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Statistical downscaling of General Circulation Model (GCM) outputs to
obtain accurate climate estimates at local scales is one of the fundamental
challenges in climate change studies, particularly in hydrologically sensitive
regions. Considering the limitations of conventional statistical methods and
the emergence of modern machine learning algorithms, the present study
aims to evaluate the performance of three methods—Multilayer Perceptron
(MLP), Support Vector Machine (SVM), and Random Forest (RF)—for
downscaling precipitation and temperature variables. Accordingly, the
outputs of 10 CMIP6 climate models under four scenarios (SSP1-2.6, SSP2-
4.5, SSP3-7.0, and SSP5.58) were extracted for the upstream basin of the
Karkheh Dam during the historical period 1990-2014. The data were used
for training for 20 years, and five years for testing the models.. Evaluation
results based on three statistical indices (R?, MAE, and RMSE) showed that
the RF method outperformed the other two methods for both precipitation
and temperature, while SVM yielded the weakest results, particularly in
precipitation downscaling. Leveraging the superior RF approach, climate
variables were projected for the periods 2031-2055 and 2056-2080, with
trends analyzed using the Mann-Kendall test and Sen's slope estimator. The
findings indicated that mean precipitation decreases under all four scenarios,
with reductions of approximately 2.96% to 19.22%, while average
temperature increases by 1.13°C to 3.13°C. Furthermore, trend analysis of
precipitation and temperature variables for future periods under the
evaluated scenarios indicates the persistence of natural and random
fluctuations in precipitation alongside statistically significant upward trends
in regional mean temperature. These results highlight the high sensitivity of
the study area to climate change impacts and the necessity of employing
machine-learning-based approaches to improve the accuracy of projections.
Moreover, the application of these models enhances the ability to capture
complex climate patterns and can effectively contribute to improving the
downscaling of climate-model-simulated variables.
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EXTENDED ABSTRACT

Introduction: Accurate regional-scale projections of climate change play a critical role in water resources
management, agricultural planning, and climate adaptation strategies, particularly in hydrologically sensitive
regions such as the upstream basin of the Karkheh Dam in western Iran. General Circulation Models (GCMs) are
the primary tools used to simulate the Earth’s climate system and assess future climate changes under different
greenhouse gas emission pathways. Despite their ability to represent large-scale atmospheric and oceanic
processes, GCMs operate at relatively coarse spatial resolutions, which limits their capacity to capture local-scale
climatic variability, especially for precipitation and temperature in regions with complex topography. To address
this limitation, downscaling techniques are employed to translate large-scale GCM outputs into finer-resolution,
site-specific climate information. Among these approaches, statistical downscaling has been widely adopted due
to its simplicity and lower computational demands compared to dynamical downscaling methods. However,
conventional statistical techniques often rely on linear assumptions and predefined probability distributions, which
restrict their ability to represent complex and nonlinear relationships between large-scale climate predictors and
local climatic variables. In recent years, advances in machine learning have provided powerful alternatives for
statistical downscaling, as these methods are capable of learning nonlinear patterns directly from data without
strong distributional assumptions. Given the growing use of machine learning approaches and the limited number
of comprehensive comparative studies in Iran, this research aims to evaluate and compare the performance of
three widely applied machine learning algorithms—Multilayer Perceptron (MLP), Support Vector Machine
(SVM), and Random Forest (RF)—for downscaling precipitation and temperature simulated by CMIP6 GCMs
under different Shared Socioeconomic Pathway (SSP) scenarios in the upstream Karkheh River Basin.

Methodology: In this study, monthly observed precipitation and mean temperature data from 11 meteorological
stations, including eight stations located within the study basin and three stations in surrounding areas, were used
as reference data. The historical period from 1990 to 2014 was selected as the baseline period due to data
availability and consistency across stations and climate models. This period was divided into a 20-year training
phase (1990-2009) and a 5-year testing phase (2010-2014) to develop and validate the machine learning models.
Climate model outputs were obtained from ten CMIP6 GCMs under four SSP scenarios (SSP1-2.6, SSP2-4.5,
SSP3-7.0, and SSP5-8.5), and large-scale predictors derived from these models were statistically related to station-
scale observations. Three machine learning algorithms—MLP, SVM, and RF—were implemented to establish
nonlinear relationships between GCM predictors and observed climate variables. Model performance was
assessed using three commonly used statistical indicators: the coefficient of determination (R2), mean absolute
error (MAE), and root mean square error (RMSE), which collectively evaluate goodness-of-fit, bias, and overall
predictive accuracy. After identifying the best-performing downscaling method based on the evaluation results,
this method was applied to generate future downscaled projections of precipitation and temperature for two future
periods, 2031-2055 and 2056-2080. Finally, the Mann—Kendall non-parametric test and Sen’s slope estimator
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were employed to analyze trends in the projected climate variables and to assess the direction and magnitude of
future changes.

Results and Discussion: The comparative evaluation of the three machine learning algorithms reveals clear
differences in their downscaling performance. Overall, the Random Forest method consistently outperformed
MLP and SVM for both precipitation and temperature across all stations and evaluation metrics, achieving higher
R2 values and lower MAE and RMSE during both training and testing periods. The superior performance of RF
can be attributed to its ensemble structure, which effectively captures complex nonlinear relationships while
reducing overfitting through bootstrap sampling and averaging multiple decision trees. In contrast, the SVM
approach exhibited the weakest performance, particularly for precipitation downscaling, which can be explained
by the highly variable and intermittent nature of rainfall in the study region. The MLP model showed moderate
performance and generally outperformed SVM, but its accuracy and robustness were lower than those of RF,
especially during the testing period. Using the RF model, future climate projections indicate a consistent decrease
in mean precipitation under all evaluated SSP scenarios, with reductions ranging from approximately 2.96% to
19.22% relative to the historical period. These changes are characterized by strong seasonal variability and
irregular patterns, reflecting the persistence of natural and random fluctuations in precipitation. Trend analysis
using the Mann—Kendall test confirms that statistically significant precipitation trends are limited in most months,
although Sen’s slope estimator suggests an overall downward tendency as greenhouse gas concentrations increase.
In contrast, temperature projections show a clear and statistically significant upward trend across all scenarios,
with increases ranging from approximately 1.13°C under SSP1-2.6 to 3.13°C under SSP5-8.5. The magnitude of
warming intensifies under higher emission scenarios, indicating an increased likelihood of heat stress events,
enhanced evapotranspiration, and greater drought risk in the region.

Conclusion: This study demonstrates the strong potential of machine learning-based statistical downscaling
methods for improving the accuracy of local-scale climate projections derived from GCM outputs. Among the
evaluated algorithms, Random Forest proved to be the most reliable and robust method for downscaling both
precipitation and temperature in the upstream Karkheh River Basin. The projected combination of decreasing
precipitation and increasing temperature highlights the high sensitivity of the study area to climate change impacts
and underscores the need for proactive water management and adaptation strategies. While machine learning
approaches offer notable advantages in capturing complex climate patterns and reducing computational costs,
their performance remains dependent on the choice of algorithm, climate variable, and regional characteristics.
The findings of this research provide a comprehensive comparative framework for selecting appropriate
downscaling methods and contribute valuable insights for climate impact assessments and decision-making
processes in Iran and similar semi-arid regions.

Ethical Considerations

Data availability statement: All information and results are presented in the text of the article.

Funding: This research was independently conducted and did not receive any financial support from any
organization or agency.

Authors’ contribution: Ali Sadian: Writing and editing, data source, results and coding process; Nima Nemati
Shishehgaran: Conceptualization, methodology, software.

Conflicts of interest: The authors of this paper declared no conflict of interest regarding the authorship or
publication of this article.

Acknowledgment: The authors extend their sincere gratitude to the Iran Meteorological Organization (IRIMO)
for granting access to the station data utilized in this study.


https://dor.isc.ac/dor/20.1001.1.24235970.1404.13.4.1.7
https://jircsa.ir/article-1-605-fa.html

[ Downloaded from jircsa.ir on 2026-06-15 ]

[ DOR: 20.1001.1.24235970.1404.13.4.1.7 ]

SLod 9 (3l (L putio olod wlidoay 1 (il (553U (S g, 3, Sdes dunnlio
ool gL Jao Jagi b 6 5w dnd

O ) S ddiwd oxs lowd B Lz e
Al sadian@modares.ac.ir « |y ¢ 05 ¢y yhe Canryi oK1 (659l 018> «l iyt 5 wdigo 09,5 (5SS (gluals )

Nima.Nemati@modares.ac.ir )l ¢l «_ywydo o s ol ¢ 659l 08ty «l o pdo g gurtitgo 09,5 byl awled S asgol yiils ¥

XN Ao Olaswiv
383 gl 4 oliws yghited (BCM) @ ages (55 saia (295 (olosplia) Wl 95

olee 3ble ) 0394 @Bl pois Slalllae )5 (bl sla il I (S (oo (sla bt )3 (o8l
S35k Cng iyl 1ol 5 powye (olel (sla sy slacydgine 4 da g bl (Sjelspaun

Obidy )13 (yedle (MLP) Y (g 3k by dw 3)Shes (obj)l Bua b pols imgly (ile Al axesey U
ol 5 sl 00 ol Lod 5 Uyl celopito pleioliioss, sl (RF) Lol JSis 5 (SVM) Vot V7 sl

SSP5.85 5 SSP3.70 SSP2.45 26 (ss )l oz <o CMIPE (aulil Jio Ve (g5 i,

V¥ 03V 16,5550
090 5 53 odls i gl el YoVF UAAe 50, 0)90 50 48 )8t Cuwd YL dilBdg) ad e (gl

V¥ YR i e dy

lel pasls aw b byl gl i) S @ e ge5] (sly Aozt 093 9 o590l (sly b Yo
V¥ oo Y e L)

0los K00 gy 99 Ay Cannsd Lod g (i)l yuxio 90 & O RF g, a8 0 Lis RMSE ¢ MAE (R?
SrSorele 2,5 1) il alei ol 3 05yt |y 0 s icions SYM &8 Jlo 5 35 6
ol plool Yo A=Y+ 0F 5 V00— ¥V glaoysd (gl oull (sl yuiio (6,55 i (RF) 5y (i, j
O W) )f.))}i): 9 Jlb{-u‘o u?o)i )l odlaswl Lb axlllas D90 ‘SLQ).\:IA ul)w "\"5) wL@e PNy
2 g odg bl Ol gl gyl Hlen o 0 5L lhwgio 457 W0 L aadl A wyp
Bl 4 YWY B VWY o bod bawgie 457 Jb 3 tcdly salgs ials o 3 VA/YY B Y/AF g0
ST sleoygs (ly oo g il slapite 89, b)) 5l ol s (e abge (il oS
L9y oline Sal38l g (5)b e (S3la 5 ok Sllugi polis )L (2l )50 Slage sl cos
gy 9 puldl yuts Ol ey Sledllas adlaie YU Comslues Sy il ol .anl ddlais (glod awgio
S5 8 pimmad Cawl b 6,55 i B3 dguty Caps (il (650l g sitio (sl83,S0 g 3l o0l
J»T)B S92 5O leyuﬁ 9 039 ol)@ Ml ol dba;i” Cl)én‘i.ml uﬂb’l}'i u.u;l)sl Ll s L’xl
295 aBly $5e corddl slo Jao bausgs oad giludund sl yuite (plod plidos)
bod 5 iyl sla psie olod plido gy 50 Cpble (6S3b (slo yog) 3 Slos dunslio (VF+F) Lo oy Sadind (o g o Jo bt 3l ]
MYV (WY hb S ol (clodilols . ould] (sloJdo Lawgs 005 ¢ luodonis

DOR: 20.1001.1.24235970.1404.13.4.1.7

(s glaejly

oses S b Jao oildl s
Moy oeile ¥z gty o>
a—dp o polal K> ol
4558 S CandYL Gy,

Ol b 2K zsbw Glapiume als ool 180

ul; .-‘“:. “ ’Lo.’o:}:‘); D. “939;&
ul).:l sul).ea e Sy oKisly 565)9'.«35 IR sg_JT Copde g (wdigeo 09).? :uJL;d
Nima.Nemati@modares.ac.ir : g wSI Conny


mailto:Ali.sadian@modares.ac.ir
mailto:Nima.Nemati@modares.ac.ir
https://dor.isc.ac/dor/20.1001.1.24235970.1404.13.4.1.7
mailto:Nima.Nemati@modares.ac.ir
https://orcid.org/0000-0002-7305-8647
https://orcid.org/0009-0002-9257-218X
https://dor.isc.ac/dor/20.1001.1.24235970.1404.13.4.1.7
https://jircsa.ir/article-1-605-fa.html

[ Downloaded from jircsair on 2026-06-15 ]

[ DOR: 20.1001.1.24235970.1404.13.4.1.7 ]

Y e 32 Cile (650l (G Wigy 3 o Ao

dodo

o 5 S50t sl Bl il ) Sitmgy o Sgys0 Jladts Sl sloli] | ages (53,5 (sla e ot conlll sl Jss
raw slbsnld 5 wgildl (cox daxie (ot oS 5 L ln Jse oyl (Flato etal., 2014) 15 o 0,40 waldl 5T Jleis| slogs lw
ASS o wlyd 1y Slal cleladl blaze <l 31 Sbjyl 6] ieads 5 dind o &l e palBl oSl Gl dres Sy0 ¢ yuoj
Gl S &S 3 o Jor Sy Cams 4 SlKe wliie 13 Ygoro WGCM oyl 03208 culilé 3954 L .(Pachauri et al., 2014)
SogS e wliie I 6350, (Wilby et al., 2004) 13l lilaie ploo sy S b (doee Sllogs JolS slasjl 4 5506
‘um.m @LBI)» dlol.uo d‘ﬁ L;“J.sl dlbd)iuw W [n‘.i;m L uol& du’d&” 4 D9 L;lmo.\;.J.g. adlas 5 0}3945 .\)‘94@
losiliazsy ol 0331 ol jon (¢ pSiin i Tl i) Slabsy (opk g dgs @i > 298 oo Bk 4 e
e hsye Shalie slaodls 5 Syh pwlie b (ogee (35 sladde lac2gS le Sloj g e S & cunl ()
(385 g (wliejsy caodly & (WGCM 29,58) (wlieS 5 slaodly s ¢ 5)le 4 (Fowler et al., 2007) &S o 4 1, dileto
g g0 030l lad plios) pb 4y g1

5 odlil a4 Seelis oles pobiosy Fiolol 3,509, 5 T Suolud 5,y 3,15 3939 pleiwbidesny ol 3,9, 93 (S Hobas
Amnuaylojaroen, ) ssi o EMbl (asuie g dgie il ojes G )0 edldl bl yd (gilwand (oly O glailaie al8l sl Jao
2 Smlin el clayiie 5 5p obie b son sl piio Sheo oolel Lalsy (69,55 4l (oolel ol oi0lS ¢ lie ;5 (2023D
& ol ploimliig) ST o Snlisd loimliiogs) (sl sbose 5 Slobrs (S & 5 b ol (lomo ulite
lyais 8l a8 Slllas (ol job 4 X505 o 53 ool 5)90 waldl s Slalllas ;5 0358 job 4 d ) Cggu g (Solw S
tledpliboss; (slo gy clodd gy o 08 s 3blio 15 (lb 2 dlews g (yjre dailing, o) (5359, 9 o o 2 (sorld
eleiwbiosny cla b, < IS Hob 4 (Amnuaylojaroen, 2023b) xilas 3 )15 oslitul 3,90 (RCM) by (sla s, 5l st snn (6l
.AO%M:;) 5 e gy hey g ‘Vu..{lybsyi R{ENUYS ‘;d? Srcunsy gadids 238l diwd dw & u‘?’&" Iy ‘_g)LoT

el joebs (olaielidefsy (slaei s 1 earter Jud ¢ Slawbre g g (mible (653L 059> )3 il lacdptn 4 (5,51
S5 ol ilon)S ST (V2 A) hKan g GhOSh a5 a5 e .5yl sz Jas e Lailg) S )3 oYL Ul L oSl o)
loirliegs) Ca lice sl Jue disly cul 53 35,13)55 52 005 loxe MolS g 353685 a8l sl gl 1)) (gl 2Vl Jimilsy S
1 slayisle (Coulibaly et al., 2005) * couas uas (dSs dlox I (ilonds 48,5 IS & 5 didly dawgs ouldl (gloyuiio
Boosting'" ;Lsl,5 ile (Malekipirbazari and Aksakalli, 2015) ' éslas JSi> {Anandhi et al., 2008) L,
&S | wlawsly lad pwlibossy 9o ) ok Wi by cpl.ope o (Ray etal., 2019) ¥ oeuas &5 (Bedia et al., 2013)
e olislen slopiio 4 1) Sy ol )3 alll (glaodiiS sy 45 Wt (Sl (slooSl Ll 5 ololid 4 6 b
sl Jae a5 waly lis Pryor g SChoof ges (slys cCuvlosds ploul aie; cpl 4o 56 aliee (glamslio Cildllas Wilo o lagye
9 Kostopoulou « Jilie 5 .55, aillus  das guw)S, 4 Coamd (550 3,Skes Indianapolis s 4iljg, (slos 3,91, ;5 ANN
o) S o Jes ANN 5l iy bgy 5o jSTas o J8las slaled (g5lwans 3 CCA g MLR &5 Ws)S° 5)155 (Y++VY) o,

23 &)l (255l 3)50 (souldl e S| (853 (e5S Ll den )3 Al ced oaBl sla sy, S Sy e & s o Lt Slalllas

! General Circulation Models (GCMs)
2 Downscaling

3 Dynamical Approaches

4 Statistical Approaches

> Regional Climate Models (RCM)

¢ Weather Typing

7 Weather Generators

8 Regression-Based Methods

o Artificial Neural Network (ANN)

10 Support Vector Machines (SVM)

' Random Forest (RF)

12 Gradient Boosting Machine (GBM)
13 Decision Tree (DT)

14 Multiple Linear Regression (MLR)


https://dor.isc.ac/dor/20.1001.1.24235970.1404.13.4.1.7
https://jircsa.ir/article-1-605-fa.html

[ Downloaded from jircsair on 2026-06-15 ]

[ DOR: 20.1001.1.24235970.1404.13.4.1.7 ]

(VEF Y als F o)) olyb ST ol sailolw Y

el sl )3 gyl (sla i, b oile (653 (slasiy) dunlie 4 (gladdllas b o Siing 1 (5 2 95 ke ol IS )
S5 Teds 4 (ol 5 owile 50k) bey cul 5 Sy et o5 WS o B Job s 4y g 5 4oy orlil Sl
Gl sy 93 5 (LSTM 5 SVM) pputle 6ol o) 90 csltallian Lo 5o (Y+Y+) o, Kan 5 Li e Jlo clsic 4 555 (s
24 2008 duglie (S35 L U wliy) (slo bawgie (aleipwliiogs) slisl) o 1) (opsiteniy (dad (g S 9 T (re (:3Le)
5 Vandal ool (RMSE) It layo cuSilio i oyl s & avsi b o) sl o 4ldio 3,Sles ,Silis ol ol colys
leilbieg) Caa ) )5 4 oadle (6x50k 5 )bl gy cniiz o SxSede Soli odimgdy (b o (Vo)) e
23,55y eolatwl 5y90 GCM 9,5

o 5529 gl 5 lagSl (lolid 525 5| cosldl (slapias jBline MBI s )3 (dle 6353k b by) Sl 4 2255 L
s 53] sla s 3 oonldl SAeMb] e ol e ey ol 5l s, & i (Tanimu et al., 2024) 1,15 YL bl
sl sgy 3l yeShe sblse JUS o wcanl S5 LU (Kim et al., 2021; Ling et al., 2022) cusl 48,5 )| )3 | Kiimgsy do g5 590
Seo and AhN, ) K545 w2l 359l 4 yomio W5lg5 o ¢y j90] 093 Jsbo 53 o5l Jus 4 a8 cawlonds oamlie yile (61530
Tanimu et al., ) Cos odd Cponds oabad jgb a4 puile (500l (gla g, 5l edliwl b oled pwlde s, AuT,8 dgu0 I (2023
Can pyoye slal slbbgy sl b o dunlie g e cilisen golia ) 03,28 ysbo 4 Wby, ol 51 dlitl cuenl Lol (2024
e 02y o Niig} gl BECM (293 (oloipolide

i8Sy pgad ) Glpl (olidpalil (wlol (sladia wlgy o5 (o8l Gl Jae (295 leippliefs) canlie (by) Sl 42 )
bil diej 3 (ol sk & (935350 Sl Simg} iB)S Gjgo Clalllas cw)p 4 dr g L el sl J15)55 5 (295 S cuenl ]
Cusl 013 plonil Gl hlise Gblio )3 LECM I &) (ol sla e (oloipoliiofn) Car Gedle 650k H5rbs s by)
ol ulide gy i (gla yogy do LS wyp g s (8,5 4l 5 b ¢ picmens (Khosravi et al., 2025; Niazkar et al., 2023)
@ b2 s cpl il culie (65 Cap maldl juis o Stnghy gl st Slodl Sl Sliwly 3 Sl couldl oo (295
38es ccuslio (cwlidybgy Bl HUST )3 0 B 3l iaghs (o colpl ) (Sjdgsin slaadlpe  wlll o 1 L)) Hglate
L CMIPE™ 5l ol Juo Ve Lawgs ol (giluodensd (slod 5 ()l sl pite ladpoliiofs) Ca cilo (6550L 2 (o b, 4w
390 b9y (el Cov Cold ;D W pS 18 Sbs)l )90 45,8 s CundVL ailagy jopl asgs > Slualie (claodls 4 av g
Pl Slalllas odes 53 il 55 bls a5 &) Juolo gl g o plsl oo (ST 0)93 99 50 adldl (glo it (5, Sty <L)
s syl e ol > tle 6553t (o o2zl U gl csln Jte 295 (plaioplingy (sl 53 003
rolo adlles d sl oads 4Bl oyl duglie g oi US> il (gl gy Ul 5 Cudils oy a5 485 B a5yl 3550
o wollas (wlid gy Lozl Sl g il 650k p (e 2leipliiens) gy aulie (Slily 3 (IW (JS 050 4
S5 5 4 kel slul 4 Wlg oo b asdllas I Jeols zulis .l (glol (ola oyl 00T )3 55 conls) Cusbad pae 34,9 (gjludgdne
@ 9035 S Pl s Sldlas by ) gedle 653k b p g2 (egee (B35 ladde (293 pleiplion) slaby)
Sloy 53k waldl s S L gy capn SIS clajlS (ials g 6yl (sladjpaly 38T )3 (5 S e

Baod (99 9 3190

03! 3,90 (831> g axlllao 390 adlaio

w25l 3l g 4B, 8 STy s iy (s gt g e blie 1 g )9S xE 13 48 S A CundVl 4By, ol e
5 gy ¥ olilas o Job o laie o 5l ases cpl () JSS) cunl ol oSS guwo )8 g CluwlolS 0 panuw ¢ K8 Lol
FYVEV e ddgn pl Cowg .l 03,5085 488> ¥ 9 dn D YO B aaBo DA g an p ¥e Lldlas (sla jbye 5 4ddd Ve g a0 FA b adds
sl 1 ola iy g olisle)S 5 i) (clagbul 5l o 1 w9 ool LSt SlungS sblie 1) o] odes a5 o3¢ LS
bgrye sacudgioe g adgs J3b (olrolKim] cunliio [ SuiSTy pae 4 dngi b .ol ol odlatnl _awlisslgn oS! VY cleMb! ;|
A g dibaio 2,15 olSiu] ¥ cotie wlidlgn (laolSium) old op 5l psY laJulow ploul cas L 5y90 55kl 0y93 Jobo 4

' Long Short-Term Memory (LSTM)
2 Ensemble Mean
3 Coupled Model Intercomparison Project


https://dor.isc.ac/dor/20.1001.1.24235970.1404.13.4.1.7
https://jircsa.ir/article-1-605-fa.html

[ Downloaded from jircsa.ir on 2026-06-15 ]

[ DOR: 20.1001.1.24235970.1404.13.4.1.7 ]

0 e 33 cilo (63830 (Sa W9, 3 Sdos Ao

5l g aslllas 550 dilaio (glrolSiius! wliblen (glaosly g JolS a4 (15,55 b ¢ puizmars .15)l5 51,8 Sbj)l 5590 ddlaio J5 by )5 oK)
yoolio b onds o3lal los polidn sy (sl yigy duslie Caa (Scio oK solod sosls d)lﬁ] 693 J9L> OO uL.ui} Sk

JUo Yo a8 as a3 L 55 (VA=Y 2V F) b YO (g,lol 090 Jobo o3 (sogas 53,5 (slaJdo b )93 13 Lod g 5, Slialie
ol o o3kl ¥ iolojl s 35 (Vo)=Y V) Jlo g g b Jse * 5jge] cagar cleMbl oyl 51 (VAR-=Y - -4)

Olaen

(o539,9)

33°4I5'0"N 34°39‘0"N

33o0I~0“N

C ol
S - - -

(50) £ 5l po3, 4
z | B vse- N g
o y v
&
o 0 20 40 80 120 160 Ty
Q - VOV sombl —— 0200 400

T R—
. . Km : T, Km RS,
46°30'0"E 47°150'E 48°00"E 48°45'0"E 50°00"E 55°00"E 60°00"E

oo ladlgn o] (bl Cundgo g axlllan 590 dllain =) JSWG
Figure 1- Study area and geographical location of meteorological stations
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Figure 3- Structure of a random forest model
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Figure 4a- Evaluation of MLP, SVM, and RF models using R?, MAE, and RMSE for precipitation downscaling
during training (1990-2009) and testing (2010-2014) periods
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Figure 4b- Evaluation of MLP, SVM, and RF models using R2, MAE, and RMSE for temperature downscaling during
training (1990-2009) and testing (2010-2014) periods

bi) sjlee B 0l (soldl jite leiulidef) slivly )3 SVM s MLP RE (sl b9y 3)Slos (liee 1) ,US 5
olie ol pebiags) s Widg) cpl sl RMSE g MAE R2 byl cslaybas polio &) by zols o ¥ S0 cotid odlizel
lod it 53 ¢4yl (ooulB] yuiio Alom amd o i 1y (Vo Vo=V VF) Liolosl 9 (VAR +R) 35900 093 93 )3 Lod o (gjlwdns
Coud RMSE g MAE j:3lie (25205 9R? o oy sl (el sloolSi) (olos sl (b)) 09 9 2 10 RF (3, 5
09590l 0193 5 0 33 205 Ko gy 99 & Camd gy il ,Shes 5 2 Y3 E5d50 ol 45 sl SVM g MLP (sl g, .
o s B g il (S00Ss 4 LSe35 sl ,Shas 0 odlitul b)) cslayhae 5o SVM g MLP (cla b, «silesl 4
MLP 59, « Slllae (claolSKiuw! sdos clp 5590 6)93 1 339y 95 cpl o (Sja CBMS] 43,5 a5 15 b ol s 9390 b
b ddasly )3 (6 S ol g 0395 3o (auinlojl )90 b dlaly )5 £ouige oyl 45 amd o L5 365 5| (yiag (63,Shes SVM & s
U] oS Cuwl ) g oo 0daliio Fadg s b 0 F IS 50 &5 ol Bl iS5 A8 o ladn |y (6,500 4 s by S (557
ol RE bl Jlre Bl Jaine 0593 93 1o 5 Lo 0ad (gjluaed plie lapliiefy) Cae odlisul 3)90 slo b9y o
OS5 53 (y9% 0)93 93 12 P SVM g MLP (slagsbg) 15 RMSE s MAE (slajlins 3l (primen g At o2 4 S35 5 0395
ol ol Jdds ] (300 gy 90 b (gybolize MBS (glyl> jlxe 90 (pl 3o RF gy i g dtiily poliie 5,  Sjo B
o Fle 4wl (Bl e 4 Cod 05 S pdyms LI 5 039 gy (S pais o5 AL bygype lod piie Cunle 4 Nl
ey JBhe a4 il Jae glas e el adly g pie (Siwgy b yialil

2 L) glajlee Bk Lo juite plaiplidefs) slinl) 9 SVM g MLP RF (sl bg) L) 5l Jobs @mls & (3,55 L
aw p claasl Tang et al. (2024)  Amnuaylojaroen, (2023a) sle izl 5l ol gl (8,5 jlai )0 b g pols adllas
3 8das ClblB SVM g MLP (sla by, b awglio o RF (59 ¢ Jeb adlllae | Jols ol &y s b ¢ S 5k 4wl 1195
sokatods cdaldl > 395 s ok allaio cul sl g )15 (L) 3)90 039350 3 Led g ()L sl site (aleielidefy) Cu 2YL
RF (b9 bwgi 55 so juito 53 (gl 045 0dlitl GCM 5l Jols (295 ¢ 5T slooygd )3 Lo g Gl (slo it Slyess (b))
A8 Bl g (150 5> ol ol 5 oad pwlide s

u.:\jl; dw‘y 9 ‘_5.:1)15 )I o> prers ualo)wL&of) 0 UJL))] D90 ‘_gl.aou»” )JL» D Cumnd RF u»” 9 0Oy L.u:‘) e P anJllas


https://dor.isc.ac/dor/20.1001.1.24235970.1404.13.4.1.7
https://jircsa.ir/article-1-605-fa.html

[ Downloaded from jircsair on 2026-06-15 ]

[ DOR: 20.1001.1.24235970.1404.13.4.1.7 ]

(VEF Y als F o)) olyb ST ol sailolw 'Y

18595 55Nk

LGCM Luwgs bos 5 ()b gilwdnnd jl Jol (295 SVM g MLP (5, 93 4 Cuns RF () VL 3 Slos culb &y a2 L
oAb ywlide sy yhe; pl cos SSP5.85 9 SSP3.70 SSP2.45 SSP1.26 o )lw jlogs ;0 Y+ OF-Y A+ o Vo ¥V-V 00 claoyed
2 okd (gilwand g Al oygd 3 Slalie slaodly caejlys wlale bawgie i)k Sl Wl A JSs s @l o 5 ol zols 4
oy Jesl 5l G odd odldtw] el (sl Joo bawss odds (gilwdnid (o)l zols (Cuol j5She gyl Hlan cov (6,55 i (slaoyed
2 Shwlie palie 5l xeS (o)l jlade g lw Hloa o Cov adgi 5 Juygl sl claole o wilale whie jd a5 wimd o olis RF
S oo G o 5 Jusgl gl sloole sl 9090 ol 55 (V-0P=Y o Ae) 9> (T 0y93 )3 5 0l 39l (V+YV-Y-00) Jgl (T 050
e 3l e leioliioge) 51 o sosl8l sooygl g (T 0093 (sl 5 uygh olo 3 5 ol T 0y93 (sl ST olo 3 (yricmon
gyl poled ot T 093 93 8 )5 (Sl alie & Conms (gjluodend 3lie (1352 08 5 3L ISyl 4 ool Cewd @y Slanlite
Syl b abasly )3 ol JlB 4SS g oo sanlie 3 Gl A S5 )3 a5 jghailen 395 0 odlie LSS (slaole 13 s O jgo 4
330y 0ok e 38T g Jygl cso csliole (gl gyl (olas o 5T 090 93y 3 18l () adlllas 390 ailaio (sl 51
i b slacuslad pac o 4 Wlgi o gadse pl &S 3l (g3l M) aole plu b dwslis » Slialiv polie 4 Cows ol
T (hlSan 5 oS aded (o) 28L (6K o9 9 SSP slagy )l cplaipulides) (boy 0listul 3)90 (codlil (sla Jso
g VNNV 00 ST (glaoygd y> aalllas 5)90 ddlate ()b (Silodend 4 Jlai b 0> Oylie 4 (V¥ (o)Sen 5 (S aded ow
5 looks sdes )3 bl LialS Silis 45 CMIP6 §) SSP5.85 5 SSP3.70 SSP2.45 SSP1.26 (glagy s o Y+8+—Y-V5
LS il izman g pg> (1 090 (sl 4y olo 5 gl (5T 0093 (sl piST olo )3 il 0nd (gl Jlade JlSL Lt
s 48 58 ozl ol g slotalie ke 4 Cuns Gl o) 95 1 (sl iyl oo 3 il edd (gludnd e
e gl b ales by gy & a9 313 3929 (lren adlllae 3)50 ailate (iluaend ;> CMIPE (sla Jae (Sislotuses
Li and Su, «oomen 3, 5ings ollebl b sdel cand 4 gl 5| jisu cpl il @olite Wl o o Jlade obs)l 3y90 (couls]
Gilwand 9 Slaalie polie o BB oy ptin «aol S5 LS )l calles Wang et al. (2022) 5 Xin et al. (2020) (2020)
0392 yiacshe Y¥/+0 5 YYIM jo & yle g Jagl (sloolo 13 i 4 SSPB.85 4yl 4y lato pgd g Jgl (5T 059 93 2 3 o
Cawl o lio +/A g +[+F 50 & a3} 5 poliw ;3 SSP3.70 4 SSP5.85 (slagy jluw 4y bgrye cud iy 35 MBS oy 208 5

80 80

2031-2055 [ Observation, 2056-2080 [ Observation
[]ssp1.26 []sspP1.26
70 4 [ ssp2.45 70 [ ssp2.45
) m m [ ssp3.70 i m [ ssP3.70
60 - I ssp5.85 0 4 I ssP5.85
H E
£ 50 E 50
= =
= 2
E 40 E 40
£ £
o J o .
2 30 g 30
A~ = n
20 | 20
10 10
0 -4 0 - R
Jan  Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan  Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Month Month

Cod (Cuwly Coon) Yo OF-Y oA g (e Coowsr) ToFI-T+ 00 sbro,95 45 0uwd (g jluwdamnd aildlo (i, Jawgio —BII A JSU
Wb 0,93 ;5 (Faalie )b b duwgliic ;3 SSP5.85 § SSP3.70 SSP2.45 SSP1.26 (glvgy v

Figure 8a- Monthly simulated precipitation for the periods 2031-2055 (left) and 2056-2080 (right) under SSP1-2.6,
SSP2-4.5, SSP3-7.0 and SSP5.85 scenarios, compared with observed precipitation in the baseline period
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Figure 8b- Monthly simulated temperature for the periods 2031-2055 (left) and 2056-2080 (right) under SSP1-2.6,
SSP2-4.5, SSP3-7.0 and SSP5.85 scenarios, compared with observed precipitation in the baseline period
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Table 2- Percentage changes in precipitation and differences in temperature between simulated and observed values
under SSP1-2.6, SSP2-4.5, and SSP3-7.0 scenarios for two future periods

Scenario Precipitation Temperature

2031-2055 2056-2080 2031-2055 2056-2080
SSP1.26 -2.96 % -4.26 % 1.13 1.44
SSP2.45 -55% -11.4 % 1.31 2.02
SSP3.70 -7.15% -13.97 % 1.32 2.59
SSP5.85 -13.98 % -19.22 % 1.6 3.13
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Table 3- Trend Analysis Results for Precipitation and Temperature Variables in the Observational Period (1990-2014)

Precipitation Temperature
Z Q Trend Z Q Trend
Jan -0.72  -0.73 - -0.21 -0.01 -
Feb -1.89 -1.48 - 119 0.07 -
Mar -1.7 -1.97 - 1.42 0.08 -
Apr 012 0.14 - 0.44 0.02 -
May 049 0.16 - -0.02  0.00 -
Jun -1.1 -0.02 - 138 04 -
Jul -1.32 -0.01 - -0.02  0.00 -
Aug 0.88 0.00 - -04 -0.01 -
Sep -0.58 0.00 - -0.86 -0.02 -
Oct 11 034 - 026 0.01 -
Nov 147 135 - -2.08 -0.06 #k
Dec -0.68 -0.85 - -0.21 -0.01 -
Annual -1.52 -3.66 - -0.54 -0.01 -
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Table 4. Trend Analysis Results for Precipitation and Temperature Variables in 2031-2055 and 2056-2080 Projection
Periods under SSP1.26, SSP2.45, SSP3.70, and SSP5.85 Scenarios
Precipitation Temperature
SSP1.26 2031-2055 2056-2080 2031-2055 2056-2080
Z Q P-Value Z Q P-Value Z Q P-Value Z Q P-Value

Jan -250 -258 #+0.01 -0.02 -0.05 0.98 035 0.01 0.73 -0.86  -0.02 0.39
Feb 0.26 0.19 0.80 -0.54 -0.04 0.59 0.82 0.02 0.41 0.07 0.00 0.94
Mar -0.26 -0.24 0.80 -0.40 -0.04 0.69 156 0.04 0.12 -1.56  -0.03 0.12
Apr 054 034 0.59 0.68 0.61 0.50 -0.26  0.00 0.80 -1.80 -0.04 0.07
May 0.68 0.30 0.50 1.28 0.37 0.20 0.16 0.00 0.87 0.96 0.02 0.34
Jun -1.37  0.00 0.17 -0.31  0.00 0.76 -0.77 -0.01 0.44 058 0.01 0.56
Jul -0.85 0.00 0.40 0.00 0.00 1.00 0.07 0.00 0.94 -0.68  0.00 0.50
Aug 1.36  0.00 0.17 0.24 0.00 0.81 091 0.01 0.36 0.30 0.00 0.76
Sep 235 0.01 #+0.02 036 0.00 0.72 199 0.05 #+0.05 030 001 0.76
Oct 049 0.62 0.62 -0.40 -0.50 0.69 208 0.03 =*+0.04 049 0.00 0.62
Nov 0.40 0.45 0.69 0.86 1.00 0.39 241 0.06 =*x0.02 068 0.01 0.50
Dec 119  1.09 0.23 -0.82 -0.98 0.41 0.86 0.02 0.39 -1.19 -0.03 0.23

Annual 054 2.89 0.59 040 1.35 0.69 245 0.01 0.01 -0.96  0.00 0.34
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Precipitation Temperature
SSP2.45 2031-2055 2056-2080 2031-2055 2056-2080
Z Q P-Value Z Q P-Value Z Q P-Value Z Q P-Value
Jan 0.58 0.52 0.56 -0.54 -0.81 0.59 0.12 0.00 0.91 203 0.06 =**0.04
Feb -0.16 -0.09 0.87 0.12 0.19 0.91 1.61 0.03 0.11 138 0.02 0.17
Mar -0.58 -0.47 0.56 -0.40 -0.44 0.69 203 004 =*x0.04 105 0.02 0.29
Apr -0.40 -0.36 0.69 -2.13 -1.17 *x0.03 2.87 0.08 =**x0.00 -0.40 -0.02 0.69
May -0.35 -0.08 0.73 -0.30 -0.10 0.76 264 005 =#+x001 096 0.01 0.34
Jun -0.33  0.00 0.74 0.07 0.00 0.94 222 005 =*x0.03 175 0.04 0.08
Jul -0.58 0.00 0.56 099 0.00 0.32 0.96 0.00 0.34 0.98 0.00 0.33
Aug -0.62  0.00 0.53 1.13  0.00 0.26 1.61 0.01 0.11 269 0.01 *x0.01
Sep -0.55 0.00 0.58 0.03 0.00 0.98 3.06 0.06 =**x0.00 044 0.00 0.66
Oct 285 198 *xx0.00 1.38 0.59 0.17 1.75 0.03 0.08 0.77 0.01 0.44
Nov 1.14  1.01 0.25 -0.02 -0.03 0.98 273 005 =#*x001 175 0.04 0.08
Dec -0.72 -0.85 0.47 040 0.21 0.69 213 005 =*%0.03 227 0.03 #**0.02
Annual  0.82 2.45 0.41 -0.58 -1.88 0.56 483 0.04 =*xx0.00 3.62 0.02 =*=%0.00
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Precipitation Temperature
SSP3.70 2031-2055 2056-2080 2031-2055 2056-2080
Z Q P-Value Z Q P-Value Z Q P-Value Z Q P-Value

Jan -1.66 -1.83 0.10 0.16 0.12 0.87 255 0.05 =#*0.01 250 0.06 =**0.01
Feb 1.00 1.06 0.32 -0.58 -0.82 0.56 278 0.06 =*xx0.01 297 0.08 =#=**0.00
Mar -049 -0.51 0.62 1.05 0.50 0.29 269 0.06 =*xx0.01 2.69 0.06 #=**0.01
Apr 0.77 054 0.44 0.68 0.86 0.50 250 0.05 =#%x0.01 222 0.03 =**x0.03
May 0.70 0.07 0.48 0.72 0.12 0.47 161 0.04 0.11 2.08 0.04 #*+0.04
Jun -251 -0.03 =*x0.01 -0.80 0.00 0.42 110 0.04 0.27 255 0.04 *x0.01
Jul -1.33  0.00 0.18 -0.85 0.00 0.40 152 0.00 0.13 1.76 0.00 0.08
Aug 0.36 0.00 0.72 -1.45 0.00 0.15 1.70 0.00 0.09 0.65 0.00 0.51
Sep 0.58 0.00 0.56 1.08 0.00 0.28 441 0.13 =*=xx0.00 4.04 0.05 ==**0.00
Oct 0.72 0.38 0.47 -0.63 -0.30 0.53 353 0.06 =*xx0.00 3.20 0.07 ==**0.00
Nov -0.21  -0.70 0.83 -2.08 -233 *x0.04 287 0.07 #*x000 3.06 0.07 =*%0.00
Dec 0.86 0.77 0.39 0.35 0.32 0.73 292 0.07 =*xx0.00 142 0.03 0.15

Annual  -0.26 -1.23 0.80 -0.86 -2.56 0.39 474 0.05 =*xx0.00 3.81 0.05 #=**0.55

o)) A o jd Mgy (g blize sk p)d AD pdaw )d Mgy (6 )blixe ¥
Precipitation Temperature
SSP5.85 2031-2055 2056-2080 2031-2055 2056-2080
Z Q P-Value Z Q P-Value Z Q P-Value Z Q P-Value

Jan -1.28 -1.35 0.20 0.07 0.06 0.94 231 0.06 =*%0.02 222 0.05 #**0.03
Feb -0.40 -0.49 0.69 -1.10 -1.07 0.27 255 0.06 #%x0.01 241 0.06 *x0.02
Mar -1.19 -1.50 0.23 -0.91 -0.81 0.36 3.11 0.06 =*xx0.00 1.80 0.03 0.07
Apr -1.99 -1.02 *x0.05 -049 -0.32 0.62 091 0.03 0.36 3.25 0.08 =*x%0.00
May 0.77 0.27 0.44 0.30 0.05 0.76 3.15 0.07 =*xx0.00 2.83 0.06 #=*=*0.00
Jun -0.82  0.00 0.41 -1.74  -0.01 0.08 3.85 0.10 =**x0.00 1.56 0.02 0.12
Jul 0.47 0.00 0.64 -1.48 0.00 0.14 231 001 =*%0.02 219 0.00 =*=*0.03
Aug 0.57 0.00 0.57 1.03 0.00 0.30 273 0.01 =*xx0.01 045 0.00 0.65
Sep 1.29 0.00 0.20 0.03 0.00 0.98 469 0.09 =*xx0.00 525 0.07 ==**0.00
Oct -1.24  -1.06 0.22 -213 -0.80 *x0.03 4.18 0.07 =#*x0.00 3.81 0.10 =*x=*0.00
Nov -1.14  -1.05 0.25 -0.07 -0.05 0.94 287 0.08 =*xx0.00 3.20 0.06 #=**0.00
Dec 0.02 0.08 0.98 0.72 0.64 0.47 3.39 0.06 =*xx0.00 3.62 0.09 ==**0.00

Annual  -2.13 -5.98 #%0.03 -2.30 -2.30 0.39 5.39 0.06 #*#%0.00 5.35 0.05 ===x0.00
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