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Abstract: Data assimilation plays a particularly important role in numerical weather
prediction models (NWPs). It ingeste observational data intonthal fields of NWPs,
improving their initial conditions to better represent the actual atmospheric conditions. This
enhancement consequently leads to improved forecast accuracy of NWP. Globally, three
dimensional variational assimilation (3DVAR) and falimensional variational
assimilation (4ADVAR) methods have been widely used, with 4ADVAR considered the most
advanced technique. This study will be focused on data assimilation methods using the
WRFDA system with WRFARW Core. This arrtice was investigatedses without data
assimilation of 3DVAR and 4DVAR with different assimilation windows. Evaluations the
initial fields demonstrate that both 3DVAR and 4DVAR methods effectively improve the
model's initial fields by assimilating observational data. Thevidenced by the fact that

the RMSE of the 3DVAR and 4DVAR analysis fields is consistently smaller than the
RMSE of the original model initial fields when compared to observations and for all fields,
including wind, temperature, moisture, and pressuhés $tudy further reveals that the
4DVAR method offers superior improvements in the initial fields compared to the 3DVAR
method. Under the same conditions, the RMSE of 4DVAR analysis fields is generally
smaller than that of 3DVAR analysis fields. The ewadilon based on the POD and FAR
indices indicates that the forecast skill of the 4ADVAR case is better than that of 3DVAR,
especially at larger rainfall thresholds above 50 mm, which is clearly reflected in-the 24
hour accumulated rainfall forecast.
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1. Introduction

Data assimilation systems play a critical role in improving the accuracy of numerical
weather prediction models. These systems provide opéstiahates of initial conditionasn
essential prerequisite for precise weather foretgsgpsocessing massive amounts of atmos-
pheric observation data. Notably, modern data assimilation methods, such afintamee
sional variational assimilation (3DVAR) and fedimensional variational assimilation
(4DVAR), have been developed based on pioneering stldiek Lorenc transformed the
statistical estimation problem into a variational framework, while TalagaaddCourtier
employed an adjoint model to produinitial fields consistent with observation data over a
finite time window. These two approaches were subsequently integrated to form the 4ADVAR
data assimilation method, which has been widely implemented by major meteorological cen-
ters such as ECMW({European Centre for MediuiRange Weather Forecasts)d Métée
France.
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In Canada, the 3DVAR system was first operationalized in 1999 and continuously
improved to enhance background error covariance and analytical prddisiom2005, the
4DVAR system was introduced, incorporating advancements related to tangent linear and
adjoint modelg5]. In the United States, the National Centers for Environmental Prediction
(NCEP) developed and operationalized the Gridpoint Statistical Interpolation (GSI) system,
initially as a 3DVAR system in 20qJ%1 7] and later upgraded to 4DVAR in 2016. Similarly,
Japan has been a pioneer in applying 4DVARhlementing the MesdDVar system for
regional weather forecasting in 2002 and subsequently updating it for thé\HWAmModel
in 2004. Moreover, the 4DVAR method has demonstrated significant advantages over
3DVAR in forecasting rainfall and extreme weather ev¢iitS]. By leveraging dynamic
and physical constraints to refine initial conditions, 4DVAR yields more accurate forecasts,
particularly in model systems like the Weather Research and Forecasting (WRF) model.

Threedimensional variationahssimilation (3DVar)10] and fourdimensional varia-
tional assimilation (4DVar) are methods used in the WRF model to improve meteorological
analysis and forecasts. Studjés, 17] show 4DVar significantly enhances rainfall predic-
tions compared to 3DVar by using dynamic and physical constraints to refine initial condi-
tions.Unlike 3DVar, which processes observations at a single analysis time with lower com-
putational demands, 4DVi3] incorporates observations across a time window, utilizing
tangent and adjoint moddl$4] to propagate analysis increments. 4DVar also ensures better
balance in initial conditions, making it a promising tool for future advancem&sjtsBoth
method minimize a cost function to reduce errors between observatiorisrandsts. Var-
iational techniques enable assimilation of conventional and raddrldai®]. Comparisons
show 4DVar outperforms 3DVar in cyclone and sherin rainfall forecastingl7, 18].

In Vietnam, the National Center for HydMeteorological Forecasting has applied the
3DVAR method within the HigiResolution Model (HRM) since 2007, utilizing MTSAT
satellite datd19]. Recently, the combination of 3DVAR and Local Ensemble Transform
Kalman Filter (LETKF) in the WRF model has been adopted to enhance forecasts of heavy
rainfall and tropical cyclone formatiofihe study[20] has shown that integrating 3DVAR
and LETKF improves initial conditions while accurately predicting the location and timing
of tropical depression formation over the Bien Dong $&a. study[21] used satellite wind
data combined with the Ensemble Kalman Filter method to improve the initial conditions of
the WRF model.The study[27] used the WRF model with radar data assimilation via
3DVAR to simulate heavy summer réatl in Ho Chi Minh City. They tested cold and warm
start modes with three assimilation configurations, finding that warm start with reflectivity
and radial wind improved rainfall forecasfhe study[23] applied data assimilation for
heavy rainfall forecasts in the Central Highlands, showing warm start assimilation with
AMVs yielded the best results for 2vur forecastslhe study24] used 3DVAR to improve
temperature, humidity, and rainfall forecasts by assimilating satellite wind and observational
data.The study{25] applied 4DVAR for rainfall forecasting in Southern Vietnam, improving
forecasts for both light and heavy rainfall. However, 4DVAR required significantly more
computational resources than 3DVAR.

Finally, modern data assimilation systems have continually evolved, offering significant
potential to advance global and regional weather forecasting accuracy. Future developments
integrating variational methods with emerging techniques such as ensemble Khériag fi
hold promise for further breakthroughs in meteorology.

2. Materials and methods

2.1.Datacollection

The GFS data is a higiesolution global weathefataset provided by the United States
National Centers for Environmental Prediction (NCEP). This dataset includes meteorological
variables such as temperature, pressure, humidity, wind, and precipitation at the surface and
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various atmospheric levels. It is updated daily-ab@r intervals and offers global coverage.
In this study, GFS data with a horizontal resolution of 0.25° latitogitude is utilized to
provide initial and boundary conditions for the WRF model.

The data used for assimilation includes various types of observational datasets, specifi-
cally SOUND, SONDE_SFC, SYNOP, GEOAMV, METAR, AIREP, SHIPS, BUQY, and
PILOT, obtained from the Global Telecommunications Systems (G3®)NCEPR

The GPM (Global Precipitation Measurement mission) rainfall data is used to evaluate
the rainfall forecast results of the model. IMERG (Integrated Maltellite Retrievals for
GPM) is a NASA product that estimates global surface rainfall at a high resolution of 0.1°
every half hour, starting from 2000. It is part of the NASRXA Global Precipitation Meas-
urement project, utilizing the GPM Core Observatory satellite as a standard to integrate rain-
fall observations from an international satellite netwokkERG can be applied globally or
in areas with little or no reliable surface observation data. It offers three versions with differ-
ent latency to meet varying application needs: Early Ruvo(# latency) for rapid response
applications, Late Run (1dour latency) for samday/nextday applications, and Final Run
(3.5month latency) for posteattime research. In this study, the author uses the Final Run
dataset.

2.2.Methods

Data assimilation (DA) refers to the process of combining observational data with nu-
merical models to estimate the most accurate representation of adsysttaen In this artice,
threedimensionalvariational assimilatiof3DVAR) and four-dimensional variational as-
similation(4DVAR) for WRF[10] will be appliced for tropical cyclonmduced rainfall fore-
casting for central Viet Nam.

3DVAR is a variational data assimilation approach that seeks to minimize a cost function
based on a thregimensional snapshot of the atmosphere or system state. The background
error covariance of 3DVAR is stationary and does not vary with time; Observations are as-
similated at a single time step, and no temporal evolution is explicitly considered; The ob-
jective is to minimize a cost function, typically defined as:

9=28x %) B (x %) B2HK) WR(H) v W

wheredis the model staté) is the background staté,is the background error covari-
ance matrix( @ is the observation operatdy,represents observations, @ik the obser-
vation error covariance matrix.

4DVAR extends the principles of 3DVAR by incorporating the temporal evolution of
the system and observatioitsuses adjoint integration to compute the sensitivity of the cost
function over time, optimizing initial conditions across a time windibvninimizes a cost
function over aime window by using the model's dynamics as a constraint. Both 3ADVAR
and 4DVAR are integral to modern NWP systems. While 3DVAR is commonly used for
operational forecasting due to its computational efficiency, 4DVAR offers higher accuracy
for retrospectivanalysis and research by accounting for the dynamic evolution of the atmos-
phere.

2.3.Experimental design

The WRF model version 4.3.3 was used with a domain resolution ofkinl®&ith
169169 grid points (Figure 1). The initial and boundary conditions were taken directly from
the GFS forecast data at 0.25 degrees latitude and longitude. The WRFDA assimilation pro-
gram was used to assimilate 3DVAR and 4DVAR in the case of heavy rain doentg.st
The physical parameters are presented helow
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In this study, Typhoon Noru in 2022 was choiced for investigation. Typhoon Noru made
landfall in the Central region in the early morning of September 28. The storm caused heavy
rain in the Central Central region on Septembe2with range of 10@00mm, particularly,

Thua Thien Hue to Quang Ngai, 2000mm, some parts over 450mm such as Bach Ma (Thua
Thien Hue) and Hoa Binh 597&m, Dau Moi Ho Viet An (Quang Nam) 699 6n, Nui Thanh
(Quang Nam) 487.6hm, Ly Son (Quang Ngai) 518m8m, Tra Phu (Quang Ngat19.6mm.

Microphysics WRF single-moment 3-class (Hong et al., 2004)
Shortwave Dudhia shortwave scheme ( Dudhia, 1989)
parameters ’

Long wave

parameters RRTM longwave scheme ( Mlawer et al., 1997)

Surface laver < . 2019

parameters Revised MMS Scheme (Jimenez et al., 2012)

Surface physical S laver e .

parameters S-layer Thermal Diffusion Scheme (Dudhia, 1996)

Convection Grell 3D Ensemble Scheme (Grell, 1993; Grell and Devenyi .
parameters 2002)

Boundary layer

parameters Younsei University Scheme (Hong et al., 2006)
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Figure 1. Domain (left) and Physical parameter choices (right)
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Figure 2. Track (top) and maximum wind speed and minimum pressure of Typhoon Noru in 2022
(Source: JTWC).

The study conducted experiments with the 3DVAR and 4D¥8&milation schemes with
NODA (no data assimilation), 3DVAR3DVAR with 1 hour assimilation windoyy
4DVAR_1h (4DVAR with 1 hour assimilation window); 4DVAR_3h (4DVAR witkh8ur
assimilation window); 4DVAR_6h (4DVAR with 1 hour assimilation window). The initial time
of the model is 00z on September 27, 2022.
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3. Results and discussion

The number of observation data with different types of observation data used in 3DVAR
and 4DVAR is shown in Table 1. With the 4DVAR assimilation window of 3 hours and 6
hours, it shows that the number of data used for 4ADVAR assimilation is more thah that o
3DVAR. The number of SYNOP data in 4DVAR increased to 322 data points at 3 hours and
648 data points at 6 hours. The number of METAR data also increased significantly. The
number of AMV satellite wind data increased to 3775 and 6294 data points as3ahdus
hours respectively, because this data is updated every hour. In particular, in 4DVAR assimi-
lation, there is an additional type of QSCAT data, which is sea surface wind data, which is
not available in 3DVAR. Besides, there are also data types mhatlrmost unchanged in
guantity in 4DVAR assimilation compared to 3DVAR, which are data from SOUND, PILOT,
BOGUS, SONDE, SHIPS sounding balloons. This shows the ability to assimilate more data
in 4DVAR compared to 3DVAR.

Table 1L Number of observation data used in 3DVAR and 4DVAR assimilation

Data type 3DVAR 4ADVAR 1h 4DVAR 3h 4DVAR 6h
Synopsis 316 316 322 648
METAR 105 137 347 664
SHIPS 20 20 21 27
SONDE_SFC 20 20 20 20
GEOAMV 1746 1746 3775 6294
SOUND 2368 2368 2368 2368
PILOT 7 7 7 77
BOGUS 258 258 258 258
QSCAT 0 0 1780 2007

Table 2 shows the average RMSE errors of the wind, temperature, humidity, and pres-
sure fields of the observed data and the data from the initial field (first guess field of the
model) of the model {a@); theaverage RMSE errors between the observed fields and the
3DVAR and 4DVAR analysis fields. Table 2 shows that almost all RMSES &) @re al-
ways smaller than RMSE og for all wind, temperature, humidity, and pressure fields. This
proves that 3DVAR and 4DVAR data assimilation both help improve the initial field of the
model.

Table 2 RMSE errors of the wind, temperature, humidity, and pressure between observed data and first
guess for 3DVAR and 4DVARL stations.

3DVAR 4DVAR 1h 4DVAR_3h 4DVAR_6h
ol g ol a ol g ol a ol g ol a ol g ol a
SYNOP

U(m/s) 2.0534 1.3619 1.5695 0.2454 15453 1.2684 1.7064 1.4143
V (m/s) 1.7026 1.2949 1.5481 0.296 1.5338 1.3607 1.6665 1.4076
T (K) 1.1606 0.9642 1.8106 0.5712 1.8062 1.6332 1.8484 1.7041
Q (kg/kg) 0.0019 0.0015 0.0017 0.0014 0.0017 0.0014 0.0017 0.0015
P(hPa) 1.0976 1.0171 1.1334 0.0354 1.173 1.0618 1.5589 1.1293
METAR
U (m/s) 1.667 1.4456 15965 1.378 1.5427 1.2209 1.6796 1.2037
V (m/s) 1.306 1.1382 1.2688 1.0883 1.4864 1.2131 1.5817 1.2208
T (K) 11923 0.9916 1.5553 1.345 1.4737 1.3348 1.711 1.5495
Q (kg/kg) 0.0021 0.0018 0.0019 0.0016 0.0019 0.0016 0.0019 0.0017
P(hPa) 0.6986 0.6167 0.8582 0.6939 1.0961 0.7979 1.1106 0.7676
SHIPS
U(m/s) 2.4637 2.7829 2.6044 2.9012 2.6044 2.9942 2.6421 3.0712
V (m/s) 3.5266 3.5759 3.628 3.7033 3.628 3.8104 3.4098 3.7151
T (K) 1.4026 1.3305 1.258 1.2079 1.258 1.2237 1.3846 1.3361
Q (kg/kg) 0.0021 0.0019 0.0018 0.0018 0.0018 0.0018 0.0019 0.0018
P (hPa) 3.7344 3.5327 3.6893 3.4035 3.605 3.3545 3.2894 3.0142
SONDE_SFC
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3DVAR 4DVAR 1h 4DVAR_3h 4DVAR_6h
oig oia oig oia oig ola oig ola
U (mls) 1.8139 1.2318 1.7749 1.378 1.7752 1.5209 1.7751 1.4833
V (m/s) 1.3559 1.1624 1.5134 1.1784 15116 1.3723 1.5118 1.3963
T (K) 1.0185 0.9504 1.3606 1.304 1.3606 1.2974 1.3606 1.3367
Q (kg/kg) 0.0014 0.0012 0.0012 0.0011 0.0012 0.0012 0.0012 0.0011
P (hPa) 1.2079 1.0791 1.14 1.1328 1.1416 1.167 1.1418 1.15
GEOAMV
U(m/s) 3.4532 3.1418 3.4532 3.1405 3.3912 2.9737 3.9322 3.4939
V (m/s) 3.1724 2911 3.1724 29225 3.138 2.8217 3.3681 3.0068
SOUND
U(m/s) 3.2573 2.4783 3.2656 2.4728 3.2653 2.4917 3.2656 2.5219
V (m/s) 3.1076 2.3887 3.1321 2.4267 3.1313 2.4542 3.1311 2.4841
T (K) 1.3052 0.8775 1.301 0.8852 1.3013 0.8968 1.3014 0.8943
Q (kg/kg) 0.0009 0.0007 0.0009 0.0008 0.0009 0.0008 0.0009 0.0008
PILOT
U(m/s) 2.6442 2.3732 2.6442 2.386 2.6442 2.4743 2.6442 2.5872
V (m/s) 2.3547 2.093 2.3547 2.0938 2.3547 2.1346 2.3547 2.158
BOGUS
U(m/s) 7.1416 5.6395 7.1416 5.659 7.1416 5.756 7.1416 5.8042
V(m/s) 4.4724 3.6813 4.4724 3.6563 4.4724 3.7306 4.4724 3.769
QSCAT
U (m/s) 1.6867 1.1001 1.7253 1.1178
V (m/s) 2.0798 1.1713 2.0911 1.2949

The RMSE (®a) in the 4DVAR_1h case is noticeably smaller than in the 3DVAR case
for SYNOP data. For other data types, the RMSE valuesimitar. In some instances, the
RMSE (d a) for ADVAR is larger than for 3DVAR, possibly due to differences in the amount
of data assimilated by the two methods, resulting in variations in average errors. A notable
exception is observed with AMV satellite wind data: despite 4DVAR_3h utilizingynea
2,000 more data points than 3DVAR (Figure 2h average RMSE (@) in 4DVAR is
smaller than in 3DVAR (Table 2). This suggests the significant role of AMV wind data in
enhancing the 4DVAR data assimilation pracesthis case.

3DVAR va 4DVAR 1h 4DVAR_3h

GEOAMV 105000 Pa -0 Pa GEOAMV 105000 Pa-0 Pa
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Figure 2. Distribution of AMV wind data points in the case of 3DVAR and 4DVAR. 3h

The above analysis compares the errors of the 3DVAR and 4DVAR background and
analysis fields with each type of observation data. arfedysis has shown the improvement
of the assimilated analysis field compared to the initial background field of the model with
the errors in the analysis fields being lower than the errors of the initial background field.
Next, the author analyzes the ogas of the entire domain of the analysis field compared to
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the initial background field of the model. This change is shown in the figures below. The
figures below show the increase of the temperature variables T (K), wind U, V (m/s), Q (g/kg)
of the assimilated analysis field compared to the initial field of tbeéet) also known as the
increment. Specifically, it is the calculation of the analysis field minus the initial background
field of the model. The analyses were performed at level 5 of the model, which is the fifth
level in a total of 34 vertical levels dding the atmosphere from the surface to the top of the
troposphere. At this level, the author finds that the values of the increments show relatively
clearly the difference between the analysis field and the background field.

Qn Ho"ng Sa Qn. Ho"ng Sa
EastSea EastSea

Qn. Tr€ ng Sa Qn Tr€ ng Sa

Qn. Ho"ng Sa Qn. Ho"ng Sa

EastSea EastSea
Qn Tr€ ng sSa Qn. Tr<€ ng Sa

Figure 3.3DVAR analysis results minus the background field at level 5 of the model with variables
T (K), U (m/s), V (m/s), Q (g/kg).

Figure 3 shows the increase in the 3DVAR analysis field compared to the initial field at
level 5 of the model. The temperature field here does not change much, the increase in tem-
perature ranges fror®.3 to 0.9 degrees K. The temperature decreases in the central area of
the East Sea and increases in the north of the calculation domain, over the mainland of China.
Similar to the humidity field Q, the change compared to the initial field is not mugingan
from -0.04 g/kg to 0.52 g/kg. The humidity fieldamly increases compared to the initial
field of the model, but the increase is not much. With the wind field, the meridional wind
speed U and latitudinal wind speed V have changes mainly around the center of the storm.
The wind field U has an increase afout-7 to 6 m/s, the wind field V has an increase of
about-3 to 4 m/s compared to the base field.

Figures 3, 4 shows that the increase of the analysis field using the 4DVAR method with
an assimilation window of 1 hour. With the dynamic window similar to the 3DVAR case.
The amount of observation data used in this case is almost the same as the 3D&/AR cas
can be seen that the change of the 4DVAR analysis field with an assimilation window of 1
hour has a distribution quite similar to the 3DVAR case in Figure 3. There is only a slight
change in the temperature and humidity distribution in Figure 4.

Figure 5 for 4ADVAR with 3h window time, the observation data used in this assimilation
case is larger than the two cases above. Thus, it can be seen that the change in the temperature
field T and the humidity field Q is larger in this case. The temperégldehas a change in
the distribution of the additional values. The humidity field in this case has an increased value
from about-1.4 to 1.6 g/kg. The increase in the humidity field accounts for the majority, the



