GFCS’s Contributing Project:

Implementation of Drought Early-Warning System over
IRAN (DESIR)

IRIMO's Committee of GFCS,
National Climate Research Institute (CRI), Mashad, I. R. of Iran

Implementation of Drought Early-Warning System over IRAN (DESIR)

Contents

Chapter

Subject

Page

Summary

3

1

Introduction

5

2

Data

6

3

4

5

2.1. Model data

6

2.2. Composite Observation-APHRODITE data

7
13

Methods
3.1. Post processing

13

3.2. Results

18
23

Drought prediction
4.1. Precipitation forecast

23

4.2. Drought (SPI) forecast

25

Outcomes

29

Acknowledgment

30

References

31

List of abbreviations

32

2

Implementation of Drought Early-Warning System over IRAN (DESIR)

Summary
Iran’s precipitation is approximately one third of global average. Recent
studies confirm that temporal and spatial distribution of the monthly rainfall has
been changed in recent years. Water scarcity has many environmental and socioeconomic impacts over Iran, especially over southwest basins of Iran. Unlike
floods that have limited coverage areas, water scarcity impacts on vast regions.
Due to increasing global mean temperature, frequent droughts, and increasing
population, water and its consumption has become important. This may even
become more significant in those countries where the volume of rainfall is limited.
The occurrence of drought is one of the main reasons of the water crisis, in this
regard, implementation of a drought early warning system is the most important
priority of the I. R. of Iran Meteorological Organization (IRIMO). In parallel with
the objectives of Global Framework of Climate Services (GFCS), the proposed
project of National Climate Research Institute (Mashad Climate Center) on the
prediction of seasonal precipitation and Drought Early warning System over
Iran(DESIR) has been approved by IRIMO’s National Committee of GFCS in
November 2013. The project aims to build capacity for improved national climate
services, drought risk reduction in agriculture and water resource sectors and to
produce knowledge-based information for policy makers to develop adaptation and
mitigation strategies. The project also is the first pilot project of National GFCS’s
Committee in Iran. Because of the importance of Iran’s southwest watersheds in
water and power supply, the project has been done over this region. It has been
hosted by and funded by the I. R. of Iran Meteorological Organization (IRIMO),
Atmospheric Science and Meteorological Research Center (ASMERC), National
Drought Warning and Monitoring Center (NDWMC), Khuzestan Water and Power
Authority (KWPA) and IRIMO’s international cooperation division.
Main components of the project are as bellow:
 Producing high resolution gridded precipitation data over southwest of
Iran,
 Calibration of monthly to seasonal reforecast gridded data output from
Climate Forecast System (CFS v.2) model,
 Investigation of the statistical relationship between observed gridded
precipitation and other related gridded reforecast data such as
3
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precipitation, temperature, humidity and other related dynamical
output,
 Implementation of monthly historical relationships into model
forecast to produce weighted based precipitation forecast over the
region,
 To produce 3-monthly drought early warning maps over the basin by
computing Standard Precipitation Index (SPI) using monthly
precipitation forecast data,
 To broadcast the results to stakeholders by holding NCOF, providing
newsletter and announcing via media.
It is expected that after handover of the project, it can be implemented
in all over Iran and also west Asian countries and other countries located in
ECO region under ECO-RCRM program.
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1. Introduction
Iran has a variable climate and its mean annual precipitation is about 250
mm. The major exceptions are higher mountainous area of Zagros, Alborz and the
Caspian coastal plain, where mean annual precipitation is more than 500 mm. In
the western part of the Caspian Sea, rainfall exceeds 1500mm annually and is
distributed relatively evenly throughout the year, which is in contrast with some
basins in the Central Plateau that receive less than 100mm of precipitation. The
climate of Iran has experienced gradual warming of approximately 0.5 oC during
1961-2000. In recent years, Iran has experienced many extreme weather and
climate events such as heavy flooded weather systems and droughts. Frequent
occurrences of drought in Iran and its harmful impacts on agriculture and water
resources management, significantly increased the need to set up a drought early
warning and prediction system. Also, the west and central parts of Iran have
experienced sand and dust storms in recent years due to extreme drought
conditions in the West Asia. 15 percent of all Iran’s electricity is supplied by
hydro-power plants which are located in the southwest of the country. Southwest
basin consists of three watersheds of great Karun, Karkheh and Jarrahi-Zohrehand
which covers 30 percent of provinces of the country including Isfahan,
Chaharmohal-bakhtiari, Khuzestan, Kogiluyeh-buyerahmad, Lorestan, Markazi,
Fars, Hamedan, This basin is responsible for more than 40 percent of Iran’s surface
water resources. In this regard, GFCS Committee of IRIMO has approved the
project entitled “Drought Early-warning System over IRAN (DESIR), phase 1:
Southwest basin” aims to issue monthly precipitation forecast and seasonal drought
early warning over southwest of Iran. The results of the project will be extended all
over the country in other phases, after validation of the project.
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2. Data
There are many researches on the monthly to seasonal prediction of
precipitation, but the numbers of researches involving drought prediction using
dynamical model outputs are limited. As the early warning of drought condition in
the future months can help in water supply management over Iran, therefore, most
of the researches use the statistical approaches including regression, time series,
fuzzy, fuzzy-logic, neural network and genetic algorithm for post processing of
seasonal forecast model to predict the drought conditions of about 3 months to less
than one year in advance.
Two types of data are used in this project. The first is composite
observation-APHRODITE1 monthly gridded precipitation data to calibrate the
statistically seasonal forecast model. The second type of data is gridded
meteorological parameters in the form of GPV2 retrieved from seasonal forecast
model.
2.1. Model data:
The NCEP Climate Forecast System version 2 (CFSv2), was made
operational on March 30, 2011. A ubiquitous feature of dynamical models of the
atmosphere and/or ocean is the existence of a climate drift that manifests itself as
appreciable systematic errors. These errors limit the effectiveness of the models in
almost all its applications. The systematic errors are not only visible in the
ensemble or time-mean fields, but are equally disturbing for the variability in the
models. To increase the usefulness of the CFS forecasts, it is therefore imperative
to have access to a forecast climatology that is available at all forecast lead times.
Since the CFSv2 is used for forecasting on the daily, monthly and seasonal time
scales, smoothed forecast climatology of the annual cycle has been prepared. A set
of retrospective forecasts (the CFSv2 hindcast data set) which constitutes an
integral part of the CFS, has been used for this purpose. Since the CFSv2 hindcast
data set spans the 29 years from 1982 to 2010, the climatology is based on 29-yrs
instead of the WMO standard of 30-yrs (Saha et al, 2011).

1

Asian Precipitation - Highly-Resolved Observational Data Integration Towards Evaluation (APHRODITE)
2 Grid point Value
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Table 1. Description of five types of files created every 6 hours in CFS v.2 (Level 1 data)

2.2. Composite Observation-APHRODITE data
Accurate measurements of precipitation on a variety of space and time scales
are important, not only to weather forecasters and climate scientists but also to a
wide range of decision makers, including hydrologists, agriculturalists, emergency
managers, and industrialists. Historical observation dataset is essential for
calibration of seasonal forecast model outputs. Due to low density of observation
networks in the southwest of Iran, a composite gridded observation-APHRODITE
dataset has been created.
The APHRODITE project develops state-of-the-art daily precipitation
datasets with high-resolution grids for Asia. The datasets are created primarily with
data obtained from a rain-gauge-observation network. The status of data collection
and the domains we use to create the daily grids are shown on the Products page.
APHRODITE's Water Resources project has been conducted by the Research
Institute for Humanity and Nature (RIHN) and the Meteorological Research
Institute of Japan Meteorological Agency (MRI/JMA) since 2006.
APHRODITE’s daily gridded precipitation and temperature is the only longterm (1951 onward) continental-scale daily product that contains a dense network
of daily rain-gauge data for Asia including the Himalayas, South and Southeast
Asia and mountainous areas in the Middle East. Our number of valid stations was
between 5000 and 12,000, representing 2.3 to 4.5 times the data available through
the Global Telecommunication System network, which were used for most daily
grid precipitation products. The product contributes to studies such as the diagnosis
of climate changes, evaluation of Asian water resources, statistical downscaling,
forecast improvements, and verification of numerical model simulation and
7
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satellite precipitation estimates. The data are available free of charge and are easy
for GrADS and netCDF users to handle. We attach information of the density of
station data on each grid for each day with the daily precipitation and temperature
product, so that users know whether a grid box is close to an observation point or
has an interpolated value. Therefore, APHRODITE precipitation data can be used
as a benchmark for various estimations of gridded precipitation (Yatagai et al,
2012; Yasutomi et al, 2011).

Figure 1. Domain of the APHRODITE. Red, green and blue dots show stations corresponding to
original rain-gauges, precompiled datasets, and from global telecommunication system, respectively.
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Figure 1. Spatial distribution of gridded rain-gauge data in the APHRODITE project over Iran.

Bodagh-Jamali has validated both APHRODITE and PERSIANN
precipitation dataset over Iran. PERSIANN satellite-based rainfall data were
validated through comparison with the APHRODITE surface-based precipitation
data. The validation was carried out for annual and seasonal precipitation, as well
as an inter-annual comparison. Our analysis was based on a visual comparison and
a statistical approach, including linear regression and spatial correlation between
APHRODITE and PERSIANN datasets for each 0.25°×0.25° grid cell in the entire
country, in the Caspian Sea region, and in the Zagros Mountains, indicating spatial
correlation coefficients of 0.62, 0.62, 0.47, respectively. Both APHRODITE data
and PERSIANN data showed that spatial distribution of mean annual and seasonal
precipitation over Iran has two main patterns: along the Caspian Sea and along the
Zagros Mountain chain. As shown if figure 2, In general, PERSIANN
underestimates high rainfall rates by 5.5 mm/day in winter but overestimates the
low rainfalls in annual and seasonal scales by 0.9 mm/day in summer (BodaghJamali, 2015).
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Figure 2. Comparison of annual average areal precipitation by APHRODITE (blue dashed line)
and PERSIANN (red solid line) over Iran from 2001 to 2007(Bodaghjamali, 2015).

Figure 3 shows monthly time series of APHRODITE and area averaged
observation data over southwest of Iran. As it can be seen there is a good
correlation between these two dataset. The resolution of the grid cells are the same
with APHRODITE with 0.5×0.5 degree.
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Figure 3. Comparison of monthly APHRODITE and area averaged observation data over
Southwest of Iran.
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Figure 4 shows scatter plot between monthly APHRODITE and area
averaged observation precipitation. Statistical parameters derived by the use of a
linear-regression method and the spatial correlation coefficients between mean
monthly rainfall in area averaged observation and APHRODITE is 0.98. The
correlation coefficients show the higher ability of APHRODITE to detect mean
annual rainfall in the region.

Figure 4. Scatter plot between monthly APHRODITE and area averaged observation precipitation
over southwest of Iran during 1987-2007.

Seasonal spatial correlation is shown in figure 5. Accordingly, the highest
correlation is found between winter precipitations. The average correlation in the
entire basin is about 0.8. The value of correlation is about 0.7 both for spring and
fall, but it is estimated to be less than 0.5 in summer.
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Figure 5. Spatial correlation between APHRODITE and observed area averaged seasonal
precipitation.

Because the density of spatial distribution of rain-gauges is not uniform
throughout the southwest of Iran, a composite observation-APHRODITE is
considered useful for precipitation monitoring over the study area. In this section,
we produced monthly precipitation data for 23 grid cells without any rain gauge
out of 69 with 0.5×0.5 degree resolution. APHRODITE precipitation data has been
replaced in those grid cell without rain gauges after bias corrections. This type of
new developed dataset is called composite observation-APHRODITE dataset.
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3. Methods
3.1. Post-processing
Although numerical models are increasingly being used to generate
operational seasonal forecasts, the reliability of these products remains relatively
low. Regression-based post-processing methods have proven useful in increasing
forecast skill, but efforts have focused on linear regression. The current project
tests a linear regression approach to the correction of climate hindcasts produced
with general circulation models. Results indicate significant predictions can be
produced from model output with no forecast skill prior to processing. In this
project, using a statistical post-processing method on dynamical seasonal forecasts,
the seasonal predictive skill for the monthly precipitation of southwest of Iran is
assessed.
In the last chapter, the monthly gridded APHRODITE-area averaged
observed precipitation with 0.5×0.5 resolution for the Southwest of Iran was
produced. In this chapter two there have been two major activities as bellow:
- Model precipitation forecast was calibrated using composite
APHRODITE-area averaged observation precipitation data over training
period of 1987-2001 and monthly post-processing equations were
developed,
- By applying post-processing equations of each 75 grid cells in entire
basin (figure 6), raw outputs of seasonal forecast model were corrected
and validated using composite observation data set.
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Figure 6. Geographical distribution of grid cell in the southwest of Iran to post-processing of CFS v.2
model.

- Moving Average (Degree of Mass Balance/DMB)
The CFS v.2 model outputs were post-processed for monthly precipitation
forecasts for 69 grid cells over SW of Iran using the moving average. Statistical
scores including degree of mass balance (DMB), mean absolute error (MAE) and
its corresponding skill score were calculated for both direct and post-processed
outputs.
Results showed that the method improve the skill of monthly forecast.
A moving average is commonly used with time series data to smooth out
short-term fluctuations and highlight longer-term trends or cycles. The threshold
between short-term and long-term depends on the application, and the parameters
of the moving average will be set accordingly. Mathematically, a moving average
is a type of convolution and so it can be viewed as an example of a low-pass filter
used in signal processing. When used with non-time series data, a moving average
filters higher frequency components without any specific connection to time,
although typically some kind of ordering is implied. Viewed simplistically it can
be regarded as smoothing the data (Booth et al., 2006).
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Accuracy in precipitation forecasts is a much more challenging goal than
temperature. Day-to-day variability in precipitation is much higher than
temperature; therefore, a longer averaging period is needed. In addition, sample
mean error correction, as applied to the temperature forecasts, is not appropriate
for precipitation because the resulting bias-corrected forecast could be negative.
An appropriate error measure for quantitative precipitation forecasts is the degree
of mass balance (DMB) between DMO and observations. DMB describes the ratio
of the predicted to the observed net water mass for a given interval (Grubišic´ et al.
2005) and is given by:

Where DMBN is the degree of mass balance for the interval of N days, xf k is the
24-h precipitation forecast for day k, and yok is the associated observation for day
k. DMB cannot be applied to a single day’s forecast– observation pair because the
operation would result in division by zero on days with no observed precipitation.
DMB must cover a period of time for which some precipitation has been observed.
For the current study, it was found that a period of 21 days was sufficient to ensure
precipitation had occurred and that DMB could be evaluated. For the same reason,
some of the bias correction methods employed for temperature forecasts are not
suitable for precipitation forecasts because they must be applied on a daily basis.
The techniques suitable for DMB correction are SNL, MA, and BES. A DMBcorrection method should, ideally, correct model over- or underprediction of
precipitation. DMB calculations with varying length of MA window from 21 to
120 days, for forecast days 1–8, are shown in Fig. 3. The results indicate that the
MA technique corrects the DMB to within about 10% with a DMB-correction
window of 30–40 days. By day 40 all forecast days have essentially reached a
steady value between 1.0 and 1.1 DMB, indicating the method is producing
forecasts that reflect the quantity of precipitation observed. There is an exception
for forecast day 7, which drifts to lower DMB values at longer range. This drifting
away from a steady value is not evident for the other forecast days and appears to
be a statistical artifact for the day 7 forecast period only. Similar results (not
shown) were obtained for the BES method.
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It was also found that the post-processing methods applied to precipitation showed
a decrease in mean absolute error, reaching an asymptotic value by 40 days (see
Fig. 4 for the test employing the MA method of DMB correction). The longerrange forecasts take longer to stabilize to a steady value than the shorter range
forecasts. By day 40 all forecast days have reached a steady MAE value.
Therefore, a commonvalue of 40 days was employed for the MA and BES
methods.
DMB-corrected quantitative-precipitation forecasts, using the MA and BES
methods, are calculated by:

Where DMBN is the DMB correction error applied to the current DMO forecast
and QPFc is the new DMB corrected QPF forecast. For 24-h precipitation
forecasts, the SNL method averaged DMB over a constant 6-month period, and
this factor was applied to each day’s forecast. SNL was seasonally adjusted; that is,
for forecasts issued for the wet season of 1 October–31 March, a constant wetseason DMB was calculated from the same period of the previous year and applied
(McCollor and Stull, 2008).
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Figure 7. Mean Absolute Error (MAE) and Degree of Mass Balance (DMB) for grid cell numbered 203,
located in the north of the region.

In the figure 7 an example of the results of calibration and verification is
given. Learning period was 1987-2001 and forecast period was 2002-2007. The
average degree of mass balance has been computed for the influence window of 1
to 180 months. Based on the different values of DMB, mean absolute error is
computed. It can be seen that in the influence window of 155 months the amount
of MAE has a constant DMB concerning to a minimum MAE.
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3.2. Results
The results of post-processing are shown in table 2 for two periods of
training (1987-2001) and forecast (2002-2007).
Table 2. Mean monthly precipitation in two period of 1987-2001(training) and 2002-2007
(forecast) for grid cell number KB203.
precipitation(mm)
Train
OBS
CFS_raw
CFS_Pst
Forecast OBS
CFS_raw
CFS_Pst

Jan

Feb

Mar

Apr

May

Jun

Jul

Aug

Sep

Oct

Nov

Dec

60.1
85.2
49.1
71.9
115.7
66.7

63.1
88.0
50.7
75.8
107.1
61.8

100.1
159.9
92.2
77.1
101.6
58.6

51.0
159.5
99.7
72.0
109.2
62.9

18.0
37.6
21.7
21.8
37.3
22.2

1.0
1.4
0.8
1.3
0.8
0.4

2.5
1.1
0.6
0.9
0.0
0.0

0.2
0.8
0.5
1.5
0.5
0.3

0.7
3.2
1.8
1.3
8.1
4.7

19.3
50.3
29.0
11.6
21.8
12.6

53.9
59.3
34.2
48.4
106.2
61.2

65.8
98.1
56.6
58.1
65.9
38.0

From figure 8, it is can be concluded that post-processing can decrease mean
annual bias of the model by about 40% annually. The maximum forecast skill
improvement is produced in May by about 60% decrease in mean monthly
absolute error.

Figure 8. Mean monthly precipitation during forecast period of 2002-2007 for CFS v.2 model
with and without post processing over grid cell number KB203..
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To check the ability of the post-processing technique in improvement of
monthly precipitation, the ROC curve and Barrier score are computed using
contingency table. A contingency table is essentially a display format used to
analyse and record the relationship between two or more categorical variables. It is
the categorical equivalent of the scatter plot used to analyse the relationship
between two continuous variables. As always, since we are dealing with
verification in this module, the variables to be compared are the forecast and the
observation of a seasonal forecast element, both of which are categorical. The
term contingency table was first used by the statistician Karl Pearson in 1904.
Contingency tables will normally have as many rows as there are categories in the
forecast. For verification purposes, the definition of the forecast and observation
variable must be consistent, so a contingency table will have an equal number of
rows and columns.
The verification of the seasonal forecast in category is done using 3x3
contingency tables. The forecast and observed categories are simply classified in a
table of 3 rows and 3 columns (see figure 1 below). There is a row for each
observed category and a column for each forecast category (above, near and below
normal). For each station or grid point over Canada, 1 is added to the grid element
of the contingency table for each event according to the intersection of the forecast
category and the observed category (Stanski et al., 1989).
Table 3. Typical 3×3 contingency table which describes the types of scores used in the
contingency tables with 3 categories of below normal, normal and above normal.

One can see from table that the use of a more restrictive threshold for forecasting
the event reduces the number of hits but also reduces the number of false alarms,
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while the number of misses increases a lot. To determine whether the false alarms
are being reduced enough to be useful, one can plot the hit rate against the false
alarm rate, to obtain the following diagram.

ROC
1

Hit Rate

0.8
0.6
HR

0.4
0.2
0
0

0.2

0.4

0.6

0.8

1

False Alarm Rate
Figure 9. An example of ROC plot. The forecasts show no discrimination if the hit rate = false
alarm rate, along the diagonal line.

This is called a “ROC” curve, for relative operating characteristic. These
diagrams have been widely used in many fields. In our application the “noisy
background” is the imperfect model guidance forecast, and the “pathology” is the
severe weather event we are trying to forecast. The ROC diagram is now widely
used to verify ensemble probability forecasts.
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Figure 10. ROC curves for annual training period (top) and ROC curve for annual seasonal forecast
(bottom) over the SW of Iran.

Considering figure 10, it can be concluded that for the selected grid cell the
maximum efficiency of the annual prediction occurs when amount of precipitation
is in normal to above normal. The efficiency of the forecast fails to accept when it
is below normal. In the ROC graph, vertical axis indicates the correct predictions
and horizontal axis represents the wrong predictions. Figure 10 shows that the
percentage of below normal precipitation is less than 50% (lies below of the 1 to 1
line), but for the case of normal and above normal precipitation the area under
21
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ROC curve are more than 70%, showing acceptable predictions. It should be noted
that in the months of low precipitation such as June- September, a small amount of
precipitation can reduce a lot the accuracy of the monthly forecasts. Considering
the above mentioned issue, the overall accuracy of the monthly forecast is at least
65 percent. Overall monthly skill of the post-processing method are shown
separately for the north, center, south and entire of the region in figure 11.

Figure 11. Accuracy of monthly precipitation forecast after statistical post-processing for north,
center, south and entire of the region.

Correlation skill between observation and modeled precipitation are shown
in table 4. All correlations are significant in 0.05 confidence level. Significant
correlation coefficients confirm that the model is able to predict the monthly
precipitation fluctuations, given that drought indices directly related to fluctuations
of rainfall compared to the long-term average, so correct prediction of monthly
precipitation fluctuations or volatility and correlation may lead to correct
prediction and early warning of drought.
Table 4. Correlation skill between monthly observation and forecast over the region.
Region
North
Center
South
Correlation
0.69
0.61
0.52
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4. Drought prediction
4.1. Precipitation forecast
According to the goals of the GFCS, development of a method for drought
early warning system is of highly importance for agriculture and water resource
management. Post-processing of the coarse gridded output of monthly forecast
model has a substantial need to improve the skill of forecast on a local scale. This
method can be improved by utilizing GPVs3 from different dynamical seasonal
forecast models. In this method, we entered post-processed monthly precipitation
forecast to a SPI software calculator to compute future drought monthly indices.
We used both CFS v.2 and MRI-CGCM3 seasonal forecast GPVs. CFSv.2 data are
available freely from NOAA homepages and MRI-CGCM3 data are taken from
Tokyo climate center through correspondence.
Figure 12 and 14 show the precipitation forecast over Iran after
implementation of post-processing technique over direct output (raw) of CFSv.2
and MRI-CGCM3 seasonal forecast models.

Figure 12. MRI-CGCM3 precipitation forecast for JFM 2015 over Iran after statistical postprocessing using multiple regression method.

3

Grid Point Values
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Figure 12. Improvement of monthly precipitation skill on MRI-CGCM3 model over Mashad
station using multiple regression method. Blue: observation, Red dotted: MRI-CGCM train, Red bold:
post processed forecast.

Figure 13. Mean square skill (MSSS) of monthly precipitation forecast over Iran using post
processing of MRI-CGCM3 model. January (left) and February (right).

Mean Square Skill Score (MSSS) of monthly precipitation forecast over Iran
using multiple regression post processing method of MRI-CGCM3 model are
shown in figure 13 for January and February during 2001-2007. The same maps
are prepared for all months as well. As indicated in the figure, MSSS of the model
forecast is more than 0.5 in majority of the country showing high ability of the
method used.
24
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We also used CFSv.2 seasonal forecast model aiming to monthly
precipitation and SPI drought index forecast over the country. To prepare reliable
monthly precipitation forecast over entire country, a simple bias correction has
been done using the method presented in CFSv.2 homepage at:
http://www.cpc.ncep.noaa.gov/products/CFSv2/CFSv2seasonal.shtml.
As
explained in the introduction, southwestern watersheds of the country which
almost cover 30% of provinces and 40% of surface runoff is of high important
region for drought management in Iran, in this regard, we used moving average
technique by tuning degree of mass balance (DMB) ratio which explained briefly
in the previous chapter. Figure 14 shows March-May seasonal forecast over Iran
and west Asia using bias correction method presented by CFSv.2 manual.

Figure 14. CFS v.2 precipitation forecast for March, April and May 2015 after bias correction.

4.2. Drought (SPI) forecast
Monthly precipitation forecast which is prepared by the implementation of
post-processing techniques are used to produce monthly to seasonal drought
forecast using SPI drought index. Flowchart of monthly to seasonal drought
forecast using SPI is shown in figure 15.
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Figure 15. Flowchart showing steps to preparing monthly to seasonal drought forecast over Iran.

As shown in figure 16, by entering monthly to seasonal post-processed
precipitation forecast from MRI-CGCM3 and CFSv.2 model to SPI calculator
software, monthly to seasonal drought forecast are prepared over the country. As it
is concluded from figure 16, model skill in prediction of drought is unacceptable.
For example in February 2001, while the observation map shows widespread
drought over Iran, the raw map (non-post processed) map shows normal to wet
condition over the country. When doing post-processing over raw model forecast,
the drought pattern was appeared in the map. This condition is more or less similar
to that of 2007.
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Observed SPI

Non-post processed SPI

Post processed SPI

Figure 16. Drought forecast for February 2001 (top) and February 2007 (bottom) using multiple
regression method of post processing. Left: Observed SPI, Middle: Raw SPI forecast and right: SPI after
post processing.

When focusing on the southwest of Iran as a region which is responsible for
about 40% of surface runoff of the country, it can be concluded that the skill of the
method is highly acceptable especially for normal and above normal conditions.
Figure 17 shows percentage skill of post-processing method for drought forecast
over southwest of Iran using CFSv.2 post processed precipitation gridded data.
Left map shows percentage skill with ± zero category error and right map shows
percentage skill with ± 1 category error, respectively. In the case of drought
conditions, the model has correctly predicted approximately about 42.3% of
drought. In the case of normal conditions, the model skill is approximately about
81.5% and finally model has correctly predicted the wet conditions by about 62.3
percent.
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`
Figure 17. Spatial zoning of percentage skill of drought forecast over south west of Iran. Left:
maximum error for zero category and right: maximum one category error.

Figure 18. Percentage skill of SPI forecast with three category of dry, normal and wet.

From figure 18, it is clear that the most skilful SPI forecast occurs when the
basin’s condition is in normal condition. In other words, the SPI forecast efficiency
is about 81.5% during normal events; but during the wet or dry conditions the
accuracy of the SPI forecast are 62.3 and 42.3 percent, respectively. It should be
noticed that the frequency of observed events of normal, wet and dry are 76.4,
12.5 and 8 percent; in this regard, the entire accuracy of SPI forecast is 76.4
percent for all cases.
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Outcomes
 To Strengthen the capacity of IRIMO’s experts in using and
interpretation of dynamical seasonal forecast outputs,
 To investigate the skill of different dynamical seasonal forecast
models,
 To improve drought and climate risks awareness in water
management, agriculture and food security and disaster risk reduction
sectors,
 To remove bias simply from model outputs, but it is very difficult to
remove inconsistent behavior of the models,
 Statistical downscaling/post-processing can improve the skill of
model in forecasting precipitation both in station and grids scale.
 To improve understanding of the effectiveness of the GFCS in climate
risk management and adaptation,
 To improve the awareness of stakeholders through holding National
Drought Early-warning Climate Outlook Forum,
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List of abbreviations
WMO
GFCS
IRIMO
DESIR
CRI
ECO
ASMERC
NDWMC
KWPA
ECO-RCRM
SPI
APHRODITE
JMA
TCC
MRI-CGCM3
GPV
NOAA
CFS v2
WMO-LCLRF
NIMR
NMHS
NCOF
DECOF

World Meteorological Organization
Global Framework of Climate Services
Islamic Republic of Iran Meteorological Organization
Drought Early-warning System over Iran
National Climate Research Institute (Mashad, Iran)
Economic Cooperation Organization(Tehran, Iran)
Atmospheric Science and Meteorological Research
Center (Tehran, Iran)
National Drought Warning and Monitoring Center
(Tehran, Tehran)
Khuzestan Water and Power Authority
ECO Regional Center for Risk Management of natural
Disasters (Mashad, Iran)
Standard Precipitation Index
Asian Precipitation - Highly-Resolved Observational
Data Integration Towards Evaluation of Water Resources
Japan Meteorological Administration
Tokyo Climate Center
Meteorological Research Institute-Coupled General
Circulation Model version 3
Grid Point Value
National Oceanic and Atmospheric Administration/USA
Climate Forecast System Version 2
WMO Lead Center For Long Range Forecast (Seoul)
National Institute for Meteorological Research/KMA
National Meteorological and Hydrological Services
National Climate Outlook Forum
Drought Early-warning Climate Outlook Forum
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