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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.
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Figure 1- Study area and geographical location of meteorological stations
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Figure 3- Structure of a random forest model

!'Lagrange Multipliers

2 Polynomial

3 Radial Basis Function (RBF)

4 Classification and Regression Tree (CART)


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

[ Downloaded from jircsair on 2026-02-21 ]

[ DOR: 20.1001.1.24235970.1404.13.4.1.7 ]

114 e 93 Omile (51650l (S (p9) 3os Al

)8 oy pj JSb 4 plgi e ) (Bolal JSia (g S5 whayoSl (ol dls pe dw (S 5k &
Loy ojgal degammo b g o glyStiwl bjgel (cladcgame BOOLSrAP by, 3l odlitl b (Lol 03> dcgeso jl lunl =)
Gy & Wgds o adlil out-0f-bag (OOB) (slacsls e a4 oile Bl pow 5 5 cuwl Lol 03> poe> pouws 93 Jolao
(baiges S5 el b Lol) Jotuwo (o590] degosma N G 395 o 51,5 193N 50 ailB ol 5yl 50,8 Jae 31 b))
) S s ) ol 5l glisgaco g 295 o0 030t mpanal (yges)S) 800 S b (gl (590l A gomo o puge Y
ol (MSE) s il o 353lks (5loiza Aoy il s oSl ool simd o LSt
5 o3 G 1y s 3,50 (ol B8isn Anulons I dab slbisigies xSk | S it el » T
ol s )> S5 den sladnptn (6o plp (2l o (0gm)S) o 3 w3 e Gl Jde 6 pyress
Dydiee ole pj JSB 4 (ool bl I (Bala [ w55
D, = {(XL-,Yl-)li € wgei oolai b 0 iKols I slaodls L;Lol} (v+)
o S ook b ols i ol 5D g5 o 03> ijgel D 030> dsgerme jlodlitnl LTy < )3 b cé s o (dlp
Al e Cund a4 S ) don sl

1 B
g==> T, (M)
B h=1
55l w5)le oS (Tang et al., 2024) >4 o o)Ll RF (caS" (S5g cpdiz 4 dobdl
S o oS 8 S5 4 S ) il A RF qurencl €800 (i dlaginihin oS 0Sile Libilngte plals )
de gasroys 5 add o 0,5 i 1315 iS o iy o> A ]y ob; kel b g puzes (gledb RF b an b slaosly copde =Y
Pyd oo B Sy (Pl
ol Lo (Sig Ol (gl a5 amd o w8y oy )3 peiie yo Caonl J) (63,5l RF tla e Cponl =Y

bl glaybre

gz GCM el Juo bawgs odd (gilwand sboodly p ond Jlosl udle (6550 i (slo ybgy dSlos cpils dalllas o
sloodly py 4l b 25 0o oalisil b Ja0 3 ,Shos b)) Can (gylol slopadli j1.cd,S )13 byl 350 dagl ol b,
Masgy o,Slas JolS &l cga oLl slae 4w (Gupta et al., 2009) 34 &8l,] g)lol plie LB ) 00d (gjlwdnd § Slinlie
& a5 L leo 4w pl a3 43,5 ) & (RMSE) ks e (555ke s 5 (MAE) 3llae (b S5k (RE) (s s b
Pang ) sus obesl euldl sla Jao oled olidesy (sliwly )3 opudle (6 30L (sla by, 3 Shas b5, caan o)l sslil (5328
Jetal., 2017, Tang et al., 2024; Xu et al., 2020

oAb i pdlie g ( Bly) ordosalie polie o Jod daly cas g @18 &S ol g)lol (6ylne ((R?) i oy —)
D9 g dplons 5 IS 4y g S o0 (S 0jNI ) (Jae baws)

YR 0)°
?:1(01' - 61’)2

Ol 1y 0dd du iy pdlde 5 oddosalie polie pu 3l lagls WSle jlxe cpl (MAE) slas glos Sle -V

ol 05 S8 2 ] ey g am3 e

1 n

i=1

R?=1 (VY)

ol i S 4 ol daly g 48 e g pS0jlnl ) o

1 n
RMSE = Jr—lzizl(oi _p) (V)

Lol UJ‘J&LM )J.)LOA u»i)l».o )i)l)Lw )aJ 51 9 D“\“’L?")L)"“J 9 L;\IJELM )J.)Lao )i)la-u) u.u);" LY Pl 9 Ol ‘(\\c) i3 (\Y) L:Jlg) 2



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

[ Downloaded from jircsair on 2026-02-21 ]

[ DOR: 20.1001.1.24235970.1404.13.4.1.7 ]

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

lod 9 ()l (51 ki Mgy (23!

o S3y900 9 ' NS0 g0l @y gy 90 5] @ad (ildnnd g haliie (slod g )k Kigy (b)) sglateds pols adllas
odlitol pulidlyn 5 (Se3glgynem (sloodls gy S5 syl S Jgare yobo 4 IS =0 Sy el b g0l sl o olatial Ty
polie g 039y dily (gylel @595 j ol £g )] ol &S cunl (pl MK (9031 Lol 3o g3 (Niazkar et al., 2022) 595 s
&S WS o ol Ho cygejl o) 5o (Partal and Kahya, 2006) 15,15 sl doxis p oS 18l S8 9 Sy slowy slrosh b sas
olize L9y S5 3939 (onimdyLis (H1) blie (gand b a8 Jlo 10 0,05 93 Il )3 (6859, e 9 BloniSTyy  Bolal & ygods laodld
oS 395 o odliwl Z 3,lu5kiwl o,lel I MK 9051 )3 859, (6505181 caa (Zakwan and Niazkar, 2022) cul osls gy 5
&y (Maghrabi and Alotaibi, 2018) cusl esly jloj (syw Jg5 B9, ;b )] (e Jlaie g (od9m0 N9y ,Soly o Cute lade
alaly ) a3 95 b Slage 689 4 )] 5l dw 48 oloodls b laodly 5 G o dunlio wlul 'S lade Cansl oo 1] )3 90l o plosl
Do asuine (V)

n-1 n
S = Z Z ~sgn(X; — X;) (Vo)
=1 j=i+1

D o Al (V) dbayly Gjgo 4 b coMe .l T 9] Gloj (spw X 9 Xj daodls (Sloj (5w e N (368 abayl) )
+1 if (X;—X;)>0
sgn(X; — X)) =4 0 if (X;—X;)=0 (V%)
-1 if (X;—X;)<0
Dgd g0 dwle (V) alaly b 5)lkinl Z jlade

s—-1
(\/ﬁ lfS>0

z7=1{0 if S=0 (V)
| S+1
k—‘,—var(s) lf5<0

g g dpslons (VA) abaly 90 dy jlms CBlol e ¢ 3gb abayy o

Var(s) = n(n—1)(2n +5) —18?=1(ti —1)(2t; +5)

Slo gadge oyl 45 039 Ny gyl (goodly gy bl —V/AF 5l iSa oS L VRS Gl 8,5 Z jlade ST Lailgy 4 asgi b
Dy o 48l Ho g 0350 Loy gyl slaodld «ygo pl e o .l Ho o,
loj s Su 3 asig) ol (gl 03,28 oy o sl S el g0l S 5 o cd 2500 (JWS =30 9031 SIS 5
locad (seile amlne by 2 gy Jebod b9y (nl 3 oM yobds 3,5 oo )3 oalistul )90 Kg) CAS 5 (S5 e pimen
25 o B ) 3590 lisebl Cilises slaus )3 edolusddy cand (glaline Aol )3 g 035 lgtial () 3)90 (Gloj gy Sy
s 4l 56 Sy ol MK g, aoliie 8l adls s Ve Bl gy 550 Sloj (s Sl p5Y ey s 2512 51
o) oo (Niazkar et al., 2022) sai (glolid (o Job 10 Olyuss 29, b 08 o Joe Jloj (g0 calies polie oy VS
Serrano et ) cul oslatwl JB 50 (oo (slaosls) sibl oud CBls b anili dgng bedlsy jI dow oS laylyd o Solway b,
Dgus oo dmobre (V) alayly o gy (Jlgio 0> Can ol .(al., 1999

= X; :fs fori=12,..,n (V)

Jlesl b .yls MR Sloj asly 6 oo b oS cawl S gt glaylo 5o Wodls jyolie onian lis iy 40 Xg o Xy ¢33 alaly 1
e aleg i 5553 sl &1 2] g ey gy et (sl U ) (s gacne daodls | (om (slacin plad (e oy ()
laoals 5 (Jg35 89y Sbles ] ke Jlaie g (gm0 B9y SOUE Q ko o &S 295 o dpmle Lo dsgome oyl Wlio I oo
D95 o dnolee (Vo) alasly JS5 & b 53,90 bl 3,3 N (81 el o o 08 39l N &ilie o Q¢ Jyle 4 .Cansl

(A)

Qmed = Q(n+2)/2 (Y')
g oo dalie (YY) alasly b oy s ,53,91 0 il 53N a5 Jbs o
Qmea = (Qny/2 + Qn+2)/2)/2 (YY)

! Mann-Kendall (MK)
2 Sen’s Slope Estimator


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

[ Downloaded from jircsair on 2026-02-21 ]

[ DOR: 20.1001.1.24235970.1404.13.4.1.7 ]

1YY e 3 (alo (65050l (51 B9 3ok iyl

LGCM b b (g slurdanasd (503 5 (4031 (o2lod pwlo 52 y Wiz p3 yaunsds
ool 58" 6yluky 5 5bj Sllog s> o (wlidlyn (slopite alig) plie (Slie 2 (S5 dlasly ol & cpl (135 as 15 L
sloodls (plsl yy cple (653 slo g, g S bslyy ol adllas )3 ol sl Jlobd T s g 0392 03z slonss (s
byl laylae b oad slou) Lalgy 5,Sloe s 05 dbul 4l 093 40 dilale (slod 5 o)L oddesalin o (GCM) (g5luand
b5 oles , 505 35905 ST slaoygd (sl ailale clod g )b ol cdtin by, Cod Aaldl )3 g 48,5 8 ot D90 (6 kel
i8S 18 i) 250 Shalie polis b ST (slbeygd )3 Jlaise (slayiio A5l By Jlasl | Jol>

0,99 Jsbo 5l & (s3505 b opmiile (6,530 il 2 aledpulibiofsy sloshg) Jloel b ol (slayuito S 63,91 yalio
Jsb (ligen 5 Cudgrge 4 drg b sl o odlisiol (orldl Juo Vo (298 514 Smgdy il 10 00 (St 4l 0)93 )3 5)Le]
YO I o 51 o) 3550 saslil sl ito (gl sl 0)53 o o5 GCM Lauwgs a0 (5loassss 5 Shalito »3lio 0,95
C5b ela e g ond SS& (Vo) o=V NF) Liolosl g (VA=Y +Q) 5500l 0,93 93 ol 0,93 Jobo o) ¢y s O]
3l 5)53 93 ol ) lanlie claodls 3 WGCM | wlidlen celopuito o gjluodend olio olul 2 RF s SVM MLP opuilo
oS FYsb b T ey sl (Jao im0yl s a8l 4 (5,5 Lok jed S 18 s 050 ol 2 Slae olgd )3 5 0
S o V0 (sl BGCM g caslil (sla it s (clodyglyy 45 5,8 Jobl iz plgiien U lyico StlS 355l 0595 Jsbo
Tang et al., ) 295 o5 2bs)) Jgine YV+o Jlo 5l s badygl cds a8 Jbo 5 i)byed 0 Joudo jliel 51 (YVee Jlo 2905 )
Jlo 51 B o3l 4 ctmgly ool )5 GCM Ly 0ad (gjlwdnnd slayiio  (pblo (55:50L Cgllao b9y Jlos) i ) (2024
A5 dgaoe (Y+OF=Y+A+ 5 ¥+YN-Y+00) Y) -+

Slp Folite gl cilisee (ooldl sl Jue | oad poliess) slacs St cpaie (sodldl (sg )l S 3 sl S5 4 p5Y
ol oo (Sle B 290 (couldl (sl yusite Dy (65K 52 sly Je g 9STE 5 Mmoo ) (L)l 2)90 (sl jeiite
(S g 38305 ] ol (o sl (sl 1y (55t (5380 el ol S g5 ) izl log3) ailaie S, 3 (Foe &
LEY o Kam gl Saded o) 39 sl ilise Juo (pain by ailale ol sbod g (55 sloyeito (gl 35900 it ol
OhSingsy odes dol sl o 390 wlll 105 (6 3 S i @B S 5 b ool Jie S5 4SS SBl
@hSen dmajgly il (hlBl dag Sk B Cunkid pac talS el Wlgie Jro piir @l pledl o Wit
Gas 8,k il .(Meng etal., 2025; Zhang and Yan, 2015) 35 Jae jo (gla 5 S g 5l (5U jlas (ialS g goite sla 6,55 i
GBl g 032 edle (5550k Al oorlll (gl jite (i ol sy sl By, CBl g Lbj)l (IS S0 4y o> ddlllas
2 e g ak 0)9d 0 ob seuldl Sl Jse (Giluand I Jols (29)3 dN sl 0als 39505 2Ll 390 035950 sl Jde cn ke
Cos )l 5 oo sla el (sl 0olitl 350 (slo o 251, baussio 4y by po ol g 0sd (565 sSilko lus Uiy, 4 S (slae 0
sloJss jl Jols (295 cnly ol Jao o (295 b5 sl 4 ab S ol adllas )3 (ke 4 sl €85 )15 Lo
Higd 2byg adlas 550 adate JS' (sl 9 008 (625 (e o0liil 3)50 ol

wligwliior ; by, 3o (b5
N les g G0k slajiite sl odlitul 3)90 GLGCM (295 pleiwlion) Caa widle (6153h (hy) aw ol adllae )
8 byl 390 slael as 51 (YoNe=Y V) 0)90 13 g 0md bjgel (VAXe=Y++Q) 0)93 Jobo 13 o odlatul (glay g, b 4ib)S
MLP 55, dw jl oolaiwl b a8l cla Jao lawgi onds (gjlwand dilale (glod g (o)L palie oles wliden; 5l s cdold] j> .08 )3
SMAE R? (sl SaS |y 5550 (gl gy 3Shas (b)) J| ol gl 0 (35 ¢ coli gy (i3 5 00 @) RF 3 SVM
Ulp coxio ol sla Jae bawgi odds (ilwdnnd polie dis gy 5,Slas e &1yl jelaiody g &) Jlaine 093 43 )5 RMSE
9 Y JSi 0 (65 (1len b9y dw o £S5 b Jie (oolod (295 g oadpliiofs) yoSde gy dw Cod Lod g )k (sl it
i3 o 5 1) Galejl g b0l sloeygd o o ulidifsy slod 5 Sk i 4 0 i o

ol 3 00 B9y 93 4 Cuns R (g sl (ab)l 0)93 93 32 53 (s i pd (e 2980 0aaliie AT JSK5 )3 &5 jobolen
Lo o35 (5 jlodends Ll (olospolbiiogny cslialy 5 SVM g MLP (gl gy b 6 pSosicr GO 5 0395 s (SWllan (slaolSis]
ilojl g bi9ol (sloeyd )3 sl SVM g, &y 3laio 0,93 93 0 1 slumo ol (b 0Shos (3 pdunss (Bl 310 arlil (sl Jao
55 0l b bgy el & S gy ol i jl QLS & 0ad (6 SoJWIRF (b9, (51, RMSE s MAE (slalise ke (5 a8
gy opl caxs by &S 00 RMSE § MAE Jlso 90 (gly pdlde cpyiiin slyb (ijael )93 ;0 SVM hgy )l ol jlxe


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

[ Downloaded from jircsair on 2026-02-21 ]

[ DOR: 20.1001.1.24235970.1404.13.4.1.7 ]

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

SVM s MLP (sl 59, 9250 sluno 93 i (taloil 0593 )3 (cpizad usl RF g MLP (el 59, &) Comad 0593 ] )3 (oloi ol
S bl 3.8 L oL Sldlas claoiul sdes WMLP g S (g0 4 fhiid p 4 5355 polie (ghyd (38 g0 4
i) Jhee dw & d2gi b (IS sk 4y im0 LS 395 I agllas oo 3 Slas g 4B (6355 Jlire 93 () 3 SVM gy ) o
U9y e blie pd g atily sollas 3 Sloe S o9 80 4 o Slalllas (glaolSiuy! olod o Jlaiie 090 93 2 P RF gy conlitul 350
ool glo Jae bawogs onds (gjludncd 5l o oles wlide sy sliwly o Sldllae (glaoliul sdas )0 Ko 155 93 4y Cund SVM
Lawgs o plol yimghy (sladidl b sillas ¢ ol guls 5l yisy cpl dod (soul8l puito 1338,5 JLa3 13 ey il 3 Slos oy auns gl
A o i de3 3 gy 3,Slos wodlaiwl Dyg0 (slaiey pwlo & Cawd RF ig) 50 adllas oyl )3 9 004 (V+VF) ,ISn 4 Tang
19SS gk 40 oS | ] pols adllas I isw cpl ladidl b plie (VoV+) oS g XU Lizgh 5l ol pols casl S5 4bLS
o sgy (8o gl LIS gadge cnl )b 2Vl Sl oud odlatul sl gy o b awlie > plstdy by odle (B9,
s 5 cilisen 3blia 1 U gy (o) ol Coml 5 0252 s il 3ol 3 (etle (5,530 &l 2 il (sla o olei bz

S oo Ol 93 1y (bl 390 035850 sl gy (picuslie &

oy oess (oon) Gl sl ofin (mgla) U Slagye oefiin yicr

R? clAes MAE oles RMSE oles

0, 395l + w5 3T ekt 395l 5 b1 st 245l w5 b1 et
(%) (mm) (mm)

Sles ity Shies ity

T al> 5o

3\‘ Sdamsle | ctaate o | ctaste %!

3
% g < v N1
Sdangs £ s Cbanys ; s Cudangs ¥ s
3 pys T bl 3 a3 T il 3 oy = olileys
ol e oes RS
‘ % Sb1 p3t % b dt w5 3T St

3, pullys e il s yeily) olaes
T

i Sdaale | cdast PR QOERWAN w31

2

Cadangs : s [NV S 3 s [SV-RVI S s

i pys T el Ui pys sliileys Ui pys oliile 5

Solas S m@em Lot by ot mm Yo b5, i Sk e 5 0, 5des b3l
b (5 jwdas p33Uie _szlod yoleliogs ) i RF 3 SVM MLP s 45, ¢l RMSE 3 MAE (RZ ool ,1 s ylame il F S5
(Vo) eoVed¥) lalojl g (VAR =T o 0q) (00l 0,93 93 13 (5l

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
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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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