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Abstract

Although the fifth-generation ECMWF reanalysis (ERAS) reanalysis dataset at 0.25° resolution and its land-specific prod-
uct (ERAS5-Land) at 0.1° resolution are widely used, they still remain too coarse for fine-scale applications. In this study,
we dynamically downscaled ERAS using the Weather Research and Forecasting (WRF) model to produce 2-km resolution
rainfall data for Ho Chi Minh City, Vietnam (hereafter WRF-HCM). The model outputs were subsequently bias-corrected
using quantile mapping, with daily data from 29 meteorological stations used for calibration and validation, resulting in
products referred to as WRFC-HCM. Results show that, on a monthly scale, ERAS generally outperforms WRF-HCM,
WRFC-HCM, and ERA5-Land. However, on a daily scale, WRFC-HCM significantly improves accuracy, particularly
in representing dry events. Seasonal probability density function analysis indicates that ERAS overestimates light rain
events, a bias substantially reduced by WRFC-HCM. For moderate and heavy rainfall (>20 mm/day), ERAS underesti-
mates occurrences, while WRFC-HCM provides better representation. Lastly, in assessing extreme climate indices, ERAS
and ERAS5-Land overestimate the number of wet days, leading to higher Consecutive Wet Days (CWD) values, while
underestimating heavy rain events, resulting in lower values for maximum 1-day precipitation (Rx1day) and maximum
consecutive 5-day precipitation (Rx5day). These biases lead to an overall underestimation of rainfall intensity. Compared
to ERAS, WRFC-HCM shows improved performance by effectively reducing the number of wet days and increasing
Rx1day, offering a more accurate characterization of rainfall extremes.
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1 Introduction are essential for hydrological modelling, which relies on
precise data to simulate rainfall-runoff processes and pre-
dict water availability in river basins (Fraga et al. 2019).
Furthermore, understanding precipitation patterns is vital

for assessing the impacts of climate change, as shifts in

Precipitation data are crucial for research across various sci-
entific disciplines, particularly in hydrology, meteorology,
and climate science. Accurate precipitation measurements
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precipitation can lead to changes in flooding, droughts, and
other extreme weather events that significantly affect human
societies and natural environments (Tabari, 2020; Ukkola et
al. 2020).

Precipitation data from rain gauges are generally con-
sidered as the most accurate rainfall sources, however, it
comes with several limitations. The first issue is the sparse
distribution of rain gauges, which often leads to inadequate
spatial coverage, especially in the mountainous or remote
area (Hong et al. 2006). Additionally, the rain gauge data
availability might be discontinued over time. For example,
data might be unavailable during times of war, or at stations
located in remote areas that might be inaccessible to main-
tain the devices regularly. All of these can lead to gaps in
rain gauge data throughout the study period, and thus, data
availability might affect the results of long-term studies.

With the development of space technology, satellites can
also provide precipitation data. Satellite data can offer high
spatio-temporal resolution, which is crucial for tracking pre-
cipitation events in real-time, particularly in the context of
hazardous weather systems (So and Shin 2018). Addition-
ally, satellite precipitation data can improve the accuracy of
hydrological predictions, particularly in regions with limited
ground observation networks (Behrangi et al. 2011). How-
ever, satellite precipitation products are often influenced by
various uncertainties, including instrumentation errors and
algorithmic limitations in estimating rainfall across different
temporal and spatial scales (Hong et al. 20006).

Global reanalysis datasets, such as the fifth generation
European Centre for Medium-Range Weather Forecasts
(ECMWF) reanalysis (hereinafter referred to as ERASY),
are created to overcome the limitations of gauges and sat-
ellite data. It provides data over a long period of time and
integrates vast amounts of observational data from vari-
ous sources, including satellites and ground stations, into
a coherent framework through advanced data assimilation
techniques (Hersbach et al. 2020). Moreover, the continu-
ous updates and extensive historical coverage of ERAS
(with the horizontal resolution of 31 km), as well as its high
resolution dataset over land — ERAS-Land (9 km; Mufioz-
Sabater et al. 2021) — facilitate monitoring and long-term
climate analysis, thereby supporting informed decision-
making in various sectors such as simulating offshore wind
energy (Carvalho et al. 2014), modeling storm surge (Dul-
laart et al. 2020), predicting tropical cyclones (Winterbot-
tom et al. 2012), and forecasting air quality (Feng et al.
2019). ERAS products are more suitable than satellite data
for climatic and hydrological applications on the Mongolian
Plateau, particularly for analyzing interdecadal variability
and trends (Xin et al. 2022). In agricultural research, ERAS
has been utilized to assess drought conditions and soil
moisture trends. Almendra-Martin et al. (2022) highlighted
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the importance of ERAS in analyzing agricultural drought
trends on the Iberian Peninsula, emphasizing its role in pro-
viding reliable soil moisture data through satellite assimila-
tion. In atmospheric science, using ERAS, Nguyen-Thanh
et al. (2023) demonstrated the impacts of both ENSO and
ENSO Modoki on rainfall variability over Southeast Asia.
Ngo-Duc et al. (2024) used the ERAS reanalysis dataset as
the initial and boundary conditions for the RegCM4-NH
experiments conducted over the CORDEX-SEA domain
to identify and rank the best-performing parameterization
schemes for simulating temperature and rainfall over South-
east Asia, which will aid in future downscaling of CMIP6
GCM outputs in this region.

While ERAS is widely used, it still has some limitations.
First, it may contain errors, due to the model itself, or due to
its relatively coarse spatial resolution that cannot resolve all
the processes, especially in areas with complex topography.
In Spain, ERAS5 and ERAS5-Land tend to overestimate light
and moderate rain (from 1 to 20 mm/day) while underesti-
mating heavy rain (more than 20 mm/day) (Gomis-Cebolla
et al. 2023). A wet bias of ERAS is also observed in Africa
(Steinkopf and Engelbrecht 2022). ERAS underestimates
the frequency of heavy rainfall events while overestimating
the number of wet days (Gbode et al. 2023; Xin et al. 2022).
Although having higher resolution, ERA5-Land still exhib-
its some errors due to local microclimatic conditions and
bias correction is still required (Longo-Minnolo et al. 2022)
and does not always outperform the lower resolution ERAS
(Gomis-Cebolla et al. 2023).

Additionally, given its relatively coarse horizontal reso-
lution (approximately 25 km), ERAS remains insufficient
for certain fine-scale studies, highlighting the need for
higher-resolution data. For this reason, downscaling has
been implemented to create local, high-resolution data from
coarser global or larger-scale datasets. Popular downscal-
ing methods are statistical (Gutmann et al. 2012; Manor &
Berkovic, 2015; Tran-Anh et al. 2023), dynamical (Zhang
et al. 2018; El-Samra et al. 2018; Ngo-Duc et al. 2024) and
hybrid (Tran Anh & Taniguchi, 2018). Statistical downscal-
ing methods are typically computationally efficient and
significantly faster than dynamical downscaling. However,
they depend on the assumption of a stable statistical rela-
tionship over time and require extensive historical climate
observation data for validation, which may not be available
in all regions (Tran Anh & Taniguchi, 2018). Dynamical
downscaling, on the other hand, is based on physical mecha-
nisms and incorporates complex local processes, allowing to
capture fine-scale features that are not resolved by coarser-
resolution products (El-Samra et al. 2018). This approach
is particularly effective at reducing errors in regions with
complex terrain or in coastal areas, as the finer grid offers a
more accurate representation of topography and coastlines.



Performance and added value of a high-resolution (2 km) rainfall product based on WRF-downscaled ERAS5 for...

Page30of 19 656

(Heikkilé et al. 2011). However, dynamical downscaling can
be computationally expensive and time-consuming, making
it suitable only where sufficient resources are available.

Bias correction (BC) is an essential step for improv-
ing the reliability of climate model datasets. Trinh-Tuan et
al. (2019) demonstrate that quantile mapping bias correc-
tion can significantly reduce precipitation bias in Vietnam,
and improve the annual cycle in all climatic subregions.
Additionally, they observe notable improvements in pre-
cipitation indices following bias correction. In hydrology,
bias-corrected, dynamically downscaled precipitation data
were shown to yield more accurate hydrological simulations
compared to non-corrected data (Bastola & Misra,2014;
Hagemann et al. 2011). In studies of extreme events, such
as that by Evans et al. (2017), BC was shown to effectively
reduce biases in extreme precipitation estimates.

Climate change is a serious threat to Ho Chi Minh City,
with rising temperatures and sea levels. The city is also at
risk of increased flooding, saltwater intrusion, and heat-
waves, which could have severe implications for public
health, agriculture, and urban infrastructure (Thanh Tu
and Nitivattananon 2011). Therefore, having a high res-
olution of precipitation dataset is useful as an input for
other models to provide more insight and accurate infor-
mation to urban planning and development. At present,
the highest-resolution rainfall datasets available for Ho
Chi Minh City include global reanalysis products such as
ERAS5-Land (~10 km) and satellite-based datasets such as
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CHIRPS (~5 km). To our knowledge, our study represents
the first effort to generate and evaluate a high-resolution
(2-km) rainfall product for Ho Chi Minh City, Vietnam,
obtained by dynamically downscaling ERAS using the
WRF model. We assess the performance and added value
of the high-resolution rainfall dataset and its BC products
over the study areas.

The rest of the paper is structured as follows: In Sect. 2,
we present the methods and data used in this study. The
comparison between the model and observational data is
provided in Sect. 3, followed by the conclusions in Sect. 4.

2 Methodology
2.1 Study area

Ho Chi Minh city (HCMC) is the most populated city in
Vietnam, with 9.4 million people (GSO 2023). It is located
in the southeastern region of Vietnam, covering an area of
approximately 2,061 km? (Fig. 1). The topography of Ho
Chi Minh City is predominantly flat, with approximately
40-50% of its area lying below 1 m above sea level and an
additional 15-20% between | and 2 meters above sea level
(Vu et al. 2018). The city’s geographical position plays a
crucial role in its climate and hydrology, as it is influenced
by both the tropical monsoon climate and the extensive river
systems of the Mekong Delta.

400

350

300

250

200

150

100

50

0

106.2°E  106.5°E 106.8°E  107.1°E  107.4°E

Fig. 1 (a) Location of Ho Chi Minh city (red polygon). d01 and d02 are the borders of the two WRF domains. (b) Elevation map of study area
(Units in m). Numbers show the locations of the meteorological stations used for model validations
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HCMC experiences a tropical monsoon climate, with
two distinct seasons: the wet season, from May to Novem-
ber, and the dry season, from December to April. From
1997 to 2016, HCMC received an average rainfall of
around 1600 mm/year, with more than 90% of precipitation
occurring during the wet season from May to November.
The average daily mean temperature in HCMC is around
27.3 °C, with lowest value in January (25.9 °C) and high-
est value in April (28.8 °C), which show minimal seasonal
variation.

2.2 Model configurations

In this study, we use the WRF model, version 4.4 (Skama-
rock WC et al., 2019). It is a non-hydrostatic, primitive-
equation model. WRF is designed to simulate atmospheric
processes at high spatial and temporal resolutions, which
is essential for capturing the complexities of weather sys-
tems. The model operates on a grid system that allows for
dynamic downscaling, enabling researchers to focus on
specific regions of interest while maintaining the influ-
ence of larger-scale atmospheric conditions (Srivastava et
al. 2015). At the large scale, the WRF model is extensively
used in various fields, from precipitation forecasts (Minh et
al. 2018; Trinh et al. 2021) to regional climate downscaling
(Tran Anh & Taniguchi, 2018; Chotamonsak et al. 2011), as
well as modeling tropical cyclone (Tien et al. 2013). At the
smaller scale, it is also used for urban climate studies (Doan
et al. 2019). For instance, Kusaka and Hayami (2006) dem-
onstrated the model’s capability in simulating local weather
events, highlighting its effectiveness in reproducing urban
climatic effects. Miao et al. (2009) utilized WRF to inves-
tigate urban heat islands in Beijing, showcasing its ability
to capture boundary layer structures influenced by urban-
ization. Moreover, WRF has been instrumental in evaluat-
ing and improving air quality models. Studies have shown
that integrating WRF with air quality models enhances
the understanding of pollutant dispersion and the impact
of meteorological conditions on air quality (Kumar et al.
2017).

In this study, the grid of WRF is set up with 2 nested
domains, named dO1 and d02 (following the standard WRF
naming convention), with horizontal resolution of 6 km
and 2 km, respectively (Fig. 1a), using one-way nesting.
Both grids are centered at HCMC center. The number of
grid points for the d01 and d02 are 122 % 118 and 133 x 124,
respectively. Both domains have 50 vertical layers, from
surface to 50 hPa. The results from domain d02 (the inner-
most domain) are used for all the analysis.

The initial and lateral boundary conditions are taken
from European Center for Medium-Range Weather Fore-
casts (ECMWF) ERAS. Lateral forcing was updated every
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6 h at 0.25° horizontal resolution and 38 pressure levels.
The physical parameterizations used include: (1) the SBU-
YLin cloud microphysics scheme (Lin and Colle 2011);
(2) the Kain-Fritsch convective scheme (Kain 2004) —
applied for domain 1 but turned off for the domain 2; (3)
the Dudhia shortwave radiation scheme (Dudhia 1989) (4)
the Rapid Radiative Transfer Model (RRTM, Mlawer et
al. 1997) used for longwave radiation; and (5) the Yonsei
University planetary Boundary Layer scheme (Hong et al.
2010). This configuration was selected based on a sensitiv-
ity test that evaluated the model accuracy in reproducing
daily precipitation.

To reduce overall delivery time, the entire simulation
period can be divided into subperiods, each including a
spin-up time (e.g. Jerez et al. 2018). The choice of spin-up
duration varies between studies and often depends on the
modeling objectives and the total length of the simulation.
For instance, Cha and Wang (2013) used a 6-hour spin-up
for a 3-day run, Jerez et al. (2018) applied a 4-month spin-
up for a 5-year simulation, and Zhuo et al. (2019) used a
1-year spin-up for a 10-year run. In this study, the model
was run in 17 subperiods covering the years 2000 to 2016,
with each subperiod lasting 13 months, with the first month
of each subperiod was allocated as the spin-up period. For
example, for the year 2000, the model is run from 1/12/1999
to 31/12/2000.

2.3 Quantile mapping bias correction (QMBC)

Raw WRF results may exhibit substantial discrepancies
compared to the observation (Tamaki et al. 2018). There-
fore, in this study, we apply bias correction to the raw WRF
results using the quantile mapping method. Quantile map-
ping is a widely utilized statistical technique for BC in
climate modeling, particularly for precipitation and temper-
ature data. This method operates by aligning the cumulative
distribution functions (CDFs) of modeled data with those of
observed data, effectively transforming the model outputs
to better reflect the statistical properties of the observations.
The process involves creating quantiles from the model data
and mapping them to the corresponding quantiles of the
observed data, which helps in correcting systematic biases
inherent in climate models (Seenu and Jayakumar 2020;
Lira-Loarca et al. 2023). The corrected value ., is:

Leor = Fo?)i (Fm(xsimu )) (1)

with F O;; be the inverse empirical CDF of observed histori-

cal data, F),, be the empirical CDF of model historical data,
and ;. be the raw model-simulated value.

Several studies have demonstrated that quantile map-
ping can effectively adjust both the mean and extremes of
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precipitation distributions, making it particularly valuable
for applications related to hydrology and climate impact
assessments (Maurer and Pierce 2014; Themef1 et al. 2011,
Tran-Anh et al. 2023). In quantile mapping, the choice of
probability distribution can significantly influence its per-
formance. In this study, we choose to use the empirical
quantile mapping method, which does not assume a specific
distribution, since it can produce competitive results com-
pared to other parametric approaches for correcting precipi-
tation (Gudmundsson et al. 2012; Enayati et al. 2021).

Besides, there are several methods to subsampling the
timescale to build the CDF. Sangelantoni et al. (2019) build
the CDF for each day of the year using a 91-day sliding
time window centered on that day. Other studies have used
monthly (Ines and Hansen 2006) or seasonal subsampling.
Reiter et al. (2018) demonstrated that the optimal subsam-
pling timescale for correction varied depending on the quan-
tile mapping method used, with a monthly timescale being
optimal for both parametric and non-parametric quantile
mapping approaches. Following their suggestions, in this
study, we first correct the monthly result using monthly-
subsampling data. The daily result is then rebuilt using the
ratio between the daily and monthly precipitation.

To validate the effectiveness of the method, we divide the
precipitation dataset into 2 parts. The first part, covers from
2000 to 2009, is used as a training dataset. The second part,
spans from 2010 to 2016, is used as a validation dataset. All
the comparisons in the results section use the data in the
validation dataset.

2.4 List of experiments and datasets

The experiments used for performance evaluation are pre-
sented in Table 1. In addition to the results from the WRF
model, including WRF-HCM and WRFC-HCM, we also
evaluate the performance of the reanalysis products, ERAS
and ERAS5-Land. ERAS5-Land is a higher-resolution (10-
km) product originated from ERAS5, which focused exclu-
sively on land areas (Muifloz-Sabater et al. 2021).

The experiments listed in Table 1 are evaluated using the
rainfall observational data from 29 stations around HCM
city. The results from all experiments are bilinearly interpo-
lated to the locations of the stations before evaluation. The

Table 1 List of experiments used for performance evaluation
No Name

Description

1 ERAS ERAS dataset (resolution: 25 km)
ERAS5-Land ERAS5-Land dataset (resolution: 10 km)
3 WRF-HCM Model results created from WRF (reso-

lution: 2 km)

Model results created from WRF,
bias corrected using quantile mapping
(resolution: 2 km)

4 WRFC-HCM

name and locations of the stations are shown in Fig. 1b. In
addition to the station data, we also evaluated the CHIRPS
satellite-based rainfall dataset (~5 km resolution) as a poten-
tial alternative reference for validation. The comparison
with station observations using monthly data from 2010 to
2016 showed that the root mean square error and temporal
correlation coefficient of CHIRPS were comparable to those
of ERAS5 and ERAS5-Land (Supplementary Figure S1).
Therefore, CHIRPS was not included in the final validation,
as it did not provide additional added value compared to the
station-based dataset.

2.5 Metrics and indices used in the assessment

We assess the performance of the experiments on both
monthly and daily scales. For performance evaluation on
the monthly scale, we employ three metrics including mean
absolute error (MAE), correlation (CC), and root mean
square error (RMSE).

For daily precipitation, the metrics mentioned above may
not be applicable because precipitation data are typically
dominated by non-precipitation days (zeros), which can dis-
tort RMSE results. Additionally, both MAE and RMSE do
not consider the ability of a model to capture precipitation
occurrence (e.g., whether it rains or not). Therefore, to more
appropriately evaluate daily precipitation, we employ cat-
egorical statistical approaches. The description of the cat-
egorical statistics is provided in Table 2.

From the Categorical Statistics table, daily precipita-
tion is evaluated using the Probability of Detection (POD),
False Alarm Ratio (FAR), and Accuracy (ACC), which are
defined below.

Probability of Detection (POD): a metric that measures
the ability of an experiment to correctly identify the occur-
rence of observed rain events.

a

POD =
0 a+c (1)

False alarm ratio (FAR): a metric that measures the fre-
quency of false alarms, i.e. the proportion of simulated rain
events that did not actually occur in reality, relative to the
total number of simulated rain events.

b

FAR =
a-+b

2

Table 2 Categorical statistic table

Observed rain  Observed no rain
(>1 mm/day) (<1 mm/day)

a (hit) b (false alarm)
Simulated no rain (<1 mm/day) c (miss)

Simulated rain (>1 mm/day)
d (correct no rain)

@ Springer
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Accuracy: a metric that represents the proportion of cor-
rectly simulated events relative to the total number of events.

a+d
AcC = —2T7%
ce a+b+c+d (3)

We note that the best value for FAR is 0, while the best value
for POD and ACC is 1.

In addition to the metrics above, probability distribution
functions (PDFs) for different seasons are computed to eval-
uate the frequency of various rainfall intensities.

For extreme events, we use a subset of indices that char-
acterize rainfall extremes, suggested by the CCI/CLIVAR/
JCOMM Expert Team on Climate Change Detection and
Indices (ETCCDI) (http://etccdi.pacificclimate.org). Details
of the selected indices are shown in Table 3. In this study, all
the indices are computed on an annual basis.

3 Results
3.1 Performance evaluation at monthly time scale

The comparison of monthly precipitation from various
experiments against observed data over the year, averaged

Table 3 The ETCCDI indices used in this study
ID Name
PRCPTOT

Calculation Unit

Total precipitation
in wet days

A wet day is defined mm
as a day with

precipitation>1 mm
PRCPTOT =31 R

with R; being the precipi-
tation amount of the wet

day i
Rx1day Maximum daily Rxldayi=max ( R;) mm
precipitation with R; being the precipi-
tation amount of the wet
day ¢
Rx5day Maximum 5 Rx5day=max ( R;) mm
consecutive days ~ with R; being the total
precipitation precipitation amount for 5
consecutive wet days
SDII Simple precipita- Z " R mm/
tion intensity index SDII = &=-F— day
with R; being the precipi-
tation amount of the wet
day 4
1 represents number of
wet days
CDD Consecutive dry Maximum number of con- days
days secutive days with daily
precipitation<1 mm
CWD Consecutive wet Maximum number of con-  days

days secutive days with daily
precipitation>1 mm

@ Springer

over 29 stations is shown in Fig. 2. The observed data show
a clear seasonal variation, with the wet season lasting from
May to November, characterized by higher rain amounts
of more than 4 mm/day, and the dry season lasting from
December to April, with rain amounts less than 2 mm/day.
The peak in precipitation occurs in late summer - early
autumn (September-October) at more than 8 mm/day, while
the minimum is in January and February, with less than
0.5 mm/day.

Compared to the observation, in general, all the experi-
ments capture the seasonal pattern with the maximum value
in September and minimum value in February. However,
they still show some biases. WRF-HCM underestimates the
precipitation from April to July, while overestimates the pre-
cipitation from August to December. The peak in Septem-
ber is strongly overestimated, reaching nearly 12 mm/day.
QMBC works moderately, with reduced biases observed in
WRFC-HCM, especially in September and October.

On the other hand, ERAS overestimates the precipita-
tion over the whole year. The difference between ERAS and
observation is smaller in the dry season, at less than 1 mm/
day, but increases to around 2 mm/day in the wet season.
Notably, although the WRF-HCM model is driven by ERAS
data (which exhibit overestimations consistently throughout
the year), the WRF-HCM model exhibits a different sea-
sonal pattern, with some months showing overestimations
and others underestimations of rainfall. Similar to ERAS,
ERAS-Land consistently overestimates rainfall throughout
the year, and even slightly more so than ERAS.

The MAE, RMSE and CC of the different datasets are
shown in Fig. 3. WRF-HCM has the highest MAE, aver-
aging 2.24 mm/day. The error is higher in the north and
lower in the south of the city. After bias correction, the
results improve, with lower errors in all stations, averaging
1.96 mm/day. ERAS has the lowest error among all datas-
ets (MAE=1.90 mm/day). The error is low in most of the
stations except for one station in the south of the domain.
Although having higher resolution, ERAS5-Land has a higher
MAE than ERAS, averaging 1.98 mm/day. For RMSE,
WRF-HCM still has the highest error at 3.32 mm/day. Bias
correction reduces the error to 2.84 mm/day. ERAS remains
highly competitive, with an error of 2.55 mm/day, the low-
est error among all datasets.

For CC, the highest average correlation belongs to
ERAS-Land (r=0.85). The original WRF-HCM model has
an average CC of 0.73. Notably, the bias correction does not
help much in increasing the correlation, with the CC after
bias correction being 0.75.

To explore the possible dependence between simulated
precipitation and topographic condition, Fig. 4 presents the
MAE of monthly mean values for stations categorized by
elevation ranges. Across all elevation groups, the errors
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Fig. 2 (a) Monthly mean precipitation, averaged across 29 stations, based on validation data from 2010 to 2016 (white-filled bars) and model
results (colored bars). (b) Differences between the validation data and the different simulations

are generally lowest in the DJF and MAM seasons, while
higher errors are more prevalent during JJA and especially
SON, which is explained by the lower precipitation in the
winter and higher precipitation in the summer.

In DJF, the downscaling itself can improve the MAE,
however, it does not seem to be related with the elevation.
For elevations from 0 to 10 m and above 200 m, the error in
WRF-HCM is lower than in ERAS5, but for elevations from
10 to 50 m, the error in ERAS is lower. In other seasons,
the error in WRF-HCM is higher than in ERAS, except in
MAM for stations located above 50 m. The bias correction
works well, showing lower errors in WRFC-HCM across
all elevation groups. However, the bias correction shows
limited performance in MAM, when it tends to increase the
error in all elevation groups, as shown in Fig. 2. In JJA, the

error is lowest in ERAS for all stations. In SON, for stations
below 10 m, the error is lowest in WRFC-HCM, while for
stations above 50 m, the error is lowest in ERAS5-Land.

3.2 Performance evaluation at daily time scale

While performance at the monthly scale is useful for longer
time scale studies, some analyses may require data at the
daily scale. Therefore, the daily performance also needs to
be assessed. Figure 5a represents the POD, which measures
the ratio of correctly forecasted events to the total number of
observed rain events. A higher value indicates better perfor-
mance. Across all experiments, the POD varies from month
to month. From May to November, most experiments show
a higher POD, which is understandable since there are more
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Fig. 3 MAE, RMSE, and CC (in row) of ERAS, and ERAS-Land, WRF-HCM, WRFC-HCM (in column) calculated using monthly data, from
2010-2016. In each subfigure, the numbers in the lower right corner indicate the mean values of all stations

rain events in this period. Overall, the POD of ERAS is the
highest over the whole year, ranging from 0.7 to nearly 1.0,
while the WRF-based performance is lower, ranging from
0.3 to 0.7. During the rainy season only, WRF-HCM can
capture about 70-75% of the rain events, while ERAS and
ERAS5 LAND detect nearly all of them. However, since
POD only measures the ability to capture rainfall events, an
overestimation of the number of rainy days results in a high
POD. In other words, POD can only assess the ability to
predict rain events, ignoring the ability to predict dry events.

Figure 5b shows the False Alarm Ratio (FAR), which
quantifies how often non-rain events are incorrectly fore-
casted as rain events. In contrast to POD, FAR is lower in

@ Springer

the summer and higher in the winter. Notably, ERAS and
ERAS-Land tend to have higher FAR values throughout
most of the year compared to the other experiments, con-
firming that the number of rainy days is overestimated. In
detail, in winter, 80% of the rainy days in ERAS are actu-
ally dry days in reality. This value is similar for WRF-HCM,
but it decreases after bias correction. In rainy season, WRF-
based results also provide an estimate of false rainfall of
around 40%, which is better than ERAS5 and ERAS5S-Land
(47-50%).

The overall accuracy, representing the percentage of cor-
rectly simulated dry and rainfall days relative to the total
number of days, is illustrated in Fig. 5c. Accuracy is highest



Performance and added value of a high-resolution (2 km) rainfall product based on WRF-downscaled ERAS5 for...

Page90of19 656

(a) MAE (0-10m, 18 stations)
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ERAS ERA5-Land ~ WRF-HCM  WRFC-HCM
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Fig. 4 MAE of monthly mean of precipitation in different seasons
(December — February (DJF), March — May (MAM), June — August
(JJA), September — November (SON)), grouping by elevation: (a) sta-

at the beginning and end of the year, particularly in January
and December, across all experiments, and lower in the rainy
season. Among the models, the WRF-based experiments
generally perform better. The bias correction improves the
overall accuracy mostly in the dry season (from December
to February) but shows no clear difference in the rainy sea-
son. Since they have lower POD values, the higher accu-
racies of the WRF-HCM and WRFC-HCM experiments
indicates better performance in representing dry events
compared to the reanalysis products. To further evaluate the
added value of the dynamical downscaling process beyond
bias correction alone, the same bias-correction and vali-
dation procedures were also applied to ERAS and ERAS-
Land (Supplementary Figure S2). Although bias correction
improved their accuracy, the combined use of dynami-
cal downscaling and bias correction in the WRF-based

(b) MAE (10-20m, 4 stations)
ERA5-Land

ERA5 WRF-HCM ~ WRFC-HCM

MAM

JA

SON

(d) MAE (>50m, 2 stations)
ERA5-Land ~ WRF-HCM  WRFC-HCM

JJA 1 2.63 2.66 3.61 291

SON A 2.35

0 1 2 3 4 S5

tions lower than 10 m, (b) stations from 10 to 20 m, (c) stations from
20 to 50 m, (d) stations higher than 50 m

experiments still produced higher accuracy, highlighting the
added value of the dynamical downscaling process.

The spatial distribution of category assessments is shown
in Fig. 6. Over the whole period, the POD of ERAS and
ERAS-Land is very high, with values at individual stations
ranging from 0.8 to 1.0. The POD seems to be lower (higher)
in the north (south) of the domain. On average, the POD is
0.90 and 0.89 for ERAS and ERAS5-Land, respectively. The
POD for WRF-HCM is lower compared to the other experi-
ments, as presented in Fig. 5. Similar to ERAS, the POD
for both WRF-HCM and WRFC-HCM appears to be higher
in the north and lower in the south. In all experiments, the
differences between stations in each simulation are small.

The FAR of the WRF-based experiments at individ-
ual stations ranges from 0.5 to 0.7, with an average FAR
of 0.60. After applying bias correction, the average FAR
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Fig. 5 Categorical assessment for daily rainfall for the different experiments: (a) Probability of detection, (b) False alarm ratio, (¢) Accuracy

slightly improves to 0.57. These improvements are clearly While the FAR highlights false predictions, the ACC
shown at some stations within Ho Chi Minh City, such  provides further insight into the overall reliability of
as stations 8 and 10. The average FAR value for ERA5 is  these experiments. The ACC of WRF-HCM ranges from
lower, approximately 0.65. Despite the higher resolution of 0.7 to 0.8, with slightly higher values observed along the
ERAS5-Land, its FAR at individual stations remains similar ~ coastal areas. On average, the ACC for WRF-HCM is 0.73.
to that of ERAS, ranging between 0.6 and 0.7. Although bias correction reduces the FAR and also lowers
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Fig. 6 POD, FAR, ACC (in column) of ERAS, ERAS-Land, WRF-HCM, and WRFC-HCM (in row), calculated using daily data, from 2010 to
2016. In each subfigure, the numbers indicate the mean values of all stations

the POD, it provides a marginal improvement in the ACC,
increasing it to 0.74. In comparison, the ACC of ERAS and
ERAS-Land at individual stations is lower, ranging from 0.5
to 0.7, with an average accuracy of 0.63.

Figure 7 presents the PDF of rainfall distribution across
the four seasons. During DJF, dry days (rainfall below
1 mm/day) occur approximately 95% of the time based on
observations. However, all experiments underestimate the
frequency of dry days. The WRF-HCM model simulates
about 89% dry days, while ERAS and ERA5-Land esti-
mate around 80%. Bias correction significantly improves
the accuracy, increasing the percentage of dry days to

94%, closely aligning with the observed value. With most
days being dry, light rain events (1-5 mm/day) account for
approximately 2% of days, whereas moderate (5-20 mm/
day) and heavy (more than 20 mm/day) rain events are
rare, each comprising about 1% of days. Among the experi-
ments, only WRFC-HCM closely matches the observed
data, whereas WRF-HCM, ERAS, and ERAS5-Land tend to
overestimate the number of rainy days.

In MAM, the rainfall characteristics are similar to those
in DJF, with dry days occurring more than 80% of the time,
while light (moderate) rainfall days account for around 5%
(3%). The WRF-based experiments slightly underestimate
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Fig.7 Probability density function (PDF) of daily rainfall for the 4 seasons. Note that the vertical axis scale has been adjusted at a frequency level
0f 20% to improve representation

dry days by 5% and overestimate light rainfall days by 3%. In JJA, rainfall days become more frequent, reducing
However, they perform well in capturing moderate rainfall ~ the proportion of dry days to approximately 52%. How-
events. In contrast, ERAS and ERAS5-Land show signifi- ever, similar to other seasons, all models underestimate the

cant deviations, underestimating the number of dry days by =~ number of dry days. Specifically, ERAS5 and ERAS5-Land
around 35% and overestimating light and moderate rainy  indicate only about 6% of dry days, significantly underes-
days by 20% and 15%, respectively. timating the actual proportion by 46%. This suggests that
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the higher POD of ERAS5 and ERAS5-Land in Fig. 4a results
from rain occurring almost daily. WRF-HCM and WRFC-
HCM perform similarly, slightly underestimating dry days
by 5%. In contrast, all experiments overestimate the number
of wet days. ERAS and ERAS-Land significantly overes-
timate moderate rain events at 65%, which is three times
higher than observed. Meanwhile, WRF-HCM and WRFC-
HCM provide consistent estimates for light rainfall days
compared to observations.

In SON, the number of dry days increases to around 60%.
WRF-HCM and WRFC-HCM underestimate dry days by
about 10%, whereas ERAS and ERAS-Land underestimate
them by 45%. All models overestimate light rainfall days,
with ERA5 and ERAS5-Land showing the largest discrep-
ancies. Moderate rainfall days are reasonably captured by
WRF-HCM and WRFC-HCM but are overestimated three-
fold by ERAS and ERAS5-Land.

Overall, across all seasons, WRF-HCM and WRFC-HCM
demonstrate better performance in modeling dry days. All
experiments tend to overestimate light rainfall, with ERAS
and ERAS5-Land showing the largest discrepancies. While
WRF-HCM and WRFC-HCM show better accuracy in sim-
ulating medium and heavy rainfall, this remains a challenge
for ERAS and ERA5-Land.

3.3 Extremes

In addition to evaluating rainfall datasets at different time
scales, it is important to assess performance during extreme
events. For instance, uncertainty tend to increase as precipi-
tation intensity rises (La Follette et al. 2021). Consequently,
assessing the capability to reproduce extreme events is
essential before applying a dataset to further research. In
this section, we evaluate the performance of the different
experiments in representing rainfall extremes using a subset
of climate extreme indices recommended by the ETCCDI
(Table 3).

Figure 8 illustrates the average extreme values, includ-
ing those of PRCPTOT, SDII, RX1day, RX5day, CDD, and
CWD, over a 7-year period (2010-2016). The observed data
indicate a PRCPTOT mean of 1556.56 mm/year, with higher
values (1600—1800 mm/year) in the north and lower values
(1300-1400 mm/year) in the south of the city. WRF-HCM
generally overestimates precipitation in the northern region
and underestimates it in the south, yielding an average
annual rainfall of 1656.87 mm, which exceeds the obser-
vation. Thanks to bias correction, WRFC-HCM exhibits a
closer mean of 1565.82 mm/year and more consistent spa-
tial patterns compared to the observation. In contrast, ERAS
systematically overestimates PRCPTOT across all stations,
particularly in the south, and exhibits reduced spatial vari-
ability compared to the observed data. ERAS shows a mean

value of 1950.13 mm/year, approximately 20% higher than
the observation. ERAS-Land demonstrates an even greater
bias, with a mean of 2000.98 mm/year.

For rainfall intensity (SDII), the observed data range
from 12 to 22 mm/day, with higher intensities in the north-
ern region of the city and an average value of 15.68 mm/day.
WRF-HCM and WRFC-HCM do not exhibit clear spatial
patterns and slightly underestimate rainfall intensity, with
mean values of 13.38 mm/day and 13.18 mm/day, respec-
tively. In contrast, ERAS and ERAS5-Land show significant
underestimation, with mean values of 8.37 mm/day and
8.79 mm/day, respectively. Despite their overestimation of
PRCPTOT, the lower SDII values suggest that these datas-
ets overestimate the number of wet days.

The RX1day and RX5day indices have observed mean
values of 96.86 mm and 164 mm, respectively. WRF-HCM
overestimates both indices, with mean values of 103.47 mm
for RX1day and 187.12 mm for RX5day. WRFC-HCM
reduces the bias for RXS5day, achieving a closer mean
of 173.97 mm, but slightly increases the RX1day bias to
107.99 mm, particularly along the coastal region. In con-
trast, ERAS and ERAS5-Land significantly underesti-
mate these two indices. For RX1day, the mean values are
51.96 mm (ERAS5) and 53.28 mm (ERAS5-Land), while for
RX5day, the mean values are 105.42 mm and 111.07 mm,
respectively. These values correspond to only 50-65% of
the observed data.

The observed CDD values range from 70 to 90 days, with
an average of approximately 80 days, increasing from north
to south. WRF-HCM generally underestimates CDD, with
values ranging from 30 to 70 days and an average of 54
days, while maintaining the observed north-to-south spatial
pattern. After bias correction, WRFC-HCM improves the
estimation, increasing the average to 66 days. Both ERAS
and ERAS5-Land also underestimate CDD, with averages of
53.73 days and 51.78 days, respectively.

Similarly, a validation was conducted for the bias-cor-
rected versions of ERAS and ERAS5-Land without dynamical
downscaling. The bias correction yielded notable improve-
ments for both datasets, particularly for PRCPTOT, whose
mean value after correction closely matched the observa-
tions (Supplementary Figure S3). However, improvements
for the other indices were relatively modest, and the dis-
crepancies remained substantially larger than those found
in the WRF-HCM and WRFC-HCM experiments. These
results highlight the added value of dynamical downscaling
in enhancing rainfall representation, especially for climate
extremes.

For the number of consecutive wet days (CWD), obser-
vations indicate a mean value of 8.59 days, with minimal
spatial variability. WRF-HCM overestimates this value,
with a mean of 14.92 days, which is reduced to 13.9 days
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{ Fig. 8 PRCPTOT, SDII, RX1day, RX5day, CDD, CWD, averaged for
7 years from 2010 to 2016

after bias correction. As mentioned earlier, both ERAS5 and
ERAS-Land significantly overestimate the number of wet
days, resulting in mean CWD values of 56.34 days and
68.32 days, respectively, which is around 6 to 8 times higher
than the observed values.

Figure 9 presents the NMAE and NRMSE (which are
the MAE and RMSE divided by standard deviation of the
observation) computed temporally from 2010 to 2016.
Among the selected indices, CDD shows the closest agree-
ment with observations, indicating that the experiments cap-
ture consecutive dry days more reliably. In contrast, CWD
seems challenging for all experiments and datasets. Among
the experiments, WRFC-HCM consistently demonstrates
the lowest errors for most indices, highlighting its ability
to simulate rainfall extremes. It also demonstrates the effec-
tiveness of bias correction in improving the accuracy and
reliability of precipitation simulations compared to WREF-
HCM. On the other hand, ERA5 and ERA5-Land exhibit
similar performances, with relatively higher errors across all
metrics, particularly for CWD.

4 Discussion
As shown in Figs. 2 and 8, WRF-HCM produces less pre-

cipitation than ERAS, which can be related to the differ-
ences in atmospheric vapor transport. Zhou et al. (2023)

Nor-MAE
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A
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&
5 1 P &
X &
2 - s
o O
14 i
54 : : ; Q :
PRCPTOT  SDII RX1day RX5days CDD CWD

demonstrated that the WRF-HCM model can reduce the
precipitation overestimation seen in ERAS5 by limiting
moisture transport over the Tibetan Plateau. To determine if
this holds true for Ho Chi Minh City, we examined the inte-
grated water vapor transport across the area for the annual
average as well as for the DJF and JJA seasons (Supple-
mentary Figure S4). In DJF, moisture transport is greater in
ERAS in the northern part of the city but comparable in the
southern part, while in JJA, ERAS shows higher moisture
transport across the entire city. Nevertheless, Figs. 2 and 7
indicate that ERAS has both higher precipitation and more
wet days in both seasons, suggesting that moisture transport
alone is not enough to explain the precipitation variability in
this region. One hypothesis that future studies could explore
is that WRF-HCM retains more atmospheric moisture due
to its present physical parameterization, whereas ERAS may
convert this moisture into precipitation more efficiently,
leading to the higher precipitation observed.

The precipitation bias of ERAS has been examined in
several studies, revealing varied performance across dif-
ferent regions and temporal scales. At the monthly scale,
ERAS has been shown to overestimate total precipitation
in some areas of Africa while underestimating it in others
(Steinkopf and Engelbrecht 2022). On a daily scale, Xin
et al. (2022) found that ERAS, along with ERAS5-Land
and ERA-Interim, tends to overestimate the frequency of
weak precipitation events and underestimate high-intensity
rainfall. This is also the conclusion of Gomis-Cebolla et
al. (2023), which is aligned with our findings. Regarding
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Fig. 9 Normalized Mean Absolute Error (NMAE) and Normalized Root Mean Square Error (NRMSE), computed temporally from 2010 to 2016
using station-averaged extreme indices for the different experiments (in log scale)
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extreme events, Gbode et al. (2023) reported that ERAS
underestimates the frequency of heavy rainfall but overesti-
mates the number of wet days in West Africa between 1981
and 2018, which is also consistent with our results.

Despite its higher resolution, in our study, ERA5-Land
does not demonstrate significant improvement in perfor-
mance compared to ERAS. This is also mentioned in other
studies, e.g. Gomis-Cebolla et al. (2023). While the higher
resolution of ERAS-land enables it to capture finer-scale
precipitation patterns and variations, especially in regions
with complex terrain (Xin et al. 2022), the lack of substan-
tial improvement in this study may be attributed to the fact
that Ho Chi Minh City is situated in a flat delta.

Considering extreme indices, our results indicate that the
WRFC-HCM experiment outperforms others in both tempo-
ral and spatial aspects. This improvement is attributed to its
better simulation of dry events and more accurate represen-
tation of precipitation amounts during extreme events, with
the help of bias correction. Conversely, our analysis shows
that ERAS and ERAS-Land perform limitedly in simulating
extreme events in HCM city. Notable differences between
these datasets in representing extreme climate indices have
also been reported in several studies. For instance, ERAS
has been found to overestimate CWD and underestimate the
SDII (Ansari and Grossi 2022). Similar discrepancies have
been observed in ERAS5-LAND (Tan et al. 2023). Therefore,
caution is advised when using these datasets, particularly
for applications involving dry events.

After bias correction, WRFC-HCM demonstrated lower
performance in March and April, possibly due to the short
training period (9 years). This limited duration may pre-
vent the quantile mapping functions derived during training
from effectively capturing the variability needed to improve
accuracy when applied to the validation period. Reiter et al.
(2016) highlight that a shorter training period can signifi-
cantly reduce the effectiveness of bias correction methods,
particularly for empirical quantile mapping. To address this,
future studies could use longer simulation periods to lever-
age the benefits of extended training durations. Accordingly,
it is recommended to use longer training periods (e.g., 30
years) to construct quantile mapping functions, as demon-
strated in previous studies (Tran-Anh et al. 2023; Trinh-
Tuan et al. 2019).

Although WRFC-HCM demonstrates better performance
at the daily scale and in capturing extreme events, there
remains room for improvement. Some of the remaining
biases may stem from physical processes such as convec-
tion representation, land—sea interactions, or urban heat
island effects, which will be explored in subsequent stud-
ies. To further improve accuracy, upcoming research could
investigate machine learning-based downscaling methods
or hybrid approaches that integrate dynamical downscaling

@ Springer

with machine learning (e.g. Tu et al. 2021), combine
dynamical and statistical downscaling (Guyennon et al.
2013), or couple dynamical downscaling with atmospheric
and oceanographic models to produce more integrated Earth
system simulations (e.g. Li and Chen. 2022).

5 Conclusions

ERA5S is widely recognized as one of the most popular
reanalysis datasets and is extensively used in various stud-
ies. However, it has two key limitations. First, its spatial
resolution may not be sufficient for fine-scale applications.
Second, as a global dataset, its uncertainty varies across
different regions. In this study, we dynamically downscale
ERAS using the WRF model to generate a high-resolution
precipitation dataset. The original ERAS data, with a resolu-
tion of 25 km, serves as the initial and boundary conditions
to produce a 2-km resolution dataset for Ho Chi Minh City.
To address model bias, we apply quantile mapping, using
rain gauge data for calibration and validation. The dataset
from 2000 to 2009 is used for training, while the data from
2010 to 2016 is reserved for validation.

At the monthly scale, WRF-HCM dynamical downscal-
ing shows limited improvements over the original ERAS
forcing. It performs better during the dry season (winter),
but in other seasons, it results in higher errors and lower
correlation. The bias correction using quantile mapping
(WRFC-HCM) effectively reduces bias, but it does not
improve temporal correlation. Overall, ERAS remains the
most reliable dataset for monthly precipitation estimates.

At the daily scale, WRFC-HCM demonstrates signifi-
cantly higher accuracy than ERAS, particularly in capturing
dry events. Seasonal probability density functions (PDFs)
reveal that ERAS strongly overestimates light rain events,
whereas WRFC-HCM substantially reduces the number of
false light rain detections. Additionally, ERAS underesti-
mates moderate and heavy rain events (exceeding 20 mm/
day), while WRFC-HCM shows smaller discrepancies com-
pared to observations. Similar to ERAS, ERAS-Land over-
estimates light rain occurrences and underestimates both
dry and heavy rain events, making it unsuitable for short
time-scale studies. The bias correction applied in WRFC-
HCM is more effective during the dry season, but in the wet
season, the differences between WRF-HCM and WRFC-
HCM become less pronounced.

Finally, the ability to reproduce extreme climate indices
was evaluated. Despite some remaining biases, WRFC-
HCM performs better than other datasets in representing
extreme climate events. The annual precipitation from
WRFC-HCM aligns well with observations in terms of both
spatial distribution and mean values. Although RX1day and
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RXS5days remain overestimated, their biases are smaller
compared to ERA5. ERAS and ERA5-Land demonstrate
significantly higher numbers of wet days, resulting in a sub-
stantial overestimation of CWD. Conversely, these datasets
underestimate the number of heavy rain events, leading to
an underestimation of RX1day and RX5days. The combina-
tion of a higher total number of wet days and fewer extreme
events results in an underestimation of average rainfall
intensity.

Overall, the WRFC-HCM dataset demonstrates added
value for high-resolution rainfall analysis in Ho Chi Minh
City. Although some biases remain at the monthly scale,
its improved representation of daily rainfall variability and
extremes indicates potential usefulness for localized climate
studies and future impact-oriented applications.
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