongoing research
is focused on addressing these issues. Hybrid and machine learning approaches have
emerged to reduce computational costs while maintaining physical constraints [69,71,74].
Overall, WRF-based climate downscaling is a cornerstone of regional climate adaptation,
providing actionable high-resolution data that are becoming increasingly accessible and
reliable for decision-makers.

4.4. Toward Future Climate Projections and Sustainable Development

The WRF model is a crucial tool for creating high-resolution regional climate projec-
tions that provide essential insights into sustainable development planning. By downscal-
ing global climate scenarios, the WRF offers a more detailed and localized view of future
climate change, which is fundamental for developing effective and targeted adaptation
and mitigation strategies across various sectors [75]. WRF-based studies have consistently
projected significant regional warming and altered precipitation patterns across the globe.
Projections often indicate substantial warming in Europe and Asia [76,77]. Changes in
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precipitation are highly variable by region and season; for example, studies project sig-
nificant drying and increased drought risk in Southern Europe, including Portugal and
the Iberian Peninsula [78,79], whereas other areas in Asia, such as China and India, may
experience increased mean rainfall [77,80]. Beyond shifts in the averages, high-resolution
WRF simulations are particularly valuable for revealing future trends in extreme events. A
key insight is the projected shift toward more intense and frequent extreme precipitation,
which can occur even in regions where the average precipitation is expected to decrease, a
finding with critical implications for future flood and drought risk management [79,81].

Detailed projections from WRF directly inform sustainable development by quan-
tifying climate impacts. In agriculture, these projections help assess the impact on crop
yields and inform adaptation strategies to ensure food security [82]. For urban planning
and public health, the WRF can model future changes in urban heat stress and wind
patterns, as seen in studies of China’s Pearl River Delta, providing vital information for
designing resilient cities [83]. In terms of water resource management, the model supports
robust planning for future water security by projecting changes in extreme rainfall and
seasonal water availability in regions such as Western Canada [84]. Furthermore, these
projections can be used to assess the future potential and variability of renewable energy
sources, such as solar power in Greece, thereby aiding in long-term energy planning [85].
By providing region-specific insights, WRF modeling helps identify future risks and oppor-
tunities, making it an essential tool for developing targeted strategies to achieve sustainable
development goals in a changing climate.

4.5. Uncertainties and Limitations

This study acknowledges several sources of uncertainty that may influence the inter-
pretation of the results. First, the simulations were driven by a single GCM (CESM) and
employed a single RCM configuration (WRF), which may not fully represent the range
of potential climate variability or structural uncertainty associated with different model
physics and boundary conditions. Using one model setup provides a controlled framework
for baseline evaluation but limits the exploration of ensemble variability.

Second, the evaluation relied on a single observational dataset (CRU TS version 4.09),
which, although globally recognized and quality-controlled, has a relatively coarse spatial
resolution (0.5◦ × 0.5◦, approximately 50 × 50 km). The CRU dataset was chosen because
of its long-term temporal coverage, global consistency, and widespread use in CMIP5 and
CORDEX–SEA evaluations, ensuring methodological comparability and regional relevance.
To address the scale mismatch, all WRF–CESM outputs were bilinearly regridded to the
CRU grid before analysis. This process preserves large-scale climatological patterns and
facilitates consistent evaluation but inevitably smooths fine-scale features represented in
the 12 km simulations.

Third, the use of CMIP5 boundary data instead of the more recent CMIP6 outputs
introduces additional uncertainty. The CMIP5 dataset was selected because it provides bias-
corrected boundary conditions that are directly compatible with the WRF Preprocessing
System (WPS) and have been extensively validated in regional applications within the
CORDEX–Southeast Asia framework. At the time of this study’s experimental design, bias-
corrected CMIP6 datasets suitable for WRF had not yet been fully released or standardized
for preprocessing. Nevertheless, CMIP6 offers updated forcings and improved physics, and
future work will include CMIP6-driven simulations to assess the potential improvements
and differences in the projected climate behavior.

These limitations may influence the magnitude and spatial distribution of model
biases; however, the consistent patterns between simulated and observed climatology
across multiple variables reinforce result robustness. Future research should extend this
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framework by incorporating multi-model ensembles (multiple GCM–RCM combinations)
and higher-resolution observational or reanalysis datasets, such as ERA5, ERA5-Land, or
APHRODITE, to better quantify structural and data-related uncertainties. Such improve-
ments will enhance the confidence and applicability of high-resolution climate simulations
for impact assessments and decision support in Thailand and Southeast Asia.

5. Conclusions
Dynamical downscaling with the Weather Research and Forecasting (WRF) model has

emerged as a cornerstone for bridging the gap between coarse-resolution global climate
models and the fine-scale information required for impact assessment and adaptation
planning. The findings from both global and Thailand-focused studies confirm that WRF
provides substantial added value by resolving complex terrain effects, land–atmosphere
interactions, and localized climate processes that are otherwise overlooked in global models.
These improvements are particularly crucial for climate-sensitive sectors as identified in
Thailand’s NAP, including agriculture, water management, and disaster risk reduction,
where reliable climate information is a prerequisite for informed decision-making and
local action.

Nevertheless, systematic biases remain a persistent challenge, with precipitation
overestimation and cold biases in high-elevation regions being the most prominent is-
sues. Addressing these uncertainties through bias correction, multi-physics ensemble
approaches, and integration with advanced statistical and machine learning techniques
is essential to enhance the robustness of future projections. Recognizing and actively ac-
counting for such limitations ensures that WRF outputs are both scientifically rigorous and
operationally relevant.

The broader relevance of WRF downscaling lies in its contribution to climate resilience
and sustainable development (SD). By offering high-resolution insights into regional cli-
mate variability and extremes, WRF empowers stakeholders to design context-specific
adaptation strategies, from anticipating droughts in northeastern Thailand to mitigating
urban heat stress in megacities. Furthermore, WRF-based projections of future warming
and shifting precipitation regimes highlight the risks and opportunities for sustainable agri-
culture, water resource security, and renewable energy planning. In summary, despite the
challenges, the continued advancement and application of WRF dynamical downscaling
provide a pathway toward actionable high-resolution climate information. This capability
is indispensable for supporting science-based policies and adaptation measures that align
with national priorities and global sustainable development goals (SDGs).
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