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Extended abstract

Introduction

In recent years, factors such as the growth of industrial activities and environmental destruction have led to an
increase in greenhouse gases, resulting in disruption of the climate balance known as climate change. The
negative impact of this phenomenon on various systems, such as water resources, agriculture and industry,
has raised concerns in human society. Consequently, addressing the issue of climate change regarding water
resources has become one of the primary causes of concern today. Climate change and its effects pose
significant challenges to water and energy resource management, necessitating thorough investigation and
developing plans to mitigate its impact on water resources. This study aims to identify the region's most
suitable climate change model and assess the effectiveness of artificial intelligence methods in studying the
climate change phenomenon.

Materials and methods

One of the most reliable approaches for studying the parameters influencing hydrological phenomena under
climate change is atmospheric general circulation models. To employ these models on a regional scale,
downscaling operations are necessary. Given the large number of parameters derived from Earth's General
Circulation Models (GCMs), selecting the most influential parameters is essential before proceeding with the
exponential downscaling process. In this study, the meteorological and hydrological parameters of the Ardabil
synoptic station were determined using 25 models from the fifth series of the IPCC report. The linear
correlation coefficient between monthly precipitation and observed temperature with the output of GCM was
used to identify the most appropriate model among the reviewed models. Artificial Neural Network (ANN)
was also utilized to downscale the GCMs output. Before employing the neural network, the linear correlation
coefficient, the standard information function, and the M5 decision tree were used to identify the most
suitable input parameters from the parameters of the best GCMs in the region, to obtain an ideal and optimal
network.

Results and discussion

This research investigated 25 models from the fifth series of the IPCC report to explore the uncertainty of
GCMs. The results indicated that three models-MRI-CGCM3, CMCC-CMS, and MPI-ESMMR -demonstrated
the most suitable correlation coefficients at the Ardabil synoptic station. The findings related to determining
the most appropriate input parameters for exponential downscaling, using three methods: linear correlation
coefficient, standard information function, and M5 decision tree, revealed that the decision tree algorithm
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provided the most suitable parameters. Moreover, the results obtained from the downscale analysis using the
neural network with the variables selected by the decision tree method exhibited the excellent performance of
this approach in selecting the effective input parameters of the neural network. Specifically, using the selected
parameters of the MRI-CGCM3 model as input for the neural network as a downscaling method yielded
better outcomes. The results obtained using the selected parameters of the MRI-CGCM3 model indicated that
for the precipitation parameter, the values of the Determination Coefficient (DC), Root Mean Square Error
(RMSE), and Correlation Coefficient (CC) for the test data were 0.39, 0.04, and 0.63, respectively. For the
temperature parameter, the values of DC, RMSE, and CC for the test data of the superior model were 0.9,
0.03, and 0.95, respectively.

Conclusion

The performance of exponential downscaling networks is determined by the climatic conditions of the region.
The superiority of a particular model in one study cannot be regarded as a valid argument for selecting that
model for all regions. It is advisable to utilize different models of the general earth circulation within the
region to identify an optimal model. Conducting such studies can assist researchers in investigating various
hydrological phenomena that may occur in the future, which may have irreparable consequences.
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Table 2. Values of the correlation coefficients for the GCM models

Model ce
Precipitation Temperature
CMCC-CESM 0.1018 0.9245
CMCC-CM 0.2991 0.9153
CMCC-CMS 0.3581 0.9244
CNRM-CMS5 0.2777 0.9100
CSIRO-Mk3-6-0 0.1105 0.6900
CanESM2 0.1328 0.7178
GFDL-ESM2M 0.3050 0.7654
HadCM3 0.0991 0.5096
HadGEM2-AO 0.0559 0.5510
HadGEM2-CC 0.0569 0.5742
HadGEM2-ES 0.0509 0.5753
Inmem4 0.0841 0.0079
IPSL-CMS5A-LR 0.1173 0.7954
IPSL-CM5A-MR 0.1625 0.7677
IPSL-CM5B-LR 0.2198 0.7652
MIROCS 0.1325 0.7641
MIROC-ESM-CHEM 0.3151 0.9080
MIROC4H 0.2218 0.9033
MPI-ESM-LR 0.3129 0.9221
MPI-ESM-MR 03119 0.9245
MPI-ESM-P 0.2753 0.9247
MRI-CGCM3 0.3338 0.9282
MRI-ESM1 0.2461 0.9244
MIROC-ESM 0.2141 0.7196
FGOALS-s2 0.2170 0.9165
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Table 3. Abbreviation of the selected effective parameters of the selected models (https://esgf-node.llnl.gov)

Parameter abbreviation

Parameter description

Eastward near-surface wind uas
Zonal wind ua
Atmosphere mass content of cloud ice Clivi
Air temperature ta
Near surface air temperature tas
Daily maximum near-surface air temperature tasmax
Daily minimum near-surface air temperature tasmin
Sea surface temperature ts
near surface air temperature tas
Total cloud cover percentage clt
Air pressure at convective cloud base ccb
Mass fraction of cloud liquid water clw
Condensed water path clwvi
Air pressure at convective cloud top cct
Cloud area fraction cl
relative humidity Hur
Specific humidity Hus
Surface upward sensible heat flux hfss
Near surface specific humidity huss
Surface upwelling longwave flux in air rlus
Downwelling shortwave flux rsds
Surface downwelling longwave flux in air assuming clear sky rldscs
Surface upwelling shortwave radiation sus
Surface downwelling clear-sky shortwave radiation rsdscs
TOA outgoing clear-sky shortwave radiation rsutcs
Geopotential height zg
Precipitation pr
Atmosphere water vapor content prw
Tro3

Mole fraction of O3

M5 ol 250 g MILCC (gl g,y b oo (s g0 o yial )y -F Jgur
Table 4. Effective parameters determined by CC, MI and M5 decision trees

CMCC-CMS MRI-CGCM3 MPI-ESMMR
CcC MI M35 CcC MI M35 CcC MI M5
tal00 ta850 clwvi clt uas cct hur250 zg250 clw
clivi clivi rlus clwvi hur250 cl tal00 rldscs hfss
Precipitation clt zg250 ta250 ccb rlus Hurl0 clt clivi hurl0
hur500 ta ts clivi ta500 huss hur500 ual0 ta500
hur250 ta500 ua250 tal00 rsds rlus clivi rsus tasmin
pr tasmax ua500 hur500 tasmin sfewind pr ta700 -
ts cct hur50 tasmin hur250 hus10 rldscs rldscs hur100
zg50 clt hus850 ts uas hur700 tasmin 2250 hus50
Temperature tas clivi hus 250 rldscs rlus ts tas zg rsdscs
rlus zg250 tal0 rlus prw zg50 ta850 ual0 rsutcs
tasmin ta850 ua50 Tasmax ta500 zg700 ta tro3 tro3
ta850 ta500 ua700 ta500 tasmin - rlus rsus ta
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Table 5. The results of precipitation and temperature simulations using an artificial neural network for the MRI-CGCM3 model

Characteristic CcC RMSE DC
Variable extraction Input(t) epoch Network Output
structure Train  Test  Train  Test  Train  Test
method
Clt, clwvi, ccb, clivi,

CcC ta100,hur 500 260 1-3-6 Pr(t) 0.61 0.56 0.11 0.05 0.37 0.31

. Uas, hur 250, rlus,
Precipitation MI ta500, rsds, tasmin 160 1-4-6 Pr(t) 0.71 0.63 0.09 0.05 0.50 0.38

hus10,hur

M5 700,t5,7850, 8700 300 1-4-5 Pr(t) 0.67 0.65 0.11 0.04 0.40 0.39
cc Tasmin, ts, rldscs, 280 1-3-6 Tas() 094 095 005 003 089 087

rlus,tasmax, ta500
Temperature MI Hur250, uas, rlus, 290 1-5-6 Tas() 095 095 005 003 091  0.88

prw, ta500, tasmin
M5 Husl Obh;’gr;g%ts’zgs 170 1-10-6  Tas(t) 096 095 0053 003 092 090
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Table 6. Comparison of the results of selected regional models for the prediction of temperature and precipitation parameters
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mas 4l (6995 Syl e oS sl MS
St 5l Jolo @ls (oleimlden ) Jby) olyea
23 cenbie 0 Shos 5l LS (ogian (oras 4SS L

Variable Model Input(t) Epoch I;Irit\:/ork* output ce RMSE be
structure Train Test Train  Test Train Test
C(I:V;IZSC Ta850,clivi,zg250,ta,ta500, tasmax 220 1-2-6 Pr(t) 069 056 0.1 011 048 028
. MPI- ..
Precipitation ESMMR Zg250,rldscs,clivi,ual 0,rsus,ta700 260 1-3-6 Pr(t) 0.60 0.56 0.11 0.05 0.35 0.30
(MI)
MRI- .
CGCM3 Uas,hur250,rlus,ta500,rsds, tasmin 160 1-4-6 Pr(t) 0.71  0.63 0.09 0.05 0.50 0.38
CMCC- ..
CMS Cet, clt, clivi, zg250,ta850,ta500 270 1-4-6 Tas(t) 0.94 0.94 0.11 0.11 0.89 0.88
MPI-
Temperature ESMMR Rldscs,zg250,zg, ualo, tro3, rsus 240 1-2-6 Tas(t) 095 093 0.05 0.04 092 0.82
(MI)
MRI- .
CGCM3 Hur250,uas,rlus,prw,ta500,tasmin 290 1-5-6 Tas(t) 095 095 0.05 0.03 091 0.88
CMCC- .
CMS Clwvi,rlus,ta250,ts,ua250,ua500 180 1-3-6 Pr(t) 0.61 0.56 0.10 0.05 0.38 0.29
p:]e)cég;;?sr‘l’“ Eé\;\lﬂ&[{ Clw,hfss,hur10,ta500,tasmin 120 1-4-5 Pr(t) 055 054 0.1 005 030 029
tree)
MRI- .
CGCM3 Cct,cl,hurl0,huss,rlus,sfewind, 300 1-4-6 Pr(t) 0.64 0.63 0.11 0.04 040 0.39
CMCC-
CMS Hur50,hus850,hus250,tal0,ua50,ua700 290 1-7-6 Tas(t) 097 0.92 0.05 004 094 0.82
Tf]r)“fgrs?;lf Eé\;\[/I[)II/_[R Hur100,hus50,rsdscs,rsutcs, tro3, ta, 220 1-10-6  Tas(t) 098 094 0.03 003 096 0.84
tree)
MRI-
CGOM3 Hus10,hur700,ts,2g50,zg700 170 1-10-5 Tas(t) 096 0.95 0.05 0.03 092 0.90
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