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1. Introduction
One of the problems of NWP system

model is the inaccurate of initial conditions 
models. Initial condition of NWP system is 
one that is closer to the actual atmospheric 

initial condition model that approaches the 
actual data of the atmosphere is by data 

for combining observations data  with an 

forecast) and their respective error statistics to 
provide an improved estimate (the analysis) of 
the atmospheric state (Skamarock et al., 2005; 
Talagrand, 1997). 

Indonesia Agency for Meteorology, 

the types of stations into the basic and the 
non-basic based on the obligation  insending 
the data. The basic station has the obligation 
to send data to the international and non-
basic station only has the obligation of data 
into a national system (BMKG, 2014). Data 
coming from the basic station is the one used in 
building global forecasting models. Utilization 
of observational data from non-basic station 
has not been made to establish a system of 
global NWP models. Data assimilation method 
is used to incoporate data observations from 
non-basic station into establishing the system of 
NWP models. Observation data itself is divided 
into two types i.e. surface and upper air data. 
Surface observation data are meteorological 
parameters up to a height of 10-meters, while 
the upper air observation data cover parameter 
up to a height of 10 kilometers (WMO, 2003).

The development of data assimilation 
method has improved weather prediction 
models. For instances, assimilation of 
observation data affects the predictions of 
planetary boundary layeras (PBL) heights as 
shown by Stauffer et al. (1991) who studied 
the effect of direct assimilation surface 
temperature by four-dimensional method of 
data assimilation (FDDA) resulting in reduced 
errors but the surface temperature can trigger 
high errors on the PBL height for changes that 

Alapaty et al. (2001) used assimilation method 
to increase the one-dimensional simulation 

the error model of PBL height. One method 
that has been known is the three-dimensional 

variational methods of data assimilation 
(3D-Var), which was introduced by Lorenc 

precipitation WRF models in Tanzania 
(Athumani, 2012). Using the method of 3D-Var 
assimilation from Automatic Weather Station 
(AWS) data produces little improvement on 
the prediction of meteorological parameters 
(Junaedhi, IG et al., 2008; Dash, SK et al., 2013; 
Hou, T et al., 2013; Sahu, DK et al, 2014). 3D-Var 
method has a disadvantage that is not sensitive 
to the uncertainty of the vertical limit (Gao et 
al, 2004). Development of data assimilation 
methods produce another method called 
the four-dimensional variational methods of 

advanced data assimilation which takes into 
account the observation data every hour (Yang 
et al., 2009; Banister, R.N., 2007).

WRF is a numerical weather forecast 
system designed for atmospheric research to 
weather forecasting. WRF has been developed 
by the National Center for Atmospheric 
Research (NCAR), the National Centers for 
Environmental Prediction (NCEP), Forecast 
Systems Laboratory (FSL), Air Force Weather 
Agency (AFWA), Naval Research Laboratory, 
University of Oklahoma and the Federation 
Aviation Administration (FAA) since late 1990 
(Skamarock et al., 2005). WRF allows researchers 
to generate atmospheric simulations based 
on real data observation. Part of WRF is used 
for the assimillation of the data referred to 
WRFDA (WRF Data Assimiation) (Skamarock 
et al., 2005).

This study will examine the difference 
impacts of the data assimilation using 
observation from the basic stations (bas), non-
basic stations (non-bas), upper air data (rason), 
all observation data (all) and observation 
data from NCEP in the format of BUFR by 
comparing between the value of root mean 

without data assimilation and with data 
assimilation. This study also analyzes the 
spatial distribution of bias in the form of the 
difference of initial conditions between models 
with data assimilated initial condition and the 
model without data assimilation (control).

2. Research Method
We used WRF model data with input

data from Global Forecasting System (GFS) 
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with a resolution of 0.5o x 0.5o. Observation 
data is divided into a basic stations data, non-
basic stations data, upper air observation data 
(rason) and observational data from NCEP in 
BUFR format.

NCEP data consists of a surface 
observation data, upper air observation data 
sent to the Global Telecommunication System 
(GTS), and data from satellites NESDIS 
(National Environmental Satellite Data and 
Information Service). This research will only 
be  focused in java island region on January 23, 
2015 at 00.00 UTC when. There 17 basic stations 
and 14 non-basic stations used in this study. 
Table 1 describes those stations. In addition, 
the only used rason data in Java is in Juanda 
meteorological stations.

in Figure 1. This study uses a background (
) and background error (B) WRF models. 

Background ( ) is the initial conditions of the 
model obtained from the simulation results in 
the WRF-GFS data input. Background error (B) 
is the statistical error of the model. Background 
errors are divided into: the global and regional 
background.

Background global error has been 
provided by the WRFDA. This study used the 
data assimilation with the background of global 
error that has been provided in the application 
WRFDA.  is an observation data used to data 
assimilation and error value of observation 
shown by the parameter R.

Figure 1.  Flowchart of data assimilation 

Table 1.

NO Station ID station Latitude Longitude Elevation Kind of Station

1  Serang 50 Basic

2  Curug Basic

3  Tj.Priok 2 Basic

4  Kemayoran 4 Basic

5  Cengkareng 8 Basic

 Citeko 920 Basic

7  Jatiwangi 108.27 42 Basic

8  Tegal 109.15 3 Basic

9  Cilacap -7.73 109.02 Basic

10  Tj.Emas 110.38 3 Basic

11  A.yani 110.42 3 Basic

12  Bawean -5.85 3 Basic

13  Tj.Perak -7.13 3 Basic

14  Juanda -7.37 112.77 3 Basic

15  Tj.Perak 2 -7.20937 112.74 3 Basic



115 et al.

NO Station ID Station Latitude Longitude Elevation Kind of Station

 Kalianget -7.05 113.97 3 Basic

17  Banyuwangi -8.21 114.35 43 Basic

18  Pondok Betung Non-Basic

19  Tangerang 14 Non-Basic

20  Dramaga 207 Non-Basic

21  Bandung 829 Non-Basic

22  Banjarnegara -7.318 109.71 Non-Basic

23  Semarang 110.42 227 Non-Basic

24  Karangploso -7.90139 112.597 Non-Basic

25  Tretes -7.7 832 Non-Basic

 Karangkates -8.15 112.45 325 Non-Basic

27  Sawahan -7.74 111.79 835 Non-Basic

28  Adi Sumarmo (AURI) -7.5 110.75 127 Non-Basic

29  Abdurahman Saleh (AURI) -7.917 112.7 523 Non-Basic

30  Atang Sanjaya (AURI) Non-Basic

31  Tunggul Wulung 109.05 21 Non-Basic

The intial condition ( ), the background 
error (B), and observation and the error (

) were used as input to the application 
WRFDA to assimilate the data and generate 

the new initial conditions ( ) after the model 

performed in (Table 2) :

Table 2

a. Resolusi 
b. Time step 
c. Domain 
d. Grid

        Utara-Selatan
        Timur-Barat
        Level vertikal  

e. 

g. Kumulus
h. Background error

9 km
45 s
one

120 grid
120 grid
33 level 
Thompson scheme (Thompson, 2004)
RUC 

Global (Barker et al., 2005)

The method used for the data assimilation 
is varitional three-dimensional analysis 
(3D-Var). Formula of 3D-Var is (Kalnay, 2003):

1 11 (
2

To o b bJ x y H x R y H x x x B x x                (1)

1 12 ( )
To o b bJ x y H x R y H x x x B x x                 (2)

1 12 (
To o b bJ x y H x R y H x x x B x x    (3) 

      
1 12 (

To o b bJ x y H x R y H x x x B x x     (4)
1 12

Tb b o b o bJ x x x B x x y H x H x x R y H x H x x  (5) 
  
Divide  (x-xb)Tto be :



et al. 116

ISSN: 0852-0682, EISSN: 2460-3945

1 1 1b T b T oJ x B x x H R H x x H R y H x                 (6) 
 
When  so,

1 1 1T b T oB H R H x x H R y H x  
11 12 7 T T ox H R H H R y H x                              (7)

  
J (x) is a function that calculates the 

cost dissimilarity between models with 
observational data surface. The calculation of 

where x and xb is an analysis of data expected 
and the data background. H is the observation 
operator, R is the observation error covariance 
operator, B is operator background error, y is 
an observation data and yo is observation data 
in the model grid.

3. Results and Discussions

assimilation to the initial conditions (initial 
condition) models with several different 
observational data source. Analysis of the data 

model is an important step for checking the 

prediction. Analysis of the impact of the initial 
condition the model is done by comparing 
the value of RMSE between initial condition 
without data assimilation against observational 
data (TA-O) and the initial conditions of models 

with data assimilation (bas, non-bas, rason, 
sma, and BUFR) against observation data (AO).

data assimilation. Table 4 shows the changes of  
RMSE value for temperature from 2.0 oC (WA) 
to 1.7 °C (bass), 1.9 °C (non-bass), 2.4 oC (rason), 
1.7 oC (all), and 1.7 °C (BUFR). For dewpoint 
temperature RMSE values have changed from 
2.1 °C (WA) to 1.4 ° C (bass), 1.5 °C (non-bass), 
1.9 oC (rason), 1.4 oC (all), and 1.5 °C (BUFR). 
The RMSE value for RH have changed from 

% (rason), 3.7 % (all), 3.5 % (BUFR). Almost all 
condition with data assimilation have RMSE 
value that are smaller than the initial condition 
without data assimilation. Data assimilation 
with rason generate increased RMSE for 
temperature parameters. This occurs because 
only one station used in data assimilation. 
While data assimilation with bass, all and 
BUFR have the smallest RMSE values   for the 
third parameter (temperature, dewpoint, and 
relative humidity) weather among other data 
assimilation.This chapter contains the results 
of research. 

Table 2. 

Figure 2 shows the estimation temperature 
bias at a height of 2 meters of the initial condition 
of the models with assimilation against initial 
condition of without assimilation. In general, 
all experiment of data assimilation resulted 
positive value of bias value for the eastern 
part of Java and negative bias for the region of 
western Java.

On the data assimilation BUFR provides 
a broad impact on the parameters indicated 
surface temperature of the surface temperature 

distribution bias initial condition of data 
assimilation models BUFR the initial condition 
of assimilation model without reaching areas 
outside Java.

4. Conclusion 

methods of 3D-Var to the initial conditions 
lead to a decrease of RMSE values of initial 
condition model for estimating surface weather 
parameter (surface temperature, dewpoint, and 
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relative humidity). The best data assimilation 
used for decreasing RMSE value of the initial 
condition model are the ones that used data 
from the basic station, surface observation 
data from all stations, and data BUFR from 

data assimilation are also spatially visible for 
the surface temperature estimation which 
underestimated after data assimilation in the 
western part of Java and overestimated in the 
eastern part of Java. 

Figure 2. Bias temperature estimation model of assimilation 2m initial conditions (a) bass, (b) rason, (c) non, (d) 
BUFR, and (e) all against without assimilation (control).
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