Predicting the Impacts of Climate Change on Vegetation Dynamics (NDVI) in Arid
Ecosystems Using Machine Learning Models: A Case Study of Hormozgan Province

Masoomeh Forozanfard‘, Ommolbanin Bazrafshan*z, Yahya Esmaeil 0lll'3, Hossein Zamani", Mojtaba
p )
Mohammadi’®

1- PhD Student, Department of Natural Resources Engineering, Faculty of Agricultural and Natural
Resources Engineering, University of Hormozgan, Bandar Abbas, Iran.

2- Professor, Department of Natural Resources Engineering, Faculty of Agricultural and Natural
Resources Engineering, University of Hormozgan, Bandar Abbas, Iran.

3- Associate Professor, Department of Natural Resources Engineering, Facultysof Agricultural and
Natural Resources Engineering, University of Hormozgan, Bandar Abbas, Iran.

4-  Department of Statistics and Mathematics, Faculty of Science, University of Hormozgan, Bandar
Abbas, Iran.

5- Associate Professor, Department of Desert Management and Control, Faculty of Environmental
Sciences, Planning and Sustainable Development, University of Saravan, Saravan; I‘rzx

* Corresponding Author Email: o.bazrafshan@hormozgan.ac.ir \

Introduction

Arid and semi-arid ecosystems, which constitute a significant portionh\;he Earth's land surface, are
exceptionally vulnerable to the impacts of climate ‘change. Water scarcity, high temperature
fluctuations, and fragile ecological balances characterize these tegions. Vegetation in these areas serves
a critical role in preventing soil erosion, maintaining biodiversity, and supporting local livelihoods. The
Normalized Difference Vegetation Index (NDVI) is a widely usedysatellite-derived metric that serves
as a robust indicator of vegetation health, density, and photosynthetic activity. Understanding and
predicting the long-term dynamies of NDVI is therefore essential for sustainable land management and
developing effective strategies tonmitigate the effects of climate change. Traditional modeling
approaches often struggle toyeapture complex;,ynonélinear interactions between climatic factors and
vegetation responses. In recent years, machine learning (ML) models have emerged as powerful tools
for environmental modeling due to theirability to learn intricate patterns from large datasets. This study
aims to leverage'multiple ML models to predict future vegetation dynamics in two distinct locations
within the arid egesystem of Hormozgan Province, Iran. Specifically, the objective is to forecast NDVI
changes,through'2 100 under the\SSP3-7.0 high-emission scenario, thereby providing valuable insights
for regional drought manqsment and conservation planning.

Materials and Methot\l

This study, wasieonducted at two specific points within Hormozgan Province, an area representative of
Iran's arid southern coastal ecosystems. The historical dataset used for model training and validation
spannedyfrom 2000 to 2018. Vegetation data were sourced from the MODIS Terra MOD13A1 product,
providing‘moenthly NDVI values at a 500-meter spatial resolution. Corresponding historical climate
data, includingitemperature and precipitation, were obtained from the ERAS reanalysis dataset. For
future climate projections, downscaled data from the Coupled Model Intercomparison Project Phase 6
(CMIP6) were utilized, based on the Shared Socioeconomic Pathway SSP3-7.0, which represents a
medium-to-high emissions and challenging adaptation scenario. Four distinct machine learning models
were selected for their proven capabilities in regression tasks: Gaussian Process Regression (GPR),
Generalized Additive Model (GAM), Random Forest (RF), and eXtreme Gradient Boosting (XGBoost).
The dataset was partitioned into training (80%) and testing (20%) sets to ensure robust model
evaluation. The performance of each model was rigorously assessed using a suite of statistical metrics:
Kling-Gupta Efficiency (KGE), Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and
the coefficient of determination (R?). KGE was considered the primary metric for selecting the best-
performing model for each location, as it provides a comprehensive assessment by incorporating
correlation, bias, and variability.



Results and Discussion

The evaluation of the machine learning models revealed distinct performance differences between the
two selected locations. For the first point, the Gaussian Process Regression (GPR) model demonstrated
the highest predictive accuracy, achieving a Kling-Gupta Efficiency (KGE) value greater than 0.88
during the testing phase. For the second point, the eXtreme Gradient Boosting (XGBoost) model proved
to be the most effective, also yielding a KGE value above 0.88. These high KGE scores, supported by
strong R? values and low RMSE and MAE, indicate that both GPR and XGBoost were highly successful
in capturing the complex, non-linear relationships between climatic variables and NDVI in their
respective locations. The superior performance of different models in different areas underscores the
spatial heterogeneity of the ecosystem and highlights the importance of selecting appropriate models
for specific local conditions rather than applying a one-size-fits-all approach. Using the best-performing
model for each site, future NDVI dynamics were projected until the year 2100 ‘under the SSP3-7.0
climate change scenario. The projections forecast a significant increase in vegetation activity for both
locations. For the first point (modeled with GPR), the results indicate a potential inc?ageoz in NDVI of
approximately 42% by the end of the century. For the second point (modelediwith XGBoost), a more
moderate but still significant increase of 10.9% was predicted. This@rojected!greening"” trend, despite
the general aridity of the region, could be attributed to severalpfactors, includingsthe CO: fertilization
effect and altered rainfall patterns, which may favor certain types ofivegétation. However, this increase
does not necessarily equate to improved ecosystem health, as it may alsowreflect shifts in plant species
composition, including the spread of invasive species, which requires careful ecological monitoring.
The findings emphasize that climate changegimpacts are not uniform and necessitate location-specific
analysis for accurate environmental planning. \

Conclusion

This study successfully demonstrated the utility ‘ofimachine learning models for predicting long-term
vegetation dynamics in arid ecsystems under a high-emission climate change scenario. The results
confirmed that there is no single best model for all ecological settings; GPR and XGBoost were
identified as the most robuStamodelshfor thetwo different study sites in Hormozgan Province,
respectively. The Idng-term projectionsiup to 2100 forecast a notable increase in NDVI for both
locations, suggesting\a petential greening trend. This outcome highlights the complex response of arid
vegetation to changing climatic conditions)The primary implication of this research is the critical need
for developing location-specific drought management and ecosystem conservation strategies. By
providing,detailed, localized future scenarios, policymakers and resource managers can better anticipate
challengesyand implem%%ttargeted interventions to enhance the resilience of these vulnerable
ecosystems againstithie adverse impacts of climate change.
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Fig 1. Geographical location of Hormozgan Province in Iran.
\ V'

(NDVI) LS g p3lh gbdosls

LS Gy eab ey Lol asls sloesls loj 5 3l ble s Tol sladae Solo sy s nl 0
] 00 cuai Terra olgale (55, » 45 MODIS siriw lawgs losls pl 000 ,5 oolaiwl £ 45 MODI3QI1 Jgaxe
Sy osbcanlojg, V8 Sl S8 a8 5 e YO SIS SISy &3,08 6l,ls MODI13QI Jsass (Xigls g0 6)516’?
05 oo 2 YA pelba BY v e aygly sl allio) 690 coolatnl 550
saizl il ol slaosls a5 J> )5 wsl 59, V8 Ll MODI3QI Jgame sloosls Sley SUSas o508 aSilj)
4 39,9 5l ools dcgems g0 ! (Temporal Synchronization) b gjlupKen wisg alale Sloj wlie l,ls
oo ol jo i bas alale ubide 4 NDVIojg, V& slaosls (jslain fyuod 43090 ol il cpiile 6,50k slo Joe
Gy s g, ol 5l eolaswl .y )3 colaiul polas dilale (5,05 ko g, 3l colo yo 0 axly Jlade G 7l Zenl sl
2y syl AU Jleisl onilensl u_:‘).».:l.: oeals cel asly 0,5 i 1) Jow 29,5 5 (5999 sosls S
A so gl olo Sy Jobo
W0 )8 Zlsil L8 i )0 eals Lasin alaii 9o gl NDVI polie gloj (6w oozl &)l 565 o acly 5l oolaswl b
sladoe )3 (Eul) Bus e plpieay a5 ab alali 2 gl Tizme (Sloj (0 0015 Asgeme 93 Sl 4 e anl)d
(039) V%) o1 YL Jlown Gloj S 505 JJs 4 MODIS Jgame Sl .85 1,3 oolitul 8590 opile (6,u50k
b3k @glas wlwl W NDVI oz ls el (59,0 (BLS jibg alale 5 Lad slocSiulos 3.35 (g3lwJoe sl aS o4
() b)) 358 o0 alone (NIR) o035 &y 8 9 (Red) 303 slasily )0 zolam

NDVI = (Ni‘Red) / (NIR + Red) o)

ol o3 eslaal slp 1) o pliebl CoblB (Jgame (nl (5, 5 oadplonl (6 phmei] Dbzl 5 Vb S gl CodsS
s Slej sy csloools & 45 MODIBQI yaama (59, 2 4gl o ytogaoly 5 (6 yimnad] lonamas Jloc! 392 b
2l 5 a5l e 45 Al 592 Blae B3 g ol arle dopl 51 5L swslasdl slapy ool olizmen Jgane SISk
S 5 il pi Al e So il el B0 bl 5 Sdlad (sl ccnlpl )5 e 3l sl Jas
QA) L (Quality Assurance cuaS S glawil 5l shaie cpay ol (g3lwesly ol &) 565 otk o laosls
9 2l sl il iy Gl sla Sty (olod « QA polie (555 2 kS Jlosl b s )5 eoliul Jpame (nl )5 oodiarss



(High-Yi ¢S b sl JuSlo b colys jo U wals (Mask) Sule Sloj (5 5l g 00l sl Callasl coa s

9,5 edile 65050l Sl oSl o )ly Bas psie plsiea g 9o ¢ quality)

(O] (§999 W piie) (oSl sloolo

Sels e slaanld p peiies Hob 4 a5 GOlS cedlil sla e ) (Slasgerme NDVI i s 5 3luad jslaiods
oS ERAS Julow 5 ools dcgese 5l nosls ol sty bl (Jitaw) Cro i b paiie (lgredy )08 o 50 olalS
(Hersbach et al., 2020) ways,5 zl 5wl wei o &)1 (ECMWF) (g9> owilbe s cimim 2bs)) 35 0 lawgs
G e 3L (S Olgrear (Gley Jsb 5o (oKen 9 Vb Gl 5 Sloy SISE (Sl By JIo 4 ERAS o3l acgorms
(Mohammadi, 2026) s5i oo a5l Jaoe Sladllas ;o cod8l osls ailie

Slae Gl (VYA jolus B Ve v e aygl5) NDVI slaools b aslie Sloj 0,90 sl b piie cpl alale gloj (5
davgie glos 13l aii e Giagh ol jo coliiul 8,90 serlBl (sla psiie 0l ] Fuiul asllas 890 alads 50 380 oLl e
olS a5 ylwgd slaas s sleoaisS J 7S oy 5 Lol 5 (S lgie 4 Los ((tasmax tas, tasmin) Ige aiios g deS
3 go LA ) Fsid (gl o 53 Gl 53 6551 liee esie Gl (1SAS) (6098 0lisS g (ML L ai8)S Sl o
i oolil 0135 o 3l oL 505 4 (g phead] (] 5 5l paSd lsie 4 Sl cnl {BUTS) s b
Sy e B 23 oo (C°) ogds a5 a3 wiogy (K) (slS 0y 55 a8 Lo jolie (caled (510 il o o
oy o ol o o b LSS 4z lSs ools ypile S Al je sl ales 50 05d Hosle gam ladds o lag)]
29 NDVI uo oo b ot (ooelBl sl in 51 (50 B ym0 gt p2 g dllale gloj 8 Sy 852

(NDVI a3l e by bl ole) lojed polin b 6o copldl Jiie cla i il ol 4o 45 sl ;55 4y p3¥
ais § ko Jelge cplay oLS idg STy o (Temporal Lag) Jloix>! Slog JUEE RTINS W RUSRCH JE S
P Sy sleaddy g5l 5 oy bl il ouls B LS (g 0l ulilipg o Slog ).,_>L: oy ax Sl o
Ol 35503 45) addllas cnl adsh 51 50 a5 55 (g 0008 (Gloj 5y Sladeln o3l (ol weldl () )3 seie o sl
20,8 Bl (Sl edile (6 250k il slap o8l gl (2b3)1 2

oo.'».yj Go.».lﬁ‘ swools
(GCM) 4> (sg0c (550,5 Jow Lawgi oddgilwad o8l slaosls 51 NDVI jasLli oan | &l s S skaiedy
STeosls pl s 5 eolatwl wads zl 5wl (CMIP6) £ 51 sadicis b Jow shudai auslis o9, 5| 45 GFDL-ESM4
GCMs a5 slaosls ISIMIP i 5 .08 il 0 (ISIMIP) &l 156 sla Jowe  sindss dnglie cidu o 059, JUy Gyl
UIJ.JL Sladllas sl |y oyl 5 00,5 (o5l (WSES g, e g ol 10) wbl puoeas aid iy sla b, 5l eolaiwl b 1,
okl pac b ojlgen ol sla sio i a5 Cubls ax g5 Wb g0l (Lange, 2019) oS’ o (5 jlwcwlio laalais
2SS Ll wls olardsiism sbas > (giluans ;o owwlio 8 Sloe GFDL-ESM4 Jus 4> 51 .ais ol e 18
el odle ams sob iligy ) a8l (g3l Jaw slacislnd pas daiels plos 0 jaie (GCM) soges (50,5 Jow SO
Sldg e 13t (IS a8 oYL jLal b glddlaie cold ) aliows drwss pwe So ,S5LLS SSP3-7.0 s\l
9 oadgazms (S daSTisd gl Bl 5lad) (SG3elsST ooz sla iy 5 (Lol s )5 Sl (o9 50 gl ()
230 )5 Bl gl jndd 10wyl a5 510 ol jed 4y piecwsST Do SV slagwly 380 o i o 1) slacoalad sae
6L®)M~o )| SSP3-7.0 LSjJ)Lu.MJ o9 U"‘ 5o ddlais J.:duwu] Mﬁs‘ » f""’b‘ J.u.su KR 09.0.”; u‘f‘ (5’L’))‘ 6‘)"
Regional ) glaslaie Culd, loie b aS o Liw ol (Riahi et al., 2017) ol Sbxsl (SSPs)  eloixb golaidl § i
sl il g cns Modlin 6,80 b adois sloas | g oo ax5-lis (A Rocky Road) S ool> 6 b (Rivalry
P& e ply VGl 695 @ e (0] IS (o0 pgal ) GlAS slasl5 LAl el g )55l (sl g9
sl b Jaere Jlg, 3ok S gens L (Pessimistic Scenario) ailios sg: e G laicds g 95 oo yomine )8 (slec]



b mle p 55l slacsius ;) b)) slp a5 09l oo 48,5 JLas o (High-Challenge Business-as-Usual) sl

el cawlie by
oan| 0,95 (5ly (tasmin tasmax tas rsds Jhurs Joli) Su b 0,90 (couldl slopiie Hlod 4 bgye ailyg, slaosls
G50l Jae 4y (699,9 Glare 4y aools ()00 ,8 zliwl daxdllas 3,50 alads 9o oLl Slaie gl YYe e L Y-YQ
370 & 90 43 SSP (593 ,lws , 9 GCM oo ,o cabaii 12 5l NDVI sans] Sloj (5w b ol sinlgs ools ag (il

Cdilo (5 S0k sl ;oK

b Jae cpl o eolaiwl Oglae sloo o, b il (6 5 0b o )6l as I NDVI ol oo oo 9 (55lwancds jslatea
& skwas ;o Random Forest gXGBoost (GAM) aisl puass 559580 slo Jaw (GPR) (cwslS 0] 8 ygus )5 Jolis
S50 o0 ol )8 alive J> 501y sauzn ot e g o sl g, o, Slee b5l Gl b Jow 5l dcgaze ol Gl aiius
gl o 0018 8 Jeadd 4 b Jow o) 51 G o adlsl jo

38 plon Jolas sl 5 (sl e slasSas, 51 eyt ik bl dapizySl ) lejes bl s ol shite
Hbol T Cogds o (GAM) sl puass 505381 sl Joe 51 Lo e oolaiwl iges (ylareds Cawl (com s S88 5 (603 yuunnds
el S Glgreas GAM o ,551 60,51 so w2l 3 1) lasols [lislu 5l gliste aim 90 (o el (XGBoOSE) 0yo
Gl o YU (6 & pds b g (Smooth) Slses & jg0as |, NDVI a3l 5 ol slo o o Lals ) oSG sl )b
b e olas aiS o Sl & a8 1Ll ls (6,568 (65 i § Joduzey JliSle ax ST preal )0 5 e
Sl (gliie slos Sog, ol duolio .ol o5 a8l slosie L (Non-linear interactions) 5w 4

S oo e | ool bl 550 (luand (sl ange LSl

(Gaussian Process Regression - GPR) owgS 0l 8 ygumw )5

@ o Sl oS Plawo slp s p (e g (Bayesian) im « oyl 9,09, o (owsS Wl oS
O e (o i on Condald sae 51 e dl] j0 0584 pamie Ulg g eduomy Jailgy (o5l Joe ;o YU (6 pdy el o
ools 1, Jasdrine slayel )l b ol SO a5 Gyl slo Jow By (Williams, 2006 & Rasmussen) el asdl
Slslacgazme y0 a5 WS (o0 (258 Joe (ol IS (oo i a5 (Sen il pled (69, 2 il @59 S GPR e oo 55
WS o0 (§9ym O puiiadi (owsS &9 Sl ools bl

s 0 im0 o e 5 (om0 gn o5 aile 59 Langd JaIS sl (s anlyd Sy
it @b GPR Joo b 058 00 413,515 40 a0 o Solo slp Yaeme 5 amd oo olis 1) ab il o500 lade
Joe ol (5,8 (el ol S o i 1) (X 9X) (6099 aais 90 (o (S b caalis yl5ue a5 el K (X, X7)
5SS bl walgs polis 29,5 polie wiiis FGo3 0SS 4 (g9g,5 slad o a5 (bl aS o g ldSas
Jles! codild 5 (6 pdyBlasil JJs 4 a5 cowl (Radial Basis Function - RBF) elad 4l ali ais caiwn mlgs o Szl
(Verrelst et al., 2012) o oolaswl 55 (iogh ol ;o ¢ Pluws 1 orwg b (55, »

log ) slacsl> Jlas! o, g5lwancin G,k 5l aie b la el )bl g5loaigs L GPR Jow «jog0] al> e 5o
O 22595 <S5 Jow (390 5l e S o o ) ST ee b oy i “5:;3)'94T sleools g4, » (marginal likelihood
aS) ladasi oo o SO Lo GPR wyus (694,9 alais G (5l 008 oo sbx! ailgs (59, ,» (posterior distribution)
o O Conlad pas il a5 WS o sl 55 Guilyly S a8l cans oo @) (Sl (b @255 el Gloo
Ol cublB o, Gl 15 S o how dhame pole o wied ;08 e g lpl 0 1) GPR (( Shs opl .cuwl



(Rasmussen & Williams, 2006; Salehnia et al, ojlu oo o2l,8 1, xiio  cod8l Lyl 50 053940 ¢ Jow slo con yies
2025).

(Random Forest - RF) Jolai JSCo

QS oo Jos prenal S350 gob olaws cale b p aS cel wied a8 295 6 Sol o, SO Solay s
S 89y g S hieel sl (Bagging) TS K L 70 kg aress® SaSS 51 Jow ol (Breiman, 2001)
5 Polal (glacgamma ;s w30 1o 5l 6,5 1o 0 wpl pogdle oS o soliiwl jgal slaools 5l Bolas dcgesma )
e a5 35 o0 ol gilu ol jl han 93 (nl g oo w8 S A 50 e (n e OBL Sl Gmote sl
Ol Bolai Sz Jae 2l Gt oy, Plee po b ails Bilpgi plp 50 @VL Celie
b yxie ol (sl (6 kre al] g onzmy oS Ly, (g5l Jae ;o YU SUlg5 .l 55000 s )0 pled bo i
el 0,681 el g0dS” sLlse 5l (feature importance)

(XGBoost) wsals Lol S Cougds

OLolS Cusll b, g e Ry,S (5,S0b w5l S (eXtreme Gradient Boosting) was Lol 5 s
ol a5 olas JSam M5, (Chen, 2016) cuul azdl o jpi 095 oliwl 5,8kee g YU Ce s o 4 a5 ol
Ban b sar 0550 50 a8 e sbml Jlgte 50 4] eeal (1550 XGBOOSE ol oo Jiis 5 (s5l0 & j50 421,
&b & sslephite GoSiss (9533 L XGBOOSE .05 oo 08ls (3jsal (L8 (1550 g5 5 enilandly slallas o
oLl (o g 03,5 ST o9 ) lngie JSiie ol anals bt (Slenlre lagsluaige 5 a0

D9 b ganalib 5 g ,T ) Blae sl lap 55l

(Generalized Additive Models - GAM) a8l poxi’ 58938 s Jow

il pass s (slo s 1 (sapass Olyieds o AT 43 108 S ol s 37 S Bl ppass (33558l sl Jao
Cel ) o s gem S, b9y 4 Coed GAM. Lol o 3 (Hastie and Tibshirani, 1990) ailadly, axwgs (GLM)
e nl i pes 5o )38 o LS (ooell) i Slo e 9 NDVD) Gely pisite ole (o alaily 3529 (5,8 oS
QS e |y abayl ) S Lo g Wesls U s oo 03l

S Ll gd e 0550l (Smooth functions) e & eaisS lgen wlss b (B X)) ot slap 5 GAM sl ,o

2,5 Ol p; (V) alaly &0 @ Glgs o [, NDVIE (i sl Jow (0

p
g GUDERE) /i) o
j=1

slo X dae 51 5,eB0 «(Link function) wsy &g () (INDVI) sl pine ool alE [Y] (] j0 a8
Sl 5l 0aiS lgan sl (35l sl Ygons s el é oS lsen @lgif () 5 sonldl iy
(WOOd, 2017) Jj)‘& sS.:)9J55| ow 9 6]47).& ‘_;l.&b?ﬁ‘ G)LMJJM e L_,;'Yl.' (_gjaAJJUQ.sU‘ as Qs.usc oslaiul "653.«....);)

33k o @2l 3 1, NDVI (55, 52 (sonlil joiie 10 (sl5ne

b3l g wilwdwe 35yl
$99,9 Lo e (ooled (B3I p iy Al pe 50 il s )5 plonl 5 wepllas Jolpe (b g (ol 0 (siledoe vl
ooy Lais b oakais o gl (Vo VAT o) Su b Shey (s m slosls i (g5l Jloys [V o] o5b jo un g

oxlats g (Training) (o3g0] Cga (Y010 polwd B Y+ v v asgils) laosls slotl doyo Av 1aiods s idw 90 4 Slo



b os 6 pdspmens ol ol o (Testing) Q}A)'T gz (Yo A el B Y- V8 a5l olasl asyo Ve g do Jos
8l plazl saidonss slaosls (g,

gy 3l eslaiul b (Hyperparameter Tuning) W el Ll,8 ooy anyl 3 oo ,Slee o e a0 oliws sl pgo a5 50
XGBoost g RF Jaw glp b 1>l bjg0] slaools g3, » (fold Cross-Validation-)-) a¥ V- Jlite oo liel
20,8 e (L) ains 2l slo el )b (GPR Jaw (gly ol aigy i )0 Ges g i 0 olaws pas oo il )l
29h 655 sl (3lnohe 516 b (leaigy (oMl 0aiiS Jlsen wlg sl gol3T Sl yo GAM. Jas sl

4 ol glogy )l o oty T iy sl g 00 QLR sk logad g (5 lel (gloslene uluol yy ategy Joo coled 5o
(GAM (gl ) mgev caret (g,)38l0 5 glaaiuy 5l oolatuwl b g R cwngiaelp b e jo o Judos S ol a8 5718
.2 plel xgboost ¢ randomForest kernlab

(tasmax fasmin ,fas) aicion g awS dawgio slos sl il aAlfai> ot oo 5 YU jlows Sviod 4 4> L
ool el B ol > b oaliid (PCA) ol sloailie Jelos bg, 5 Jao 0,Shae » o e S5l 6l psliiany
ol el sols el w0 S oo e 1y Lo ol slaosls il jlg gyt a5 (PCL) Jol Lol adlie G 4y jusiin 4
oolaiwl o Jaw jo pled ), a2 LSS eaislad (lgicdy 0gh oo 00l temp_component (iegh cpl ;o 45 So> adlse
RV

885 9oty s IS 45 208 ol Jlgie 815 55 o ingiy ol 9 oosls 5l s 5 9IS sl e ol
(PCA) Lol sladalse Jodoos SaiSG (oo iSTas g Los JBlax oo (1 55le) (oled jurite dus (o s as o e
&lp o Stemp_component  lgie Cov axly oS 5 jadls SO a o] LB 4 e a5 od Jleel oyl g4,
25 oK 5 PCA o JESl ol ot 5 5 csloodls (ony 5t g, (K US% 5 oI5 Sinles (poa
(Transformation Lo e 5le 5 calpd lod b « s 505 551 5 dslee (ERAS) b slessls Ll
o s Al a8 5 LS @ (CMIP6) sois] coddl slo Jow (29,5 j0 olod slo i olul zalS sl Matrix)
(o] (i 9 (PyB) 03l asgazms 50 1o (sl e o2l JL3lo by olido o ki (y3o Lo Al a5 0 Jol> Lol
ol 53955 S yite (5)lel Cumal galid 9l 5 oy 2 pslaiads pgd S 13 Canl 0sd dilne (en MalS & pg00
ool ol eolatul Boruta  Shg bl o2 )63l 5l c695,8 olisSzae (il 5 omd Cugb, dod oS 5 sle e Jel)
SRz Joe 3 (e By gy S s T Jlesl (PCA) (3515 sty 2l 50 (sla g 5 (59, 2 Loiiis oS 0,05l
awslio (Shadow features) olas slo S5y 5l slacgeme Canal L1, S5y 0 Cosnl ;5o j5b 4y a5 canl Bolas
5 a5 bl ol 5 & bl 5 S0l sl Jan 4 (2l 3559 5] e 1y loline sl e 5 008

S VL sl eSiln ) S ey il sl K25 sl 3 Lol suiiSg00ms Jole 5| oSa 2l 42 51
ol 085 e (8 5ol (slo s oy s Js pite Sy s ol 3 Wl 03 e ogmns (iasleo Yoo
ol Lod oS 5 (sl yuriio aS 0lo ylis Boruta S s ol pi 568l zolis ccanse il gl cade al av e
5555 DBl i iy e olyieas |y Gl 5 asis NDVI sl FassS iy sy 58 ity s (s s, 5
IS 50 oS Lais dles IS 33 s Cargly oy s aiile) (o w8l 51 e g 0,8 oy slalas yo cpgs
(CMIP6) coslil (sla Jas (slo s stony pgom -aiS g Lol olS agho ) o yimsl 4 53 5 (VPD) sl (5 s slolis
U 5 Lod o eiie a5 oo el (oYL Celad poe s St jley bl o glalais ubide ;5 AL s 10
e 5 o Sa3elsS1 sloslisy 5 Gl GBS (5,5 15,8 sliiads o325l disd se 8 lunnd (6 VL e el
Ol sl g anal bl (ST 5k mgei A 9 Ve oS as casles a5 wals oL 5 slaisSay gyl Ho eud Sl
(8 Blad i ol o aibite il lol,S ()b

(Model Performance Evaluation Metrics) Jow o Sloc b 5, sl Lo



Pl 33 03728 gl &1 453 slind (60T Jloms 51 Byt (5o Jon (i sy 83 (5o dmtlin 5 ) 51
Acgerme (S3, » 2yl ol (Hastie et al., 2009; Moriasi et al., 2007) o oolaiwl 5 1.5 o 41,3 oolaswl 0,50 (ygums )5,
ol 09 sdumtiw ailb b o & jgods saiiodss sleesls (5, p e (8 pdseaens o Shae B b sl 9051 (slaools

5l 3l le o )les

(Coefficient of Determination, R?) ‘poi Cu yo

ol ndgs BB Joe (599,5 sl piin bawgs a5 Cul NDVI Slaslice polde 1o il )l 5l cns oaipo ylis jls )]

Vo oy polie g el yaie Vg0 o o polie o o |y a8ly slesls b Jae @illas e R? (500 & le &

D9 oo dumlie (V) alayl, 51 JLxs ol (Chicco et al., 2021) ol Jaw 5YL ol g g o, Slee Sl
Z?zl(w—f’i)z *)

Y i=9)? \

(Root Mean Square Error, RMSE) ls Oley o (3Kl alis

R?2=1-—

lalas aS c;:l?uT )l AASGA (5)"5‘))“‘\"‘ ‘) (OMLS""’L)“‘" 9 L5'3‘5 ).M)LS.A Oy A_JBLDJ) LDJJLQ..MJ »))‘J.:L».w‘ J‘)Ju‘ s)l.z.’.c L)"‘
2 By polie 092y 4 (plply 5 080 0 6 ()5 S, slallas 4 RMSE i) o0 50 (lg5 4 (6,5 (nSke 51 LS
FoS polie 5 99 s0 Hbe (NDVI) Gua i ol 10 Lo o) (Willmott and Matsuura, 2005) cewl olus lalas

e o ki |y T dculs ogo6 (F) adaly .l Jow jiaS slas § 5YL 8o sasmolis o

1 ~ M
RMSE = \/; Z?zl(%' - 9i)? ) \

(Mean Absolute Error, MAE) Us 3lho ;03 1SSleo
)LM U"‘ ‘RMSE d)‘.?-).: Ju.s‘éaa ML?M |) (5*9‘9 ).:ol.n.a 9 °Mt5"“JL)“""’ )Jol.a.a U"‘" *—le—ﬁ-‘ dl.‘aA)AB u.'..faLuo ‘)L.o..u L)"‘
(Willmott and Matsuura, 2005) sas o &)l Ua> 5,5 uSlos 5l (6 00l junds g a2 g0 SluSS (59 bllaz slos 4
a () abaly 3o,k 5l e cpl il o Jow yige 0,8l Sl o] S polie 5 el Bus e b aslgen 5 MAE

AJ]GA Cawd

1 ~
MAE ZE3T | ype x\l ®
\

)la.ii,aj}i ‘r:li oanlice 5l NDVI ((s8ly) gloalie ladey; (90;] 00ls acgaze jo Slaslie JS olows N (5g8 Ly, yo
sk 4 aS Jue wolys 50 .ol NDVI Slaslice polie JS 0Kl 5 cosslice les (glp Jow lawgs ool oo i

NDVI o0is] &l o ion 6l ity Joe Slgre 4 wams lis 053 51 L aws opl ol o 1) 0 Slas o g0 IS

(Kling-Gupta Efficiency - KGE) Ly 5- Suls' 1,5 o5l
op! (Kling et al,, 2012) Slaslie § sobgjlwand polie o (§pd sl Cons g (B1AS) Wbl ( Jos Svcson
g s

KGE=1-(r—12+ (a—1)2+ (B —1)2 *)




- - . pe . I . — O- S M 1
9 ‘(O-O) @‘MLM L (O-S) owd)tgw ﬁ.)l.n.o )Lz.r.‘o J‘JDU‘ Ma - O'_Z gy M [P o r ‘U‘ B aS

. . . P 12
ool (o) Slalive 4y (fg) o0iig5luarcds polie Sile Coniff = #—Z

(Taylor Diagram) ,qols ;log00

SlS (5 kel lna s 4N 5o 4 Jloges b o oolitl Hoks Jlaged 5 Lo o Shee (ylojen g gol> aunlin jglateds
&35 o sla Slayye (2Shs 4y 5 «(SD) Jlone Blyzuileygms oy (Snod 35 1085 o0 Glalod (Sangs sLad S 0,
Joe 2 0, Slas 5 09 o0 48,5 Jlai o Slaslin gbeosls sl a0 laicas glakais ¢ jloges ol jo .(Centered RMSE)
Gt IS 0 8lee Jao ol il FSh05 az e abii 4 Jae G 4 by e aladi azy0 09d e ool haled bl S L
(Taylor, 2001) s ,ls

o yoiio ol s BSIH (3L Jolow

sl sl i ey Ll Loli 5 lnosls 555 530 (sl (LSS o Sy bl (5 S0l (sln Jao gt | g
o oo lis |y eolatul 9590 sla s 595 g (SASy e yile (V) UG ol plxl (NDVI) Go pxie g (e
0AS uSain 4S5 B0 oo L 0g5 6**:’ 90 559 Lo la pxie ol asine Lol Jhad g5, slojlogai (0 a5 jshailen
kol b8 Slslp mie slapl Fgiues jo a5 jsbiles (hlie o ol addlas 390 adlare )3 sorldl ploe fad g0 0525
5 5eS) b o3k o Bowe o polie 5 0og canly 4 Koz s)ls NDVI (slaosls g )55 el oanlice b5 (¥ IS5
St das g S GlopinwsST j0 0aiSTy § S 2LS i conle b a9l cpl a5 wloads 55 paie (+)0
Lol 5L SLals

Al s, 0 a8 jsboles e NDVI g Lod (sloitie (o (o 5ed 5 ooz Lilyy (ololid (Jelod (nl adly ot
ol Sl cpl el - leS pove SO S 4 Tmin g Tmean, Tmax L NDVI alayl; w04l o cdolie ¥ S5
Jole Glaie o YU jles b ol Shaas sloles g oy o0 095 jlade wSTas a4 aigy ol o3l G 0 NDVI oS s oo
Sl b slaial 3 5 Al o s b ol al iy gn NDVI polie 2015 & e 05,8 Jas s, oaiiS sg0ons
I, XGBoost 3 GPR, GAM, RF wile s e g aid iy pidle 6,50l sbopis )68l 5l oolainl &jg,00 o)ls oLS
Los calises (sl ite 2Vl bt (Kirad (nizeed S o anl (2L by Sealis 350 sjloaesd sl
ad, 5 s g S0 s o Jus a5 loasay ol AlB s e e oagay 925 caimolis 45wl cdwlie

.\.\.;)b QT ).3‘)4‘ 59 L‘:”P CM}LB.A ‘u,u.m”., U"‘ 5o

N\



Tmax Tmin WDV

HY

54

uesLI|

ol I|l

||||n||||

HEW|

un

AN

- 2 . Hl Ih |‘
012 . ~ m "* - ‘ * w

20 40 60 150200250300 10 15 20 25 30 5 10 15 20 25 0120150180.21
01,5 giwsd « Lol yh3 595 5l 1090 INDVL (a5l g conlBl gl iio 51, (Pairs Plot) Sussly jlog0d e yile ¥ JSb
S gl Lol pon (S| log0i ©)go Ay jdtio 93 B (o Aluly bl Hlad 25 (b loges a0 GLEG 1) pdtie 12 &2 39
B i Lod Gek g8 At B (et
Fig 2. Scatterplot matrix (pairs plot) for the climatic variables and the NDVI index. The diagonal panels

show the distribution histogram for'each variable, while the lower off-diagonal panels display the
bivariate scatterplots overlaid with 2D kernel density estimation contours.
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Fig 3. Results of the Boruta feature selection algorithm. The boxplot'shows the Importance Score for each
predictor variable. The greeén color indicates that the variable’s statistical importance has been
confirmed:
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Table\1. Pexformance‘evaluation metrics for the different models during the training phase (Point 1)
Model R2 RMSE MAE KGE
GPR 0.978 0.0001 0.0001 0.995
GAM 0.458 0.0112 0.0084 0.543
FR 0.908 0.0054 0.0041 0.761
XGB 0.907 0.0003 0.0002 0.995
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Fig 4. Scatter plots of observed versus simulated NDVI values by the four different models during the
training phase for point 1.
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Fig 5. Taylor diagram comparing the performance/of the models during the training phase (Point 1).
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Table 2. Performance evaluation metrics of the four machine learning models for Point 1 during the test

phase.
Model R2 RMSE MAE KGE
GPR 0.995 0.0002 0.0001 0.993
GAM 0.21 0.0167 0.0135 0.257
RF 0.24 0.0165 0.0135 0.303
XGB 0.985 0.0027 0.009 0.916
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Fig 6. Scatter plots of observed versus predicted NDVI values by the four models for Point 1 during the
test phase.
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Table 3. Performance evaluation metrics for the models at Point 2 during the training phase

Model R2 RMSE MAE KGE
GPR 0.598 0.0336 0.0257 0.679
GAM 0.753 0.0273 0.0211 0.703
RF 0.752 0.0351 0.0281 0.416
XGB 0.98 0.0005 0.0004 0.999
-
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Table 4. Per{orm ce evaluation metrics for the models at Point 2 during the test phase.

Model \ R2 RMSE MAE KGE
GPR ¥ 0172 0.0785 0.0605 -0.091
GAM 0.162 0.0669 0.0536 0.248
RE 0.139 0.0615 0.0501 0.045
XGB 0.988 0.0101 0.0072 0.886
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Fig 10. Taylor diagram comparing the performance of the models at Point 2 during the test phase.
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