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Abstract 
The aim of this paper is to project extreme precipitation events in an arid and a 

semiarid station. In order to project climate change based on general circulation 

models (GCMs), we have applied LARS-WG
1
 downscaling tool. This stochastic 

weather generator down-scaled the climate of two synoptic stations using 

HADCM3 model and A2 emission scenario for 2040. We extracted extreme 

precipitation events, as daily 90
th
 and 10

th
 percentile for rainy days (considered if 

daily precipitation was greater than 1 mm), for based and projected data. The 

research outcomes showed an increase both in 90
th
 percentile by 13 mm and in 10

th 

percentile by 0.2 mm in arid station, Bandar Abbas. In the semiarid station, 

Shahrekord, the 90
th 

percentile precipitation increased by 6.1 mm and the 10
th
 

percentile precipitation decreased by 3.4 mm. In total, for both stations, 90
th
 

percentile precipitations showed a more stable trend than the 10
th
 percentile.  
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1. Introduction 
Climate is a complex system with changes that primarily occur as a result of increases in 

greenhouse gas contents (IPCC-TGCIA, 2007: 1-18). Climate change has serious impacts on 

water resources, agriculture and climatic parameters at the regional scale. One of the most 

important outcomes of climate change is its effects on extreme events such as hurricanes, hill 

storms, drought, heat waves and untimely frosts (IPCC-TGCIA, 2007). General Circulation 

Models (GCMs) are one of the most reliable tools for the study of climate variability and 

climate change impacts. GCMs are capable of simulating ocean-atmospheric variables used for 

the scenario approved by IPCC (Lane, 1999). However the main problem with GCMs is its low 

spatial resolution and a number of simplifications in the climate processes. In order to improve 

the spatial resolution of GCMs, it is necessary to downscale their outputs before application to 

climate change impact studies (Willby, 1998).  

There are two primary methods for downscaling climate models; dynamic and statistical. 

Dynamic downscaling methods include a network of high resolution climate models. One of the 

most significant consequences of global warming is the increase in the magnitude and frequency 

of extreme precipitation events attributed to increased atmospheric moisture levels, 

thunderstorm activity, and/or large-scale storm activity (Sen, 2004). The word “extreme” is 

unusually associated with physically severe conditions or events. However, extreme can also be 
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defined in statistical terms as “the largest and smallest element of a set” (Benestad, 2005). 

Moreover, extremes are represented by the tails of a variable’s distribution and considered to be 

very rare natural occurrences (IPCC, 2002). Extreme weather events are defined as rare and 

abnormal events (Bartolin et al., 2008: 1752) which are far from the center of distribution. 

Therefore, extreme precipitations are intelligible by percentiles. For example, Becker et al. 

(2008) analyzed daily precipitation data from 148 weather stations located in the Yangtze River 

Basin to detect cycles in the annual frequency of occurrence of precipitation events of 1- 5- and 

10-day durations. These events were defined in terms of exceedances of some selected 

thresholds.  

Alijani et al. (2007) showed that daily rain tended to be variable and intense across most of 

Iran and that a disproportionately large portion of the annual rainfall was attributed to a small 

number of high intensity to extreme rainfall events. Rahimzadeh et al. (2009) examined extreme 

temperature and precipitation as indicative climatic variables to determine recent climatic 

changes over Iran. They found a negative trend for about two-thirds of the country for the 

annual total wet day's precipitation. Positive trends in the Simple Daily precipitation Intensity 

Index were found for the northern half of the country. They observed a negative trend in very 

wet days that exceeded the 95
th
 percentile over the eastern and western regions and a positive 

trend over the central region of the country; although a clear negative trend was observed for 

extremely wet days that exceeded the 99
th
 percentile over the majority of the country. 

In all reviewed papers, climate change is represented by the tails of a variable’s distribution. 

However in this paper, we intend to project climate change effects on extreme precipitation 

events (90
th
 and 10

th
 percentile of daily precipitation) according to general circulation models 

(GCMs) and LARS-WG downscaling tool. This stochastic weather generator down scaled 

climatic data of two synoptic stations using HADCM3 model and A2 emission scenario for 

2040. 
 

2. Study Area 
The present study was conducted for two synoptic stations, arid (Bandar Abbas; 27°N, 56°E) 

and semiarid (Sharekord; 32°N, 50°E), located in south and southwest of Iran (Fig. 1). 
 

 
Fig. 1. Location of weather stations 
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According to the Köppen climate classification, Bandar Abbas is arid. In some years, it may 

experience less than 100 mm precipitation with an average annual temperature of 27°C. In 

contrast, Shahrekord is known as a semiarid station which sometimes experiences less than 

200mm annual precipitation with an average annual temperature of 11.8°C.  

 

2. 1. Data 
Daily precipitation data was downloaded from the National Meteorological Organization 

website for Bandar Abbas and Shahrekord stations for 1971-2000. 

Daily precipitation data is projected for both stations for 2040 by HADCM3 model, 

downscaled by LARS-WG. This scenario assumes a very heterogeneous world with 

continuously increasing global population and regionally oriented economic growth that is more 

fragmented and slower in other scenarios. Also, this scenario assumes delayed development of 

renewable energy and so assumes a high rate of greenhouse gas emission. In this study, scenario 

A2 is used in order to simulate the highest amount of climate change impacts on extreme 

precipitation events. 

 

3. Materials and Methods 
Figure 2 illustrates the methodology of this study. There are two important steps; first, 

downscaling GCM outputs for stations under A2 emission scenario, and secondly, assessing the 

impacts of climate change on extreme precipitation events (90
th
 and 10

th
 percentile of daily 

precipitation). 

 

3. 1. Downscaling GCM data using LARS-WG 
Despite significant increases in the resolution of General Circulation Models (GCMs), they 

cannot yet predict meteorological outputs for small scales such as a city (Salon et al. 2008). 

Different dynamic and statistical models have been developed to downscale GCM outputs. 

Racsko et al. (1991) and Semenov and Barrow (1997) provided a downscaling method of 

LARS-WG that uses the length of wet and dry day series, daily precipitation and daily solar 

radiation inputs. It does not directly use large-scale atmospheric variables; and local station 

climate variables are adjusted proportionally to present climate change (Sajjad Khan et al., 

2006). 

We based the climate change scenario used in this study on the output from the Hadley 

Centre Climate Model (HADCM3) included in the LARS-WG model. The HADCM3 was used 

to predict climate change for the IPCC 3rd and 4th Assessment Reports, and has been widely 

used in other studies for impact assessment.  

In order to verify the results of the simulations, we used a number of statistical tests to 

compare the synthetic data produced by the weather generator to the observed data in the 

baseline period; this comparison tests how well the downscaling process performs in reporting 

the characteristics of the observed data. In order to assess LARS_WG performance through 

statistical indicators, four widely used statistical indicators are chosen: the coefficient of 

determination (R
2
), root mean square error (RMSE), mean absolute error (MAE), and the mean 

bias error (MBE).
1
 

 

3. 2. Extreme precipitation events 
In climatology, extreme analyses are based on statistical distribution tails of daily climatic 

element observations during an adequate time series. Therefore, for investigating climatic 

extremes, attention should be paid to low and high values. Accordingly, in this research, two 

extreme indices (90
th
 and 10

th
 percentile indices) are used during 1961-2006 and 2011-2040 for 

both stations. The annual calculated precipitation that was equal or less than the 10
th 

percentile 

and precipitation equal or greater than 90
th
 percentile was chosen as indices of extreme 

precipitation. 

                                                      

1.  

In all equations, Xi is the actual idata and Yi is the simulation data by the model. ,  are the mean of the total 

data for Xi and Yi in the statistical population. N is the total of the estimated sample.  

http://en.wikipedia.org/wiki/K%C3%B6ppen_climate_classification
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Fig. 2. Impacts of climate change on extreme precipitation events 

 

Based on the 10
th 

and 90
th
 percentiles and in order to extract the impacts of climate change, 

three kinds of trend lines are calculated including; total precipitation that resulted from the 

10
th
and 90

th
 percentiles; the ratio of precipitation from total annual precipitation; and the 

number of rainy days for each percentile of both stations.  

Time series trend analyses were estimated using linear regression thus: 

Zt= a+bT+eT (1) 

where Zt is the time series for a given percentile, T is time (T= 1,2,3,4,..., n), a and b are 

coefficient of regression equation, and e is the estimation error. b value shows changes of the 

variable in time (trend) (Cryer and Chan, 2008). 

 

3. 3. Selected indices  
There are a variety of definitions for extreme daily precipitation. In this research, 6 extreme 

precipitation indices are used. Table1 shows these indices in detail. 

 

4. Results and Discussion 
4. 1. Performance evaluation of LARES-WG model 
Table 2 shows the results of LARS-WG evaluation based on R

2
, RMSE, MAE and MBE. The 

accuracy of LARS-WG downscaling model is acceptable for both stations. 

 

4. 1. 1. Annual extreme total precipitation characteristics under climate change 

condition 
Trend analyses of annual extreme total precipitation between two time periods, baseline and 

future, for both stations under scenario A2 are reported in Figures 3-6. Table 3 shows the 

average of the extreme precipitation events. 
 

Table 1. Selected indices for analysis of extreme precipitation for BandarAbbas and Sharekord stations 

No. 
Index 

abbreviation 
Definition Unit 

1 (90thPTP) 90thpercentile of total precipitation: Annual total daily precipitation≥90th percentile. mm 

2 (10thPTP) 10thpercentile of total precipitation: Annual total daily precipitation ≤10th percentile. mm 

3 
(RH 

90thPP) 

Ratio of 90th percentile precipitation: Total amount of extreme annual 90th percentile 

precipitation to total amount of annual precipitation. 
% 

4 
(RH 

10thPP) 

Ratio of 10thpercentile precipitation: Total amount of extreme annual10thpercentile 

precipitation to total amount of annual precipitation. 
% 

5 (F 90thPPe) 
Frequency of 90thpercentile precipitation events: Number of days per year with 

precipitation≥ 90th percentile 

Day

s 

6 (F10thPPe) 
Frequency of 10thpercentile precipitation events: Number of days per year with 

precipitation ≤ 10th percentile 

Day

s 

Analyzing the climate change 

impacts on extreme 

precipitation 

Collecting Weather data 

of stations 

Selecting emission 

scenarios 

Calibrating the model for 

baseline period  

Selecting baseline period 

(1971-2000) 

Determining extremes by 

percentile index for the 

baseline period 

Determining extremes by 

percentile index for the 

future period 
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Table 2. Evaluation of LARES-WG model based on R
2
, RMSE, MAE and MBE 

Station Parameter 
Statistical tests 

R2 MAE MBE RMSE 
BandArbbas 

Precipitation 
0.98 1.62 -0.41 2.93 

Shahrekord 0.98 3.03 0.46 3.92 

 

Average 90
th 

PTPs are 90.1 and 103.8 mm for baseline and future events, respectively in arid 

station (Bandar Abbas). This shows that heavy precipitation events will increase in future. In 

contrast, in the semi-arid station (Sharekord) these values are 130.43 and 124.33 mm for 

baseline and future events, respectively.  
A weak decreasing linear trend is distinguishable for the 90

th
 PTP for future data in the arid 

station (Bandar Abbas) (Fig. 3). In contrast, baseline data is stable with only a slight annual 

change in rate. Annual 90
th
 PTP for projected data is more varied compared to baseline.  

The 90
th
 PTP for baseline and projected data for semi-arid station (Sharekord) shows a 

similar decreasing trend (Fig. 4). The projected 90
th
 PTP has more variability than the baseline 

values for semi-arid station (Sharekord) which was similar to the arid station (Bandar Abbas). 

During 1977 to 1987, the fluctuation in the time series showed a dramatic change between 

different years which is statistically significant at the 0.05 probability level for 90
th
 PTP. The 

dramatic change appeared to be the result of natural events because this station was 

autochthonous in these years (Asakareh, 2011). Of note, the 90
th
 PTP trend for the 90

th 

percentile is statistically significant (P=0.05). 

 
Table 3. Average annual 10

th 
and 90

th 
percentile daily precipitation events for both stations (mm) 

Station 
10th percentile 90th percentile 

Baseline Future Baseline Future 

BandarAbbas 0.56 0.77 90.1 103.8 

Shahrekord 13.94 10.56 130.43 124.33 

 

 
Fig. 3. Trend analysis of 90

th
 PTP (mm) for baseline and projected data under A2 scenario in arid station, 

Bandar Abbas 

 

 
Fig. 4. Trend analysis of 90

th
 PTP (mm) for baseline (a) and future (b) periods of A2 scenario in semi-arid 

station, Sharekord 
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The 10
th 

PTP is an indicator of low precipitation. There are different weak trend lines in the 

arid station for baseline and projected data (Fig. 5). Dramatic changes in 10
th 

PTP are shown 

during the 1995-1997 baseline periods and the 2022 and 2023 projected data time series. 

The average 10
th
 PTP time series shows irregular conditions both in the baseline and 

projected data for semi-arid station (Shahrekord). In both stations the projected data shows a 

slight decreasing linear trend. There are different trends for baseline data, increasing for arid 

station (Bandar Abbas) and decreasing for semi-arid station (Shahrekord). 
 

4. 1. 2. The ratio of extreme precipitation to total precipitation  
Figures 7 to 10 show trend analyses of the ratio of extreme precipitation to total annual 

precipitations. The RH 90
th
 PP to the annual total precipitation trend decreased for projected 

data, however it increased for baseline in both stations (Figs. 7 and 8). The RH 90
th
 PP to the 

annual total precipitation is 42.1 and 40.9% of the average for baseline and projected data in the 

arid station (Bandar Abbas). In contrast, the SH 90
th
 PP in the annual total precipitation is 40 

and 35.1% in baseline and projected data for the semi-arid station, Sharekord. 

 

 
Fig. 5. Trend analysis of 10th PTP (mm) for baseline and future periods under the A2 scenario for arid station, Bandar 

Abbas 

 

 

 
Fig.6 Trend analysis of 10thPTP (mm) for baseline and future periods under the A2 scenario for the semi-arid station 

(Sharekord) 

 

 
Fig. 7. Trend analysis of RH 90

th
 PP (%) to total annual precipitation of baseline and projected data under 

scenario A2 in arid station (BandarAbbas) 
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Fig. 8. Trend analysis of the RH 90

th
 PP (%) to total annual precipitation of baseline and projected data 

under scenario A2 in semi-arid station, Sharekord 

 
Fig. 9. Trend analysis of RH 10

th
 PP to total annual precipitation in baseline (a) and projected data (b) 

under scenario A2 in the arid station (BandarAbbas) 

 
Fig. 10. Trend analysis of RH 10

th
 PP (%) to total annual precipitation of baseline and projected data 

under scenario A2 in semi-arid station, Sharekord 

 

RH 10
th
 PP to the annual total precipitation trend decreased for baseline and increased for 

projected data in the arid station (Bandar Abbas), however it increased for both periods in semi-

arid station (Sharekord). The ratio of this average annual total precipitation was calculated to be 

0.3 and 0.5% in baseline and projected data, respectively, in the arid station (Bandar Abbas). 

Average SH 10
th
 PP to total annual precipitation is 3.3 and 2.4% for baseline and projected data, 

respectively, in semi-arid station, Sharekord. 

Therefore the ratio of heavy precipitation will decrease in projected data while ratio of 

average RH 10
th
 PP increased in the arid station (Bandar Abbas). As seen in Figure 10, the RH 

10
th
 PP to the total annual precipitation is low for both studied periods in the semi-arid station, 

Sharekord, which is similar to arid station (Bandar Abbas). In total, RH 90
th
 PP and RH 10

th
 PP 

for total annual precipitation are predicted to decrease in future decades in the semi-arid station, 

Sharekord. 

 

4. 1. 3. Changes in the frequency of extreme precipitation events  
Figures 11 to 14 show trends in the number of days with extreme precipitation events. Since the 

number of days is a discrete variable, figures are presented in perpendicular-shaped.  
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Fig. 11. F 90

th
 PPe (day) trend in baseline and projected data under scenario A2 in arid station, Bandar 

Abbas 

 

 
Fig. 12. Trend analysis of the F 90

th
PPe (day) for baseline and projected data under scenario A2 in semi-

arid station, Sharekord 

 

 
Fig. 13. Trend analysis of the F10

th
 PPe (day) of the baselineand projected data under scenario A2 in arid 

station, BandarAbbas 
 

 
Fig. 14. Trend analysis of the F 10

th
PPe for the baseline and projected data under scenario A2 in semi-arid 

station, Sharekord 
 

Figures 11 to 14 show changes in the annual number of days with 90
th
 and 10

th
 percentile 

precipitation between baseline (defined as the 1961–2000 period) and projected data (defined as 

the 2011–2040 period) for both stations. The results show that F 90
th 

PPe is more stable than F 

10
th 

PPe for projected and baseline data in both stations. There are 8 days with F 90
th
 PPe in the 

projected data in arid station  and 7 days in the semi-arid station, in projected data. 

The F 10
th
 PPe gives a slightly downward trend at 0.03 and 0.02 mm year

_1 
for baseline and 
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projected data, respectively in the arid station. Therefore, there is a decrease in F 10
th
PPe of 

approximately 3 days in 100 years for baseline and 2 days in 100 years for projected data for 

this station. 

The F 90
th 

PPe gives a slightly downward trend at 0.02 and 0.01 mm year
_1

 for projected data 

and baseline, respectively, for the semi-arid station (Sharekord).Therefore there is a decrease in 

F 90
th
 PPe of approximately 1 day in 100 years for baseline and 2 days in 100 years in the 

projected data for the semi-arid station. 

Based on Figure 10, the F 10
th 

PPe shows a downward trend at 0.24 and 0.32 mm year
_1 

for 

baseline and projected data, respectively, in the semi-arid station. An abrupt change occurred at 

the end of the 1985 decade in the baseline and will occur in 2016 and 2018 in the future.  
 

5. Conclusions 
Trends of three indices including annual extreme total precipitation, annual frequency of 

extreme precipitation, and ratio of extreme precipitation to the extreme precipitation events have 

been analyzed in this study for baseline (1971-2000) and projected data (2011-2040). 

In this analysis for arid station, Bandar Abbas, there is an increase in low value precipitation 

events and heavy precipitation events for projected data. This increase in projected data is more 

variable than baseline (based on R
2
 value). The results show a general intensification of RH10

th
 

PP and a decrease in the ratio of heavy precipitation in arid station, Bandar Abbas. The above 

analyses indicate an increase in RH10
th 

PP and a decrease in the ratio of heavy precipitation 

during the rainy years in the Bandar Abbas arid station. Therefore, the increase in annual 

precipitation resulted from the 10
th
 percentile precipitation event. Totally, for the arid station 

(Bandar Abbas) the results show an increase in the number of rainy days and decrease in heavy 

precipitations of projected data. 

Trend analysis of extreme precipitation events in Sharekord semi-arid station differs from 

the Bandar Abbas arid station. This shows increases in low value precipitation events and in 

heavy precipitation events for projected data. For semi-arid station, projected data shows an 

increase in heavy precipitation and decrease in low value precipitation. Therefore, the intensity 

of precipitation in semi-arid station will intensify. 

Heavy precipitation can cause damages to both soil and water resources. These damages can 

cause problems such as desertification, decreases in agricultural productivity due to land 

degradation and soil erosion.  
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