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Abstracts

A popular method for climate change prediction are General Circulation Models which are at coarse
spatial resolution and must be downscaled. In this study, observed data of temperature, precipitation and
potential evapotranspiration over a base period under two emission scenarios in three time intervals were
used to implement SDSM as a downscaling tool for HadCM3 model output. From another standpoint,
MPEHS5 model predicts data under three emission scenarios for three future periods. Results indicated that
all parameters would increase in comparison to the base period. Predictions for all periods under all
emission scenarios indicated an increasing trend for all parameters, although it is predicted almost as
constant precipitation trend for the future. According to predictions by both models, the greatest increase
has been estimated for 2080s under A2 scenario. In SDSM model, the greatest increases in mean monthly
temperature would be respectively 6.9, 4.5, 6.2 °C for July and for potential evapotranspiration would be
in June by 1.08 mm per day, which are predicted in the 2080s under A2 scenario. For precipitation, the
greatest reduction under the same conditions, would be in May by 0.9 mm per day. In LARS-WG model,
the greatest increase in mean monthly temperature in the studied station was predicted respectively by
5.5, 5.5, 5.6 °C for August. The greatest reduction in precipitation, would be in February (by 0.88 mm per
day). The future uncertainty results of predicted parameters in both models and various scenarios show
that uncertainty of the predictions increase towards the end of the century.
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Introduction

Climate change is one of the biggest future
challenges of human (Spickett et al. 2011). This
phenomenon is the result of increasing
concentrations of greenhouse gases that make global
warming. Increasing absolute humidity in the
atmosphere layers near the Earth's surface causing
changes in global precipitation regime for current
century (Chmura et al. 2011).

Warming of the climate system is unequivocal,
and since the 1950s, many of the observed changes
have been unprecedented over decades to millennia.
The atmosphere and oceans have warmed, the
amounts of snow and ice have diminished, sea level
has risen, and the concentrations of greenhouse
gases have increased (IPCC 2013). According to the
IPCC> Special Report on Emission Scenarios
(SRES), global surface temperature would increases
by the end of the 21% century, which is likely to
exceed 1.5 °C relative to the 1850 to 1900 period for
most scenarios, and is likely to exceed 2.0 °C for
many scenarios (Rehan Dastagir 2014).

In most climate change studies, GCMs have
been used to project future climatic variables.
However, due to the limitation of GCMs to
incorporate local topography (spatial and temporal
scales), the direct use of their outputs in impact
studies on the local scale e.g. hydrological
catchments is restricted. To bridge the information
for policy making and gaps between the climate
model and local scales, downscaling is commonly
used in practice. Dynamic downscaling and
statistical downscaling are the most popular
methods (Pinto et al. 2010; Schoof et al. 2009;
Wilby et al. 1999). Dynamic downscaling by
Regional Climate Models (RCMs) ensures
consistency  between climatological variables,
however they are computationally expensive.
Statistical downscaling models, on the other hand,
are based on statistical relationships and hence
require less computational time. Extensive research
has been carried out with both approaches (Rana et
al. 2014; Chen et al. 2012; Teutschbein et al. 2011;
Willems and Vrac 2011; Maraun et al. 2010).

Numerous studies have been done in the field of
climate change and its impacts in the world and
Iran.

Samadi et al. (2011) conducted a research study
in Khorasan Razavi province (Iran), and concluded
that SDSM among several models, yields a very
good simulation and its output has only 5% error.
Hashemi et al. (2011) among the downscaling
techniques recommended SDSM and LARS-WG
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models. Their results showed that both models have
good ability to simulate the maximum precipitation
event, so can confidently be recommended to study
climate change. Zhao Yong et al. (2010) did a
numerical simulation and evaluation of regional
climate change in Southwest China in which a
regional climate model (RegCM3), and a coupled
atmosphere-ocean model MPI-OM ECHAMS5
(MPEHS5) were used. They concluded that those of
simulations for annual precipitation average in the
summer season is much better than winter and
simulated amounts in winter are higher than
observation. Nasoohyan et al. (2013) in a research
studied the effects of climate change on
precipitation and temperature in the plains of
Borujen and Shahrekord during the period of 2020-
2049 using two GCMs (CGCM3 and HadCM3) and
downscaling model of LARS-WG for A2 and A1B
scenarios. According to the results, temperature
over the study areas compared to the baseline will
become warmer for all the seasons. Rate of
increases in average temperature during 2030s
compared to the base period in Shahrekord would
be 1.7°C and in Borujen approximately 1.4°C. The
precipitation predictions differ from the base period
in Shahrekord, so that except the HadCM3-A2
predictions which shows a decrease in precipitation,
all other cases show increase in precipitation.
However, in Borujen all models agree on the
reduction of precipitation during the period of 2020
to 2049.

Hao et al. (2013) evaluated the ability of 22
GCMs to reproduce temperature and precipitation
over the Tibetan Plateau. The results showed that,
all the GCMs underestimate temperature and most
models overestimate precipitation. Also, the results
suggested that, the temperature and precipitation
will both increase in all three periods under different
scenarios, with scenario Al increasing the most and
scenario Al1B increasing the least. Chen et al.
(2015) using 10 climate model simulations, tested
the bias stationary of climate model outputs over
Canada and the contiguous United States (U.S.) by
comparing model outputs with corresponding
observations. Results indicated that, in comparison,
temperature bias can be considered to be
approximately stationary for most of Canada and the
contiguous U.S. when compared with the magnitude
of the climate change signal and they advised that
natural climate variability and climate model
sensitivity be better emphasized in future impact
studies.

Mirdashtvan et al. (2017) presented a procedure
that characterizes the changes of climatic variables
for a period of time wunder representative
concentration pathway (RCP) scenarios in of the
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Karaj-Jajrud in the South Alborz Range, Iran. They
concluded that, there is a consistent warming in
mean air temperature for all the RCP scenarios,
whereas the results indicated decreasing
precipitation compared with the baseline. On the
other hand, analysis the impacts of the downscaling
process uncertainty on the prediction results
indicated that, the contribution of this uncertainty
source to the prediction uncertainty is relatively
high, as about 30% of the downscaled temperature
and precipitation data fall inside the 95% simulation
condense intervals. Salajegheh et al. (2017)
compared the results of two downscaling models
(SDSM vs. LARS-WG) for considering the error
criteria of daily rainfall, daily minimum and
maximum temperatures within two stations of
Ravansar and Kermanshah. The results indicated
that in either of the calibration and validation
periods, SDSM model benefits from a more
appropriate performance than LARS-WG in the
simulation of daily minimum and maximum
temperatures at the two stations, whereas LARS-
WG model presents a more acceptable performance
than that in the simulation of daily rainfall.

So far, various studies in the field of predicting
climate change and its impacts on the national and
regional level have been carried out in Iran, each of
which represents harmful effects of the climate
change. Lorestan province as one of the semi-arid
provinces, even suffers from climate change, and
many signs of these effects on natural resources,
agriculture and industry can be seen. So, due to the
fact that income of many people depends on natural
resources, livestock and agriculture in this province,
awareness of climate change process, projecting
climate change in future and the introduction of a
model suitable for use at national scale assessments
particularly in relation to natural disasters seem to
be necessary. The purpose of this study was to
assess SDSM model algorithm to simulate
precipitation and temperature. The obtained results
show that SDSM model has very powerful
algorithm, so that with noise removal in the data, it
can accurately predict changes. Hence, in this study,
outputs of two general circulation models HadCM3
under A2 and B2 scenarios, and MPEH5 under A2,
Al1B and B1 scenarios are used in order to project
changes of monthly, seasonal and annual values in
maximum  temperature  (Tmax),  minimum
temperature (Tmin), mean temperature (Tmean) and
precipitation (Pcpn) variable until the end of the
current century for the synoptic station of
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Khorramabad (Iran). For downscaling the outputs of
HadCM3 the SDSM software is used and for
MPEH5 model the LARS-WG is used. Finally,
uncertainties of climate models are evaluated and
compared between past period and projections in
SDSM and LARS-WG models.

Materials and methods

Study area

Khorramabad synoptic station has been selected for
the current study, which is located in the Lorestan
Province in Iran. Khorramabad station latitude is
3325 57" N and longitude is 48 16" 42" E and
altitude above sea level is 1147 m. Mean
precipitation in Khorramabad station is around
509.9 mm; summer precipitation is less than the
ones in winter and autumn. In this area mean annual
temperature is 17.2 C, mean maximum temperature
is 25.3C and mean minimum temperature is 9.1 C.
Figure 1 shows the location of Khorramabad
synoptic station (Meteorological Organization of
Lorestan province, 2010).

Methodology

In this study general circulation climate models
output of HadCM3 under A2 and B2 emission
scenarios (although there are also RCP scenarios
with different assumptions, but SRES scenarios are
still valuable and they are applied in different
studies for predicting future climate condition) are
used and climate model MPEH5 under A2, A1B
and B1 scenarios are used to predict changes in
maximum  temperature  (Tmax),  minimum
temperature (Tmin), mean temperature (Tmean),
and precipitation (Pcpn), for four analysis periods,
i.e., baseline (period 1961 to 1990 for HadCM3
and period 1982 to 2013 for MPEHS5), and future
periods of 2010 to 2039, 2040 to 2069, and 2070 to
2099 (which are denoted as 2020s, 2050s, and
2080s, respectively). For downscaling HadCM3
output, SDSM and for MPEH5 outputs LARS-WG
were used. Finally, uncertainty of climate
modeling was evaluated thorough comparison of
the past period and the projections in SDSM and
LARS-WG models.
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Downscaling HadCM3 outputs using SDSM

To run the SDSM model, two series of observed
and large-scale data of GCM are needed. First
series including daily Tmax, Tmin, Tmean and
Pcpn data were provided by General Directorate
of Meteorological organization of Lorestan
province. The second series including large-scale
variables of general circulation models, e.g.,
HadCM3 were obtained from the Environment
Canada data portal
(www.cccsn.ec.gc.ca/?page=pred-hadcm3)  and
related websites.

In next step, the daily observed data (Tmax,
Tmin, Tmean and Pcpn) were divided into two
periods from 01/01/1961 to 12/31/1990 for
calibration of SDSM and from 01/01/1990 to
31/12/2001 for validation of this model.

To prepare data in SDSM model each of the
large-scale data files of NCEP (1961 to 2001) were
used as observation for calibration and for
validation of model. The data were divided into
two periods of 01/01/1961 to 12/31/1990 in order
to calibrate the SDSM model and period of
01/01/1990 to 31/12/2001 for validate the model.
Each of the 26 large-scale data files (H3AZ2a
(1961-2099) and H3B2a (1961-2099)) were
divided in three periods 01/01/2010 to 12/31/2039,
01/01/2040 to 12/31/2069 and 01/01/2070 to
12/31/2099 in order to predict variables and period
of 01/01/1961 to 12/31/1990 were used as the base
period.

SDSM s a statistical downscaling tool which is
used to simulate climate data in a given station
under current and future conditions affected by

Fig 1. Khorramabad synoptic station location
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climate change. Its data are in the form of daily
time series for some climate variables such as
precipitation (mm), minimum and maximum
temperature (°C) and other climate parameters. In
the process of downscaling in this model, a linear
multiple regression develops among a limited
number of large scale predictor variables and
predictants at local scale like precipitation and
temperature. The parameters of regression model
are estimated by dual simplex algorithm. Suitable
large scale predictors are selected by using
correlation analyses and partial correlation
between predictors and predictants in the study
area (Wilby et al. 2004, Rajabi and Shabanlou
2010).

Downscaling MPEHS5 outputs using LARS-
WG

To run the LARS-WG for downscaling the
MPEH5 model, two series of observed and large-
scale data of GCM are needed. First series include
daily maximum temperatures, minimum
temperatures, precipitation and solar radiation (or
sunshine hours) data which were prepared by
General Directorate of Meteorological organization
of Lorestan province. LARS-WG software has an
internal database which contains more than 200
MB output of various scenarios and models.

In LARS-WG model, the observation daily data
from 1/1/1982 to 31/12/2013 were used to simulate
the station climate behavior. In this model, it is
necessary to input files consisting of four climatic
parameters minimum temperature, maximum
temperature, precipitation and sunny hours. Sunny
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hours data of Khorramabad station are available
since 1982. Hence, due to this statistical deficiency
observation, data were used for simulations since
1982.

Error and uncertainty
modeling of parameters

calculation in

In many climate change studies, uncertainties have
not been studied in estimating parameters. Hence,
considering the uncertainties in evaluation stages
of climate change impacts, can improve the
certainty of the final output. In this study, the
uncertainties in estimated climate modeling for the
past period and predicted values were evaluated
and compared in SDSM and LARS-WG models.

For assessing the models performances and
comparing results, some necessary criteria are
used, which include R?, RMSE, BIAS and NSE
(Nash-Sutcliffe Efficiency):

RZ :[%Zrl(xsim _E)'(Xobs _/'m):|2

5xsim ’ 5xobs

" (X — X f
NSE: {1_zll( Ubsism) :I*loo

(xobs - /uobs)z

n 2
RMSE = \/zi_l(xobs - Xsim)

n

" (X = X
BIAS:Zizl( obs 5|m)

n

z xobs
i=1

where X is data, U is the mean of data, §is the

variance and n is the number of data, indexes obs
and sim represent observation (climatic variables)
and model generated prediction. The criterion R?

shows a linear relationship between large-scale
variables and downscaled data, ranging from 0 to
1, so the higher value of R? the stronger the
relationship is. Also, other criteria show the
difference between large-scale and downscaled
data. Besides R?, criteria RMSE and BIAS are used
here as two creditable statistics. The lower value of
RMSE and the absolute value of BIAS statistics, the
stronger relationship is, indicating no specific
description for their thresholds (Samadi et al. 2010,
Moriasi et al. 2007).

To analyze the uncertainty in the predictions of
models, box plots were also used. To draw box
plots, decadal averages of predicted parameters
given by the two models, under A2 and B2
scenarios for SDSM and B1, A2 and AIl1B
scenarios for LARS-WG were used. Then the
average of observed data (1961-2013), the first
quantile, the distance between the first quantile and
the median, distance between median and the third
quantile of predictions for each studied variables
are calculated in order to draw the box plots. In the
Box plots the greater distance between the third
guantile and the first quantile (boxes height) or the
distance of the first quantile from median or the
third quantile from median is, the higher predicting
uncertainty is.

Results and discussions

Calibration and validation results for monthly,
seasonal and annual observation and predicted
parameters were compared, which are presented in
the following sections. Also, the results of
monthly, seasonal and annual predictions are
compared for both of the models implemented over
three future periods. The generic predictor sets
selected in this study are summarized in Table 1.

Table 1: Selected climate predictor variables used for downscaling at Khorramabad station, for each month of the year; P
stands for precipitation, T for mean temperature, | for minimum temperature, and A for maximum temperature

No NCEP Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
1 Mslpf | | | IT IT | | | IT |
2 P5-vf P P P
3 P500f ATP AT AT A A AT ATP ATP AP P ATP AT
4 P850f | | |
5 r850f P P P P P P P P P P P P
6 Rhumf AIT AIT AT AT AT AIT AIT AIT AT A | AIT
7 Shumf P P P P P P P P P
8 Tempf IAT IAT IAT AT IAT IAT IATP  IATP IATP IAT IAT IAT

mslpf = mean sea level pressure
p5_vaf = 500 hPa meridional velocity
p500af = 500 hPa geopotential height

The monthly, seasonal and annual comparisons
between observed and simulated data during the

P850f = 850 hPa geopotential height
r850af = relative humidity at 850 hPa
rhumaf = near surface relative humidity
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shumaf = surface specific humidity
tempaf = mean temperature at 2 m

calibration period (1961-1990) in Figure 2 (A, B,
C, D and E) and validation period (1991-2001) are



A., Baiati, M., Tavakoli, |., Babaeian, F., Dargahian/ Desert Ecosystem Engineering Journal (2018) 7 (1) 11-36

illustrated in this Figs F, G, H, I and J. For Tmean,
Tmax, Tmin, and ETP, the simulated curves
replicated the actual data using NCEP predictors
fairly good, indicating that future projections
would be replicated well. In the case of Pcpn the
monthly, seasonal and annual values are less
matched. SDSM result of downscaling the current
climate (1961-90) given by HadCM3 model,
comparing to actual values, will further
demonstrate the ability of SDSM to produce
accurate projections.

The calibrated SDSM models are used to
downscale HadCM3 data to obtain 40 ensembles
of synthetic daily Tmax, Tmin, Tmean, and Pcpn
time series for the A2 and B2 climate scenarios for
four analysis periods (baseline, 2020s, 2050s,
2080s). Monthly, seasonal and annual projections
for each climate variable, as well as each three
periods, as depicted in Figure 3, show a
considerable variability. According to these
figures, in all three periods; monthly, seasonal and
annual projections for Tmax, Tmin and Tmean and
both climate scenarios, compared to the baseline
period show a rising trend.

In the case of precipitation, trends in monthly
projections under the A2 scenario, for the 2020s
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except for January, November and December, for
the 2050s except for January and December, and
for the 2080s except for January, descends. Under
B2 scenario, in the 2020s except for January and
December, in the 2050s except for November and
December and 2080s except for in January, in
other months for each period, a decrease in
precipitation have been predicted.

For calibration LARS-WG model, graphical
charts and for the validation, statistical tests are
used. The monthly comparisons between observed
and simulated data during the calibration period
(1982-2013) are shown in Figure 4 (A, B and C).
For temperature, simulated curves replicated the
observed data fairly good, extrapolating that future
projections would also be well. For Pcpn the
goodness of fit for monthly values was less good.
Results of the statistical tests for validation period
(1982-2013) are presented in Table 2. The results
comparing the observed data with 32 yr of
simulated data generated by LARS-WG for
distributions of Tmax, Tmin and Pcpn monthly
means and its variances. Distributions using the
means and variances were compared using the t-
test and F-test, respectively.
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Fig 2: Comparison of daily mean observations and simulations obtained by downscaling NCEP global climate variables, for
monthly seasonal and annual: Figs A, B, C and D for Calibration period (1961-90) respectively for Tmean, Tmax, Tmin and
Pcpn, and Figs F,G,H and I for validation period (1991-2001) respectively for Tmean, Tmax, Tmin and Pcpn.
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Table 2: The significance levels (p-value) calculated by the t-test and F-test for the monthly means and variances are shown.
A probability of 0.05 or lower indicates a departure from the observations that is significant at the 5% level

Jan Feb Mar |Apr |May [Jun |Jul Aug |Sep |Oct Nov |Dec
Observed |-0.9 0.3 3.23 |7.18 |10.92 (14.61 |18.67 {17.95 |13.04 |9.14 [4.35 |0.64
o sd-Obse |1.454 |1.587 [1.469 |1.065 [1.312 |1.98 |1.729 [1.911 |1.468 |1.933 [1.328 |1.639
 |Simulated [-1.06 |0.31 |3.56 |[7.39 |11.03 [14.66 |18.74 |17.78 |13.02 |8.81 |4.61 |0.89
E sd-Simu |0.739 [0.923 |0.645 [0.62 |0.743 |0.728 |0.569 [0.49 |0.441 {0.758 |0.831 [0.805
F | t-statistics | 0.638 |-0.017 |-1.282 |-1.065 |-0.44 |-0.123|-0.236(0.551 |0.083 |1.007 |-1.016 |-0.858
p-values [0.525 [0.987 |0.204 |0.29 |[0.661 |0.903 |0.814 |0.583 |0.934 |0.318 |0.313 [0.394
Observed |10.61 [12.67 |16.91 [22.44 |28.69 [35.83 [39.35 |39.04 |34.65 |27.44 |18.58 |12.66
o sd-Obse [2.091 |1.845 (2.407 |1.736 |1.659 |1.285 |0.84 [0.855 |0.847 |1.581 [1.789 |2.119
°;« Simulated |10.57 [12.45 |16.98 [22.41 |29.14 |35.61 |39.58 [39.06 |34.47 {275 |18.37 [12.56
gsd-Simu 0.563 [0.85 |1 0.724 (0.624 |0.457 [{0.355 |0.373 [0.476 |0.891 [0.997 |0.768
= |t-statistics [0.115 |0.59 |-0.152 {0.108 |-1.417 |{0.929 |-1.383|-0.121|1.054 |-0.203 |0.555 |0.246
p-values [0.909 (0.557 |0.88 |0.914 [0.161 |0.356 |0.172 |0.904 |0.296 |0.84 [0.581 |0.807
Observed |64.37 [63.42 |81.28 [66.93 |24.49 [1.11 |0.26 |0.19 |0.95 |23.59 |58.85 |80.33
sd-Obse |31.996 |36.268|49.85441.02 |22.2 [2.938 |0.778 |0.688 |2.782 |34.258|48.529|42.804
e Simulated |62.36 [53.93 |92.2 [55.03 |28.73 [3.85 |0.56 |0.27 |4.44 |14.49 |84.54 |80.02
E |sd-Simu |39.053|27.058 | 45.097|31.166 | 21.488|5.929 |1.346 |0.961 |6.252 |15.068 |56.749|52.384
S |t-statistics [0.225 |1.186 |-0.919 |1.307 |-0.775|-2.339|-1.077 (-0.369|-2.883|1.375 |-1.947 |0.026
& p-values [0.823 [0.24 |0.362 |0.196 |0.441 |0.023 |[0.286 |0.714 |0.005 |0.174 |0.056 |0.979
f-statistics [1.49 |1.797 |1.222 |1.732 |1.067 |4.072 |2.993 [1.951 |5.05 |5.169 [1.367 |1.498
p-values [0.273 |0.108 [0.58 |0.132 |0.857 |0 0.003 |0.067 |0 0 0.388 |0.266
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Fig 4: Comparison of daily mean observations and simulations obtained by LARS-WG,
for Calibration period; (A) Tmax (B) Tmin and (C) Pcpn.

The calibrated LARS-WG were used to

downscale MPEH5 data to obtain daily Tmax,
Tmin, Tmean, and Pcpn time series for the A2, B1
and A1B emission scenarios and four mentioned
analytical periods. Monthly, seasonal and annual

projections for each climate variable, as well as the
three periods were depicted in Figure 5. According
to the figures, monthly, seasonal and annual
projections for Tmax, Tmin and Tmean comparing
to the baseline period show a rising trend, but in
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case of Pcpn, trend of monthly projections under
the A2 scenario for the 2020s, in the months of
January, February, April, October and December
in the 2050s, in February, April and October, and
for 2080s in January, February, March, April, May,
October and December decreasing and for the
other months compared to the baseline increasing
have been predicted.

Under the B1 Scenario to the 2020s, in the
months of January, February, April, October and
December, for 2050s, in January, February, April
and October, for the 2080s in January, February,
March, April, May, October and December
precipitation would decreas and in other months
compared to the baseline precipitation would
increase. Under the A1B scenario for the 2020s, in
the months of January, February, April, May and
October, during the 2050s, in January, February,
March, April, October and December, and during
the 2080s in January, February, March, May,
October and December, decreasing precipitation
and in other months increasing precipitation have
been predicted.

Annual Pcpn projections under the A2 scenario
for 2020s and 2080s decrease is predicted, but in
2050s they increased. Under the B1 scenario for
2020s and 2080s increase is predicted and for
2050s is unchanged under the A1B scenario for
2020s and 2080s increased is predicted, and for
2050s would decrease.

For error analysis in modeling of the past
period using the SDSM and LARS-WG, criteria of
R?, RMSE, Bias and NSE were used for Tmax,
Tmin, Tmean and Pcpn. Results are summarized in
Table 3. The calculated R? for Tmax, Tmin and
Tmean for SDSM were greater to the one which
was obtained by LARS-WG, whereas this criterion
for Pcpn obtained using the LARS-WG is greater.

30

This shows a stronger relationship between the two
groups of data modeled by LARS-WG. For Tmax,
Tmean and Pcpn variables, calculated RMSE
values for SDSM obtained greater than the values
calculated for LARS-WG outputs, indicating less
errors and higher accuracy of modeling for the
SDSM. For Tmin variable, RMSE for LARS-WG
became greater than the one for SDSM, showing
less errors and higher accuracy in modeling with
LARS-WG. For Tmax,Tmin, Tmean and Pcpn
variables, Bias values for SDSM and LARS-WG
were close to zero, indicating a high accuracy of
modeling for both models. Negative sign in Bias
values shows that the model has underestimated
the true values. For Pcpn, NSE is obtained for both
models close to +1, in which 1 corresponds to a
perfect match of modeled values to the observed
data. However, the NSE obtained for LARS-WG
greater than the one obtained for SDSM, which
indicates a stronger correlation between the two
groups in LARS-WG model.

Table 3: Comparison the performance of SDSM and
LARS-WG using statistical indices

Parameter Model NSE Bias R? RMSE
SDSM - 0 0.955 2.8
Tmax LARS-
WG 0.01 0.839 0.2
SDSM - 0 0.856 2.8
Tmin LARS-
WG 0.1 0.838 0.3
SDSM - 0 0.933 2.26
Tmean LARS-
WG - 0.02 0.835 0.64
SDSM 0.646 -0.2 0.748 3.9
Pcpn LARS-
WG 0.993 -0.1 0.838 0.1
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Fig 5: Monthly, seasonal and annual prolection of Tmax, Tmin, Tmean and precipitation under B1, A1B and A2scenarios for
2020s, 2050s and 2080s comparing to baseline using MPEH5 model output downscaled by LARS-WG

Uncertainty results of the variables predicted by
SDSM and LARS-WG are shown in the form of
charts Boxplots in Figure 6. In the right panel, one
can be seen, the range of uncertainty increases as
prediction period increases in all variables. It can
also be seen that the uncertainty in predicted
variables Tmax, Tmin and Tmean, increase up to
the last decade of the current century, i.e. 2091 to
2100, meaning the trust in the predictions becomes
less. Also, in the left panel height of boxplots
increase, which also indicates an increasing trend
in uncertainty of predictions. Boxes height is very
low in decades before the 2060s which indicates a
low range of uncertainty in predictions, while the
range of uncertainty increases in decades after the
2060s. About precipitation, uncertainty in some of
decades is high and in some of decades is low.
This can be explained by the fact that precipitation

is a conditional parameter which influenced by
many factors, whereas temperature is an
unconditional variable, and it is less affected by
climatic anomalies and other factors.

In Table 4 the distance between first and third
quartile (height of boxplots) shows amounts of
uncertainty in predictions which increases from the
past to future. According to the table, the greatest
uncertainty is related to decades of 2070, in which
variables of Tmax, Tmin and Tmean, are predicted
28.2 C with error of 2TC for Tmax, 11.4°C with
error of 2.3C for Tmin and 19.9°C with error of
1.8 T for Tmean. Also, the maximum uncertainty
for precipitation calculated for the period 2050s, in
which the precipitation is predicted from 2 to 9.1
mm per day. The greatest uncertainty of Pcpn is
related to period of 2050s, which is 2 mm/day with
an error of 1.9 mm/day.

Table 4: The range of uncertainty in each prediction periods for Tmax, Tmin, Tmean and Pcpn

Decade 2010s 2020s 2030s 2040s 2050s 2060s 2070s 2080s 2090s
Parameté

Tmin (°C) 9.2 9.2 9.4 10.2
uncertainty range 0.5 0.6 0.6 0.6
Tmax (°C) 257 259 259 268
uncertainty range 0.1 0.6 0.7 0.5
Tmean (°C) 174 175 17.6 185
uncertainty range 0.3 0.7 0.7 0.5
Pcpn (mm) 1.6 14 1.7 2
uncertainty range 0.5 0.3 0.4 0.8

10.2 10.3 114 115 115
0.5 0.6 2.3 2.1 1.7
26.9 27.2 28.2 28.3 27.6
0.4 0.4 2 1.7 0.5
18.5 18.7 18.7 19.9 19.9
0.5 0.6 1.8 15 1.2
1.9 19 1.8 1.7 1.7
0.7 0.8 0.3 0.5 0.6
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Fig 6: Box plot charts for evaluating model predictions uncertainties: ( A) Tmax, (B) Tmin, (C) Tmean and (D) Pcpn
Conclusion

In current study, for evaluating and predicting
climate change at Khorramabad synoptic station,
HadCM3 and MPEHS5 with different scenarios
have been used and downscaled using SDSM and
LARS-WG, alternatively. The major findings of
this study are summarized and discussed as
follows:

1) Results of calibration and validation of
monthly, seasonal and annual show an acceptable
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accordance between observations and simulations.
The calibrated models were also validated for its
ability to predict Tmax, Tmin, Tmean and Pcpn.
The validated results for both models showed good
performance and ability of two models in the
modeling of all under investigation parameters.

2) In this research, the high ability of LARS-
WG model, to generate daily data, confirms
research conducted by Semenov and Barrow
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(2002) and Elshamy et al. (2005). Ability of SDSM
model also confirmed research conducted by
Rajabi and Shabanlou (2010), Ashraf et al. (2011)
and Dehghanipoor et al. (2011) in other regions of
Iran.

3) Predictions of Precipitation in future indicate
that overall Precipitation may decrease, although
there appears to be no consistent trend in the
predictions of monthly, seasonal and annual.
However, climate change effects on Tmax, Tmin
and Tmean are more pronounced, and the results
show that three parameters in three predicted
periods increased when comparing to baseline
period.

4) For error analysis of SDSM and LARS-WG,
criteria of R2, RMSE, Bias and NSE for Tmax,
Tmin, Tmean and Pcpn variables have been used.
Results indicated a high and strong correlation
between observation and simulation. The results of
uncertainty analysis of two GCMs, showed that in
general, when predictions approach the last
decades of present century, the uncertainty of
predictions would increase. The most error of
predicted variables of Tmax, Tmin and Tmean is
related to decade of 2070s, the error value for each
variable respectively 2, 2.3 and 1.8 C. In Pcpn, the
maximum error is related to two decades of 2060s
and 2040s, that the amount of both is equal to 0.8
mm per day.

5) According to the results, criteria of error
comparison (R?, RMSE, Bias and NSE), SDSM
model does modeling variables with less errors and
more accuracy. Due to large contribution of GCM
models, in uncertainty of downscaling models, it

References

1. Ashraf B, Mousavi Baygi M, Kamali GA and Davari
K (2011) Prediction of Seasonal Variations of
Climatological Parameters over Next 20 Years by
Using Statistical Downscaling Method of HADCM3
Data (Case Study: Khorasan Razavi Province), J
Water and Soil, 25 (4): 945-957

2. Chen H, Xu CY, Guo S (2012) Comparison and
evaluation of  multiple = GCMs, statistical
downscaling and hydrological models in the study of
climate change impacts on runoff. J Hydrology 434-
435: 36-45. http:
/ldx.doi.org/10.1016/j.jhydrol.2012.02.040

3. Chen J, Brissette FP, Lucas-Picher P (2015)
Assessing the limits of bias-correcting climate
model outputs for climate change impact studies. J
Geophys Res Atmos 120:1123-1136.
doi:10.1002/2014JD022635.

4. Chmura Daniel J, et al. ( 2011) Forest responses to
climate change in the northwestern United States:

34

can be concluded that HadCM3 has better
performance than the MPEH5 in the area of
Khorramabad.

6) In general, predicted monthly, seasonal and
annual Tmax have the greatest increase compared
to the baseline period in both GCMs, under A2
scenario and in the period of 2080s. Under the
same conditions, pcpn would decrease in most
months and seasons, and in a small number of
months would increase.

7) In both GCM models, the greatest increase is
predicted for Tmax, Tmin, Tmean for HadCM3
and MPEHS5 respectively in July and August and in
summer under A2 scenario, and in the period of
2080s. Based on the results of global warming is
proved to be, and the temperature increases in most
of months, especially in the warmer months of year
and the summer season will be evident in the study
area.

8) Both downscaling models predict Pcpn with
high precision, but LARS-WG powered to be more
precise than Tmax, Tmin, Tmean and Pcpn. In this
study, Tmax, Tmin and Tmean data has the high
correlation to two GCMs compared to Pcpn.
Consequently, daily Pcpn is the most problematic
variable to study because it is a conditional
parameter.

Although using acceptable results have been
calculated with both models, the number of
additional GCMs exist for assessing precipitation
in Khorramabad stations and evaluating the ability
of other related models for investigation climate
change have been suggested.

Ecophysiological ~ foundations ~ for  adaptive
management; Forest Ecology and Management
261(7): 1121-1142

5. Dehghanipoor A, Hassanzadeh M, Attari J,
Eraghinejad S (2011) Evaluation of empowerment
of SDSM model in downscaling of precipitation,
temperature and evaporation (Case study: Tabriz
station). Eleventh Seminar irrigation and
evaporation. 18-20 February.

6. Elshamy ME, Weather HS, Gedney N, Huntingford
C (2005) Evaluation of the rainfall component of
weather generator for climate change studies, J
Hydrology, 326: 1-24. doi:
10.1016/j.jhydrol.2005.09.017

7. Hao Z, Ju Q, Jiang W, Zhu, C (2013) Characteristics
and Scenarios Projection of Climate Change on the
Tibetan Plateau. The Scientific World Journal,
http://doi.org/10.1155/2013/129793


http://dx.doi.org/10.1016/j.jhydrol.2012.02.040
http://dx.doi.org/10.1016/j.jhydrol.2012.02.040
https://doi.org/10.1002/2014JD022635

10.

11.

12.

13.

14.

15.

16.

17.

18.

A., Baiati, M., Tavakoli, |., Babaeian, F., Dargahian/ Desert Ecosystem Engineering Journal (2018) 7 (1) 11-36

Hashemi MZ, Shamseldin AY, Melville BW (2011)
Comparison of SDSM and LARS-WG for
simulation and downscaling of extreme precipitation
events in a watershed. Stochastic Environmental
Research and Risk Assessment, 25(4): 475-484. doi:
10.1007/s00477-010-0416-x

IPCC (2013) Summary for Policymakers. In:
Climate Change (2013): The Physical Science Basis.
Contribution of Working Group | to the Fifth
Assessment Report of the Intergovernmental Panel
on Climate Change [Stocker, T.F., D. Qin, and G.-K.
Plattner, M. Tignor, S.K. Allen, J. Boschung, A.
Nauels, Y. Xia, V. Bex and P.M. Midgley (eds.)].
Cambridge University Press, Cambridge, United
Kingdom and New York, NY, USA, 4 pp.

Maraun D, Wetterhall F, Ireson AM, Chandler RE,
Kendon EJ, Widmann M, Brienen S, Rust HW,
Sauter T, ThemeBl M, Venema VKC, Chun KP,
Goodess CM, Jones RG, Onof C, Vrac M,
Thiele-Eich | (2010) Precipitation downscaling
under climate change: recent developments to bridge
the gap between dynamical models and the end user.
Rev Geophys, 48 3): 1-34. doi:
10.1029/2009RG000314

Meteorological Organization of Lorestan province,
Applied Research Center (2010) Climate identity of
city of Khorramabad, Iran.

Mirdarvishan M, Najafinejad A, Malekian A,
Sadoddin A (2017) Downscaling the contribution to
uncertainty  in  climate-change  assessments:
representative  concentration  pathway (RCP)
scenarios for the South Alborz Range Iran.
Meteorol. Appl., DOI: 10.1002/met.1709

Moriasi DN, Arnold JG, Van Liew MW, Bingner
RL, Harmel RD, Veith TL (2007) Model evaluation
guidelines for systematic quantification of accuracy
in watershed simulations. Trans ASABE, 50(3):
885-900.

Nash JE, Sutcliffe JV (1970) River flow forecasting
through conceptual model. J Hydrol, 10: 282-290.
doi: 10.1016/0022-1694(70)90255-6

Nasoohyan S, Ghobadiniya M, Tabatabai S,
Khaleghi H (2013) The effect of climate change on
temperature and precipitation in the plains of
Shahrekord & Borujen during the 2049-2020. The
first national conference of Iran Climatology. May
21 & 22, 2013. Graduate University of Advanced
Technology, Kerman, Iran

Pinto JG, Neuhaus CP, Leckebusch GC, Reyers M,
Kerschgens M (2010) Estimation of wind storm
impacts over Western Germany under future climate
conditions using a statistical-dynamical
downscaling approach. Tellus A 62 (2): 188-201.
doi: 10.1111/j.1600-0870.2009.00424.x

Rajabi A, Shabanlou S (2010) Climate index
changes in future by Using SDSM time periods in
Kermanshah Iran. Journal of Environmental
Research and Development, 7(1).

Rana A, Foster K, Bosshard T, Bengtsson L, Olsson
J (2014) Impact of climate change on rainfall over
Mumbai using Distribution-based Scaling of Global
Climate Model projections. Journal of Hydrology:

35

Regional Studies, 107-128.
//dx.doi.org/10.1016/j.ejrh.2014.06.005
19. Rehan Dastagir M (2014) Modeling recent climate
change induced extreme Events in Bangladesh: A
review, Weather and Climate Extremes. http:

/ldx.doi.org/10.1016/j.wace.2014.10.003.

20. Salajegheh A, Rafiei Sardoii E, Moghaddamnia A,
Malekian A, Araghinejad S, Khalighi Sigarodi S,
Saleh Pourjam A (2017) Performance assessment of
LARS-WG and SDSM downscaling models in
simulation of precipitation and temperature. Iranian
Journal of Soil and Water Research, 48(2); 253-262.

21.Samadi S, Ehteramain K, Sarraf BS (2011) SDSM

ability in simulate predictors for climate detecting
over Khorasan province, Procedia Social and

Behavioral ~ Sciences  19:  741-749.  doi:

10.1016/j.sbspro.2011.05.193

Samadi SZ, Sagareswar G, Tajiki M (2010)

Comparison of General Circulation Models:

methodology for selecting the best GCM in

Kermanshah Synoptic Station, Iran, Int J Global

Warming, 2(4)347-365. http:

//dx.doi.org/10.1504/1JGW.2010.03759

23. Schoof JT, Shin DW, Cocke S, LaRow E, Lim YK,
O’Brien JJ (2009) Dynamically and statistically
downscaled seasonal temperature and precipitation
hind cast ensembles for the southeastern USA. Int. J.
Climatol, 29 (2): 243-257. doi: 10.1002/joc.1717

24.Semenov MA, Barrow EM (2002) LARS-WG a
stochastic weather generator for use in climate
impact studies. User’s manual, Version3.0

25. Spickett Jeffery T, Brown Helen L, Katscherian
Dianne (2011) Adaptation strategies for health
impacts of climate change in Western Australia:

http:

22.

Application of a Health Impact Assessment
framework; Environmental Impact Assessment
Review, 31: 297-300. http:

//dx.doi.org/10.1016/j.eiar.2010.07.001

26. Teutschbein C, Wetterhall F, Seibert J (2011)
Evaluation of different downscaling techniques for
hydrological climate-change impact studies at the
catchment scale. Clim. Dyn, 37 (9): 2087-2105. doi:
10.1007/s00382-010-0979-8

27.Wilby RL, Dawson CW (2004) Using SDSM
Version 3.1- A decision suport tool for the
assessment of regional climate change impacts, User
Manual.

28.Wilby RL, Hay LE, Leavesley GH (1999) A
comparison of downscaled and raw GCM output:
implications for climate change scenarios in the San
Juan River basin, Colorado J Hydrol 225 (1-2): 67—
91. http: //dx.doi.org/10.1016/S0022-
1694(99)00136-5

29.Willems P, Vrac M (2011) Statistical precipitation
downscaling for small-scale hydrological impact
investigations of climate change. J Hydrol, 402 (3—
4): 193-205. http:
//dx.doi.org/10.1016/j.jhydrol.2011.02.030

30.Zhao Yong WD, Yuan-sheng P (2010) Numerical
Simulation and Evaluation of Regional Climate
Change in Southwest China by a Regional Climate
Model. International Society for Environmental


http://dx.doi.org/10.1016/0022-1694%2870%2990255-6
http://dx.doi.org/10.1016/j.ejrh.2014.06.005
http://dx.doi.org/10.1016/j.ejrh.2014.06.005
http://dx.doi.org/10.1016/j.wace.2014.10.003
http://dx.doi.org/10.1016/j.wace.2014.10.003
http://dx.doi.org/10.1016/j.sbspro.2011.05.193
http://dx.doi.org/10.1016/j.sbspro.2011.05.193
http://dx.doi.org/10.1504/IJGW.2010.03759
http://dx.doi.org/10.1504/IJGW.2010.03759
http://dx.doi.org/10.1016/j.eiar.2010.07.001
http://dx.doi.org/10.1016/j.eiar.2010.07.001
http://dx.doi.org/10.1016/S0022-1694%2899%2900136-5
http://dx.doi.org/10.1016/S0022-1694%2899%2900136-5
http://dx.doi.org/10.1016/j.jhydrol.2011.02.030
http://dx.doi.org/10.1016/j.jhydrol.2011.02.030

A., Baiati, M., Tavakoli, |., Babaeian, F., Dargahian/ Desert Ecosystem Engineering Journal (2018) 7 (1) 11-36

Information Sciences 2010 Annual Conference 1554,
(ISEIS). Procedia Environmental Sciences, 2: 1540-

36



