Impact of additional surface observation network
on short range weather forecast during summer
monsoon 2008 over Indian subcontinent
Prashant Kumar∗ , Randhir Singh, P C Joshi and P K Pal
Meteorology and Oceanography Group, Space Applications Centre (ISRO), Ahmedabad 380 015, India.
∗
e-mail: kam3545@gmail.com
prashant22@sac.isro.gov.in

The three dimensional variational data assimilation scheme (3D-Var) is employed in the recently
developed Weather Research and Forecasting (WRF) model. Assimilation experiments have been
conducted to assess the impact of Indian Space Research Organisation’s (ISRO) Automatic Weather
Stations (AWS) surface observations (temperature and moisture) on the short range forecast over
the Indian region. In this study, two experiments, CNT (without AWS observations) and EXP
(with AWS observations) were made for 24-h forecast starting daily at 0000 UTC during July
2008. The impact of assimilation of AWS surface observations were assessed in comparison to
the CNT experiment. The spatial distribution of the improvement parameter for temperature,
relative humidity and wind speed from one month assimilation experiments demonstrated that
for 24-h forecast, AWS observations provide valuable information. Assimilation of AWS observed
temperature and relative humidity improved the analysis as well as 24-h forecast. The rainfall
prediction has been improved due to the assimilation of AWS data, with the largest improvement
seen over the Western Ghat and eastern India.

1. Introduction
The problem of determining a physically consistent and accurate snapshot of the atmosphere is
the central aim of numerical weather prediction
(NWP). In succeeding decades, with progress in
both computing power and optimization strategies,
more sophisticated constraints and more diverse
observations have been included in NWP. Obtaining an accurate model at the initial state is recognized as one of the biggest challenges in model
prediction of weather events. The rapid growing
computer power has led to finer resolution NWP
models, which are able to resolve mesoscale features and thus to give more precise forecasts.
Automatic Weather Stations (AWS) for surface
level meteorological observations are valuable data
sources for mesoscale data assimilation and forecasting (Ruggiero et al 1996). Assimilating surface

observations into NWP models significantly reduced modelling errors in the atmospheric boundary layer (Alapaty et al 2001). Although surface
observations do not produce direct observations of
the upper air, Yee and Jackson (1988) have outlined a scheme where differences between surface
observations and the bottom layer model forecast
can be used to adjust the other model layers. Since
AWS data is influenced by topography, there exists
large difference between observation (AWS) and
model surface elevation and AWS elevation is corrected here before assimilation. Not much work has
been done to assimilate these data into numerical models compared to other data (radiosonde,
satellite or radar data). Guo et al (2002) developed an observation operator and its corresponding adjoint to assimilate AWS surface observations,
based on the similarity theory and performed some
sensitivity experiments with surface data with
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Figure 1. Distribution of ISRO’s AWS during July 2008.

MM5 3D-Var system. They showed that 3D-Var
assimilation of high-resolution Korea Meteorological Administration (KMA) AWS data could substantially improve the model skill in short-range
prediction of heavy precipitation over the Korean
peninsula.
Indian Space Research Organization (ISRO)
has recently deployed a high-density network of
AWS over whole of India to collect real-time observations of surface meteorological parameters
including temperature, wind speed and direction, relative humidity, pressure, and rainfall at
high temporal resolution. There are almost more
than 950 ISRO’s AWS stations in India, while
many more are planned to be installed in future
to enhance the observation system comprehensively. Detailed location of AWS can be seen
on website: http://www.mosdac.gov.in. The primary purpose for the deployment of the AWS
is to support high resolution operational forecasting. In the present study, we have used
the Weather Research and Forecasting (WRF;
Skamarock et al 2008) model, to investigate
the potential impact of ISRO’s AWS data on

short-range forecasts. In this paper, section 2
describes the data used for the assimilation in
this study. The description of WRF model, assimilation methodology, and the design of numerical experiments are discussed in section 3. The
initialization and simulation results are shown
in section 4. The results are summarized in
section 5.
2. Data used for assimilation
As initiated by ISRO’s Prediction of Regional
Weather with Observational Meso-Network and
Atmospheric Modeling (PRWONAM) programme,
the ISRO has installed AWS stations (figure 1)
throughout India to increase the high resolution
observational network. The low-cost AWS is compact, modular, rugged and capable of operating
with minimum power from battery and solar panel
for extended periods in the field conditions even
in remote areas where power supply and communication facilities are not available. AWS can continuously record weather data like temperature,
atmospheric pressure, wind speed and direction,
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Figure 2. Histogram of (a) background departure (O−B) for temperature, (b) analysis departure (O–A) for temperature,
(c) background departure (O–B) for specific humidity, and (d) analysis departure (O–A) for specific humidity at 0000 UTC
1 July 2008.

rainfall, relative humidity, solar radiation, etc.
The data from a large number of AWS located
across the country collected through the Data
Relay Transponder onboard the ISRO’s INSAT
(Kalpana-1 and INSAT-3A) satellites. The data logger measures each input once per second except for
barometric pressure, which is measured once per
minute. The data logger produces 1- and 30-min
vector-averaged wind speed and direction, air temperature and relative humidity. The observed data
are archived at Meteorological and Oceanographic
Satellite Data Archival Centre (MOSDAC) of
Space Applications Centre, ISRO. In addition to
AWS, radiosonde, ships, NASA Quick Scatterometer (QuikSCAT) wind, and Special Sensor Microwave/Imager (SSMI) wind and Total Water Precipitation (TWP) observations were used for the
assimilation.
3. WRF model and assimilation
methodology
3.1 WRF model
The forecast model used in this study is
the Weather Research and Forecasting (WRF;
Skamarock et al 2008) model version 3.1. WRF is
a limited area, non-hydrostatic, primitive equation

model with multiple options for various physical
parameterization schemes. This version employs
Arakawa C-grid staggering for the horizontal grid
and a fully compressible system of equations. The
terrain following hydrostatic pressure coordinate
with vertical grid stretching was followed in vertical. The time-split integration uses 3rd order
Runge-Kutta scheme with a smaller time step for
acoustic and gravity wave modes. The WRF physical options used in this study consists of the
WRF Single Moment 3-class simple ice scheme
for microphysics (WSM3), which is similar to that
used by Lin et al (1983); the new Kain–Fritsch
(Kain 2004) cumulus convection parameterization
scheme; and the Yonsei University (YSU) planetary boundary layer scheme (Hong and Pan 1996;
Hong and Dudhia 2003). The Rapid Radiative
Transfer Model (RRTM; Mlawer et al 1997) and
Dudhia scheme (Dudhia 1989) were used for longwave and shortwave radiations, respectively. All
experiments were conducted with nested domain;
outer domain (long.: 32.7◦ –121.2◦ E, lat.: 26.1◦ –
52.3◦ N) consisting of 330×330 grid points with
30 km horizontal grid resolution and inner domain
(long.: 65.6◦ –100.5◦ E, lat.: 5.8◦ –37.8◦ N) contains
391×391 grid points with 10 km horizontal grid
resolution. The model had 36 vertical levels
with the top of the model atmosphere located at
10 hPa.
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et al 2008) was used in the present study. The
WRF 3D-Var were developed from the MM5
3D-Var (Barker et al 2004), but the basic software interface and coordinate framework were fully
updated for the WRF model. The configuration
of the WRF 3D-Var system is based on an incremental formulation producing a multivariate incremental analysis in the WRF model space. The
incremental cost function minimization is performed in a preconditioned control variable space.
The preconditioned control variables used in
this study were stream-function, velocity potential, unbalanced pressure and specific humidity.
Statistics of differences between 24 h and 12 h
forecasts are used to estimate background error
covariances matrix via the National Meteorological
Center (NMC) method (Parrish and Derber 1992;
Wu et al 2002). Representation of the horizontal component of background error is via horizontally isotropic and homogeneous recursive filters.
The vertical component is applied through projection onto climatologically averaged eigenvectors of
vertical error estimated via the NMC method. A
detailed description of the 3D-Var system can be
found in Barker et al (2004).
3.3 Design of numerical experiments
Two experiments were performed daily at
0000 UTC during July 2008 using WRF 3DVar (with and without assimilation). Instead of
directly using the National Centers for Environmental Prediction (NCEP) FNL analysis for the
first guess (FG), 6-h WRF forecasts valid at
1800 UTC initialized using the NCEP FNL analysis at 1200 UTC were used as the FG for all 3D-Var
experiments. From 1800 UTC to 0000 UTC,
3-hourly data assimilation cycling was performed.
Prior to data assimilation, all data underwent
quality checking process in order to reduce the
possibilities of assimilating bad observations. The
NCEP FNL analysis with 1◦ ×1◦ resolution was
utilized for the model boundary conditions for all
the experiments. A 24-h forecast was made daily
from 0000 UTC during July 2008 with CNT (without AWS data) and EXP (with AWS data) initial
conditions.

Figure 3. Spatial distribution of improvement parameter
in analyzed 850 hPa (a) temperature, (b) relative humidity,
and (c) wind speed at 0000 UTC during July 2008.

3.2 Assimilation methodology
The WRF three-dimensional variational data
assimilation system, WRF 3D-Var (Skamarock

4. Assimilation results
4.1 Overview of the fit to observations
In a successful assimilation, the analysis departures
(observed minus analysis; also known as O–A) are
smaller than the first guess departures (observed
minus background; also known as O–B). Figure 2
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Figure 4. Spatial distribution of improvement parameter for 850 hPa temperature 24-h forecast.

shows the histogram of first guess and analysis departures for AWS temperature and specific
humidity at 0000 UTC, 1 July 2008. The first guess
and analysis departures have root mean square
difference (RMSD) of 2.65 and 1.95 K, respectively. The mean differences are reduced from
−2.07 K (O–B) to −1.29 K (O–A). In case of
specific humidity, the mean differences are reduced
from −0.45 gkg−1 (O–B) to −0.24 gkg−1 (O–A),
while RMSD is decreased from 0.90–0.77 gkg−1 .
This shows that analysis better matches with the
observations than background, which confirms the
successful assimilation of AWS observations with
WRF 3D-Var.
4.2 Impact of AWS data on the analysis
Figure 5. Domain averaged RMSD for 850 hPa temperature for different forecast time and square shows the percentage improvement.

To estimate the improvement due to assimilation of AWS data, we have computed the spatial
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Figure 6. Spatial distribution of improvement parameter for 850 hPa relative humidity 24-h forecast.

distribution of improvement parameter (η) in temperature (K), relative humidity (%) and wind
speed (m/s) between EXP and CNT produced
analyses. The improvement parameter used to
quantify the improvement is given below.
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where C is the analysis produced without AWS
data and E is the analysis produced with the assimilation of AWS data and O is the NCEP analysis,

where superscript a represents the analysis and N
is the total number (30 in this case) of analyses.
Figure 3(a–c) shows the improvement parameter in initial temperature, relative humidity and
wind speed at 850 hPa. The positive (negative)
values of η show the improvement (degradation)
in the analyzed fields due to the assimilation of
AWS data. The assimilation of AWS data shows
improved temperature analysis (figure 3a) over the
Bay of Bengal and southern part of India, while
over some parts of eastern India, the assimilation of
AWS data degraded the temperature analysis. Similarly, the improved analysis of moisture (figure 3b)
is obtained over western region of India and Bay
of Bengal after assimilation of AWS data. It is
interested to see that analysis is improved over
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4.3 Impact of AWS data on the forecast
Here we have considered RMSD in the forecast
fields as a standard measurement for evaluating
model performance. The NCEP analysis and AWS
data have been used for computing the RMSD in
the CNT and EXP predicted temperature, moisture and wind speed. We have analyzed the spatial
distribution of RMSD in the 24 h predicted temperature, moisture and wind speed. As in the analysis,
we have also computed the improvement parameter in the forecasts. The improvement parameter
(δ) used to quantify the improvement in the forecast is given below.

Figure 7. Domain averaged RMSD for 850 hPa RH for
different forecast time and square shows the percentage
improvement.

δ =
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the Bay of Bengal as well as over Gangetic region,
where there was no AWS data available. The information content of AWS observations is advected
from data-rich to data-poor areas with the help
of data assimilation in cyclic mode. In the cyclic
data assimilation, model integrates forward in time
and the information content propagates with the
model flow. Advection of observations from data
rich regions to data sparse regions via assimilation/model dynamics has also been emphasized by
earlier studies (Ehrendorfer 1992; Wang et al 2008;
Rakesh et al 2009a, 2009b).
The useful AWS informations were advected
from land region (e.g., Tamil Nadu and Kerala
coast) to the Bay of Bengal by strong westerly
flow over the southern part of India. The improved
analysis and forecast over Gangetic region might
have been due to the advection of information
(from Bay of Bengal) by Bay of Bengal branch
of the monsoon that is diverted westward up the
Gangetic region of India. The negative impacts
of AWS data on moisture fields are seen over
Maharashtra and some isolated pockets over Tamil
Nadu. One of the reasons of slight negative to
neutral impact of AWS data over these data rich
regions may be the fast advection of the AWS
informations from these regions. Another reason
may be the specifications of the background and
observations error statistics in the assimilation system. In the present study, though the AWS winds
were not assimilated, still some improvements are
seen in the analyzed winds over Central India and
Western Ghats (figure 3c), which may be due to
the multivariate nature of WRF 3D-Var. Results
were also analyzed for the 300 hPa, which showed
that the impact of AWS data was positive but less
in magnitude as compared to the 850 hPa.

1/2

,

(2)

where C is the forecast produced without AWS
data and E is the forecast produced with the assimilation of AWS data and O is the observation (AWS
for surface and NCEP analysis for 850 hPa), where
superscript f represents the forecast and N is the
total number of forecasts, which are 30 in this case.
A positive (negative) value of δ indicates improvement (degradation) in the forecast due to AWS
data assimilation as compared to CNT.
4.3.1 Temperature
The analysis of δ indicates (not shown) that AWS
data has positive impact on 2-m temperature forecasts over northern and southern parts of India and
negative impact over eastern India. The 24-h predicted 850 hPa temperature from both the experiments has been compared with the NCEP analysis.
The assimilation of AWS data showed improved
temperature prediction (figure 4; positive area is
more than negative area) as compared to the control. The largest improvement is seen in northern
India and Bay of Bengal. Figure 5 shows temporal
(6 hourly) evolution of the domain averaged RMSD
for CNT and EXP predicted 850 hPa temperatures. With respect to NCEP analysis, the RMSD
in predicted temperature is lower (figure 5) in case
of AWS data assimilation experiment than control.
4.3.2 Relative humidity
The 24 h predicted relative humidity (RH) at 2 m
height from both the experiments was compared
with AWS observed RH. The geographical distribution of δ (not shown) for different parts of
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Figure 8. Spatial distribution of improvement parameter for 850 hPa wind speed 24-h forecast.

the domain specify that AWS data has positive
impact on predicted 2-m RH over northern and
southern parts of the domain and small pockets of
negative impact are seen over eastern part of the
domain. We have also compared the 24 h predicted
850 hPa RH from CNT and EXP experiment with
the NCEP analysis. Compared to the control run,
the assimilation of AWS data positively (figure 6)
impacted the 24 h prediction of 850 hPa relative
humidity. The largest positive impact is seen over
northern part of India and Bay of Bengal. Figure 7
shows the temporal (6-hourly) evolution of the
domain averaged RMSD for CNT and EXP predicted 850 hPa RH. Compared to NCEP analysis,
the RMSD in the predicted RH is lower in EXP
than in CNT.

4.3.3 Wind speed
The 24 h predicted 850 hPa wind speed (figure 8)
from both the experiments was compared with the
NCEP analysis. Spatial distribution of improvement parameter (δ) shows that the assimilation
of AWS relative humidity and temperature also
influenced the wind speeds positively, particularly
over Western Ghats and eastern India. Some isolated pockets of negative impact are seen over
south-eastern part of the domain.
4.3.4 Rainfall
Tropical Rainfall Measuring Mission (TRMM)
3B42 V6 product (Haddad et al 1997; Adler et al
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Figure 9. Accumulated rainfall for the month of July 2008 from (a) TRMM (cm), (b) CNT (cm), (c) TRMM-CNT (cm),
and (d) improvement parameter (cm).

2000) was used for the verification of the model
predicted rainfall over land as well as Oceanic
region. The TRMM rainfall used for validation is
at 3-h temporal resolution and 0.25◦ ×0.25◦ spatial resolution. The model-predicted rainfall for the
inner domain was resampled to 25 km (using bilinear interpolation) in order to compare it with the
TRMM rainfall. TRMM 3B42 algorithm’s 3-h rain
rate is converted to accumulated rainfall assuming constant rain rate over 3 h. The monthly (July
2008) rainfall from TRMM (figure 9a) showed that
the maximum monsoon rainfall was observed over
the west coast of peninsular India, head Bay of
Bengal and Gangetic Plain. Less precipitation was
observed over central India, the eastern coast of
southern peninsular India, and northwestern part
of India. The accumulated rainfall from model
(CNT) 24-h forecast is given in figure 9(b). The
difference plot (figure 9c) of accumulated rainfall
from TRMM and 24-h forecast (CNT) showed that
CNT underpredicted the rainfall in southern region
of Bangladesh, western and southern parts of India

and overestimated in Western Ghats and eastern
India. For the quantitative assessment of improvement (degradation) due to the assimilation of AWS
data as compared to CNT, we have computed
the spatial distribution of improvement parameter.
It is clear from the figure 9(d) that the rainfall
prediction was improved (relative to the control
simulation) by the incorporation of AWS data.
Assimilation of AWS data improved the 24-h rainfall prediction over the west coast of India and
eastern India. This impact is mainly due to the
improvement in the lower level moisture fields.
Over southern India and northeast India, compared to the control simulation, the rainfall is
improved with the assimilation of AWS data. This
is because the relative humidity and wind speed
(figure 8) are better predicted in case of AWS data
assimilation run. Though, some degradation is seen
in the temperature prediction at surface due to
the assimilation of the AWS data. In addition to
TRMM, the model predicted rainfall is compared
with IMD observed rainfall over the land area.
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Figure 11. (a) Equitable threat score (ETS) and (b) bias in
rainfall prediction with corresponding TRMM observations
for different rainfall thresholds.

Figure 10. Accumulated rainfall for the month of July 2008
from (a) IMD (cm), (b) IMD-CNT (cm), and (c) improvement parameter (cm).

The daily precipitation produced by the model (regridded at 1◦ ×1◦ resolution) is compared with the
daily gridded rainfall data of India Meteorological
Department (IMD) at 1◦ ×1◦ resolution (Rajeevan
et al 2006) for the land areas. The monthly (July
2008) rainfall from IMD, the difference plot of
accumulated rainfall from IMD and 24-h forecast
(CNT) and the quantitative assessment of improve-

ment (degradation) due to the assimilation of AWS
data as compared to CNT are given in figure 10.
The large scale difference pattern between IMD
and model (CNT) predicted rainfall is similar to
that of difference between TRMM and CNT, which
shows that TRMM and IMD rainfall are closely
matching with each other. Most of the regions, the
rainfall prediction was improved (figure 10c; relative to the control simulation) by the incorporation of AWS data in the 24-h rainfall prediction
over the west coast of India, southern and eastern
India.
Another way of verifying a precipitation forecast is through the use of the equitable threat
score (ETS) and bias statistics, both of which
are based on a contingency table approach (Colle
et al 1999). To examine the performance of CNT
and EXP in reproducing the frequency of occurrence of rainfall events at or above a precipitation
threshold, we have computed statistical skill scores
(bias scores [BSs] and ETSs) for 24-h accumulated
rainfall predictions. Similar to the previous results,
these statistics are obtained by comparing 30 samples of daily accumulated rainfall predictions from
both experiments with corresponding observed
(from TRMM and IMD) rainfall for the period
2–31 July 2008 at various rainfall thresholds.
Figure 11 shows the ETS and BS computed using
TRMM data as the observed rainfall for different
thresholds for the control and assimilation runs. It
is seen from figure 11(a) that 24-h forecast from
the WRF showed poor skill in reproducing the frequency of occurrence of accumulated rainfall at
higher thresholds. Model skill deteriorated rapidly
with rainfall threshold. For the 24-h accumulated
rainfall, the marginal improvement (figure 11a)
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lation of AWS data positively influenced on 2-m
temperature and RH forecasts over northern and
southern parts of India and largest improvement is seen in northern India and the Bay of
Bengal. The rainfall prediction was also improved
(marginally), relative to the control simulation, by
incorporation of AWS data. Assimilation of AWS
data improved the 24-h rainfall prediction over the
west coast of India and eastern India. This impact
is mainly due to the improvement in the lower
level moisture fields. Thus, increasing numbers of
AWS can be viewed as a positive step towards the
high resolution numerical modelling for short range
forecast.
Acknowledgements
Figure 12. (a) Equitable threat score (ETS) and (b) bias in
rainfall prediction with corresponding IMD gridded observations for different rainfall thresholds.

in the ETS has been seen with the assimilation of
AWS data as compared to the CNT. Compared
with TRMM, both (CNT and EXP) overestimate
(figure 11b; bias score is more than 1) the rainfall.
The bias remains same in both the runs, and is not
improved much with the assimilation of AWS data.
Figure 12 shows the ETS and BS computed using
IMD data as the observed rainfall for different
thresholds for the CNT and EXP runs. The model
with the AWS data assimilation shows better skill
in predicted rainfall over all the thresholds than
without AWS data assimilation. This confirms the
positive impact of the AWS data on the simulation
of Indian summer monsoon rainfall. Performance
of WRF model for the short range prediction of
Indian summer monsoon rainfall has been examined by Das et al (2008) and Rakesh et al (2009a,
2009b). Rakesh et al (2009a, 2009b) have also
reported similar kinds of ETS.
5. Summary
Weather Research and Forecasting (WRF-ARW)
model and its 3D-Var assimilation system are used
to assess the impact of the assimilation of AWS
surface observations on model forecasts over the
Indian region during the 2008 summer monsoon.
The CNT and EXP forecasts are made for 24-hour
each day starting at 0000 UTC from 1–30 July
2008 where the control run served as a baseline for
verifying the assimilation experiments.
With the assimilation of AWS data, improvements are observed in analyzed lower level temperature and relative humidity, whereas minor
improvements are found in wind speed. Assimi-
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