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Introduction

Precipitation is one of the most critical components of the hydrological cycle, dil
influencing water resources, agriculture, and clintatated risk management. Accure
precipitation estimation is essential for hydrological modeling, flood forecasting, dr
monitoring, and agricultural planning. In mountainous and -desace regions, howeve
reliable precipitation information is difficult to obtain due to the limited density of gro
based meteorological stations and the inhevmcertainties of remote sensing products.
recent years, reanalysis datasets such as ERAS5, produced by the European Ce
Medium-Range Weather Forecasts (ECMWF), have provided-feng, globally consisten
climate variables. Despite their advantages, these datasets often suffer from sys
biases, particularly in regions with complex topography, such as West Azerbaijan Pr
in northwestern Iran. Machine learning (ML) methods, capable of capturing nonlinee
multivariate relationships, havemerged as effective tools for improving precipitat
estimation by integrating satellite or reanalysis data with ground observations. The ok
of this study was to assess the potential of two machine learning tecknigudiial
Neural Networks (ANN) and Support Vector Regression (S\AR)h reducing ERA5
precipitation biases and improving estimation accuracy in West Azerbaijan Province
performance of these approaches was also compared with a traditional interpolation r
Shepar dde to evaleate thé rglative benefits of modernihéised approaches
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Materials and Methods

The study area, West Azerbaijan Province, is characterized by diverse topography, ranging from
plains to high mountain ranges, leading to significant spatial variability in precipitation patterns. -G
based daily precipitation records from 16 synoptic meteorological stations were collected for the peiio
2023. ERAS reanalysis precipitation data with a spatial resolution of 0.25° and hourly temporal res
were aggregated to daily and monthly scales to match station data. Three mogeliogclaes were
employed: Shepard interpolation, SVR, and ANN (Multilayer Perceptron). For the machine learning t
several predictor variables were tested, including ERA5 precipitation values, station elevation, |
longitude, and temporal lag features (previday and nextlay ERA5 estimates for daily scale; previot
month and nexinonth ERAS5 estimates for monthly scale). Data were divided into training and testing <
using kfold crossvalidation to ensure generalizability. Model evaluatiovas based on four statistic
metrics: Root Mean Square Error (RMSE), Normalized RMSE (NRMSE), ir$agbliffe Efficiency (NSE),
and Pearson Correlation Coefficient (CC). These indicators provided complementary insights intc
accuracy, relative error, predictive skill, and correlation strength

Resultsand Discussion

The results clearly demonstrated the superiority of machine learning models over the conventional
interpolation method. Among the ML approaches, ANN consistently produced the best performance
daily and monthly scales. At the daily scale, the ANN achieved the lowest RMSE (2.73 mm), the
correlation coefficient (CC = 0.71), and the highest NSE (0.50), while maintaining a low NRMSE (O.!
contrast, the SVR model achieved a moderate improvement over Shepard interpolation but aczsilats
than ANN, particularly in capturing extreme precipitation events. Shepard interpolation, by relying so
spatial proximity without considering atmospheric predictors, failed to adequately reproduce preci
variability. At the monthly scale, all models showed improved performance due to reducedershc
variability; however, ANN again outperformed alternatives. The ANN model achieved an RMSE of
mm, CC of 0.84, and NSE of 0.67. SVR also provided reasonable accuracy, but its gectonas les:
stable, particularly in stations located in mountainous terrain. Shepard interpolation contini
underperform compared with Mhased corrections. Feature analysis revealed that including tempor
variables significantly enhanced predictive performance, especially at the daily scale. This highlic
importance of accounting for temporal persistence in precipitation processes. Elevation and
coordinates also contributed to improved accuracy, confirming the influence of toppgragprecipitation
distribution

Conclusion

The findings emphasize the effectiveness of machine learning approaches, particularly ANN, in cc
ERAS precipitation estimates in regions with complex terrain and limited station density. By caf
nonlinear dependencies and incorporating temporal and spatial features, ANN substantially
systematic biases and improved alignment with ground observations. The comparison with SVR sho
while kernelbased methods are useful, they are less flexible than neural networks in modeling
dimensional feature interactions. Shepard interpolation, though simple and computationally efficie
unable to address the structural biases of reanalysis data, underscoring the need for more advance:
This research has both methodological and practical implications. From a methodological perspe
demonstrates the importance of combining multiple predigtorsluding ERA5 estimates, station metade
and temporal lagsfor effective bias correction. From a practical standpoint, the imprgvedipitation
datasets can support hydrological modeling, water resource management, agricultural planning, an
change impact assessments in West Azerbaijan and other regions with similar geographic and data ct
Future research could expand on these results by exploring deep learning architectures such as Lc
Term Memory (LSTM) networks, which may better capture temporal dynamics, or by incorpc
additional predictors such as temperature, humidity, and atmospheric circulatzesindoreover, applying
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spatial downscaling techniques in combination with ML approaches could further refine precig
estimates at local scales. In conclusion, this study confirms that machine learning, and especidiysadl
methods, offer a robust and reliable approach to enhancing reanalysis precipitation datasets,
contributing to more accurate climate and hydrological analyses irsgatae mountainous regions

pCoév wUCCH®RYy A6 E&EdwA E-

.@1E /lawa EUsgAEY | + AA awy!



CEayA

~

. At

EN ) gCoév %CCERAY
X . 203 w oadil & wo Aiaghelya
L 32

@ 10.22077/idcr 2025.9231.1137

¢wia WOVERBSCEwaa t v OBRCAE GWRNEAWDYD Ewev al ween
cnac-wz voHCAwp e Ad

%EO G U g6 Al

& % | 0 vermh FaONAEAYY O LECAT MW a Al

mo_mohammadi@pnu.adr 5 6 A pEEW ya °©

a°cC
i vsvCzEawetwyp it WCEKBE ¢ CGAwRAVEE Yy e@ a7

5 ¢ owad\

¢ ¥y 1édE \Croddg w@® UCp o bcAv@y % IOpweeErg OWE z ¢{ 1T YéAi { E  Udig!?

UE WO BEWRY YC BwBWA %1 LA BULEY OadE v %
W@Y CA %Yz Rz aAEWE .00 | € VadivE{zA PYpraly Wi
a Jidd FEIEwWEA GE y  AwEd A0 UAC YR8 ME WAL T

UE wudAYA & YA T{ EWART {0BR .BWaYy % 10k 6 Weg i)
W@%BWERAAewa! vi OAAd , &4 °BawE Ewdie{E ~

¢\a YovOwaEaw I 1 ! @da 1 Gyev CA wiABwalvad/e Asl 4 °
Cet W@y % | &b 6viO0) Ciewysy OGRE{¢val VAL A &vix
Yy o & u 0AWEOBRACH 6VRE, U WE & BOMESSHWCIWRZ Y2
| %Q88 v %4 « OAdvh GavwAdia E0 sl v  acwalhsv Ay
¢ Y4z © béaa Yawilia Wil o 92 @ U6 \ayYe v ordaea U avamaB: & &

| IC8RA v %8 « OGR! ¥ CHBT ken®d Z2ZERNSGwat v ¢

A« Y wi 0 CHAVNIE/ WAZMEZERA v %8 « CElEY /AR Yt £
awovelE0 U WE AP v wiO) A VABAAMR B€ + Y2 AWHE, +0 v
GYApG{U & WA {0HR %iTH% 1o AZCN  0ABES yEGUEA wp E

MBME £ N, €VAM@d E ~0@aadvsan o CzGvyivss g é
Ck@vA: Az oBabhAz ¢BWAFY JaBNEGA 1 vo bE

v ¥2$CCUBLE #MAFEw ZAmU0/20 § A Fam73RSRMSE (&40 |
@o Ui §v #BAY wa PR NBRAIGLE dwz dHFAY Wa

° B # Awdzarw U AW ¥zPYRKMSE

l@w{ HEWIEA p
ERASCwaa! B @ €

5 a0wy dsaw

;LY +
5% &2n

, ™% 0
(657 Ke 7N

, R 2


https://orcid.org/0000-0002-3880-7390

!, ) Yoz, £ VEAEIRE& wv al wenAv

¢ LUCA € %A &AEA L O Wiy WarIGLLizE i Uz wp U Au° éu

ALz prfetd 20BWLIZAV CEBK * 12AC BighA AGX VX -ChwAgei Bkwz

| 0] %L 2@ e £ OwLIEXADDbIvE A Y%cp wA 6° WCBF 8 12y WE wp thz Al

Yol ) © QWEEEF © A «QoipBAGY %A v A Léw Wy Yer éEward v 1C 8 MLV WA A
Ao LoLER Y. ACIEWREE wWidz A v % eieh va NGAV 326 36 8EETo B84

U@ BAL cyd ° b~ { 0 WA T K K v WL LEWEET 3wt h it AL L2A LL C

y ¢ LICE %EV A IhWEA/SS BNIA £ ACE wliy ¢UL@GATCBRLEAWpP Ev A2
Houénafeetal . $° |0 @ & W3 BOEMAMZI 21 wo & vaglyiACwa Qw [ELEARRA 1261 w

#p25 Cwi@ °fpo L £aQACGY vl A A£  %U

AT CAvwAbEwa A/dn3lehA NG e W Z ALYAU-CEjOAAKLY Bhio {| & QAW av
CBE UC¢ PAYICARIGY W EB@VIOUE 84Ky %L L z vERAS* § 1ok & BEBUE %0 ¢ v
¢w & BifJahg et al, 202° Lk eex j Uz wiEdaivvss | ¢ @ Aokda EEHEC v Yy
oggCip ¢AIKCHRELT v ULL{ pu Vilve ewliM BA lvopwPiew GReWIEIEA ~ A
CwhIil &¥d Y\) QMR L & whaaw@cal LIGEG ¢ | v A 8w D E dwhw§so alvoe wea
Czlyttow GL wpARCy | dOWABZIL G L € & E 1iwdyae AL UA i owBIEAAY:
cwa Bv ! CAYAGDEE LMABWMES Becketal$ 1LY AWBNDID £ & k& %z

y o atv?® a0k Ye OWllllz aCsvmpl LGl €€ AWY ¢ “BA)mBE v A
Zhouetal.$ ¢ ARGEV WAy @yNveo A3 A JWIWA ¢ v %Lz ©° Bl %@ A« Y%v Al
¢wLL & YHv ¢ Y% WAL Lz 2ndlL iy Appav O Y¢LAvV a°LE &AZCHILTHO BwA C
¢y j ¢V AdwLL oCL&R L (AL G hAACAD iz & B Wilg BACPEAD /A
Kalhori et al,$¢ L Av a° L E¢cwaBwao ICEAB cGwiéz y at w%lLi &aLE;(
y LW Afi° GGeyea@y 0 ARke® ) A OAVARLVPHED E w) °© p B! CRive A&

0 CL@CyPpetetan2028°y vt vi% 1A - ABTFAOL T Bz gRewsi- W E %

| a1 vE Y BENBIAIE Cy8VY Y Yow G awt v ¢ v ¢ QUT s Anvéd VA LAIP A Z
Ce AL OF ¥ UKW w 82 AlOYBVKYIAZ0 Y w L ZILvE ¢) 2 LGSR 16 WeEE 6 ¥ s
)Wéng et al., 204° p o C & ¥RE A € DY Wit E wiGE WA LLEAGWE W@y %6368 Wi A Z

%L QUv B & ¢ 85 CAadedi ¥z whtag L Awp E v v Yoot LABRAWBSA B wT U v
G\ A BACE-@L @R & 1 BRBLWEHROEIYV ) call pyads@ A v o téw BAGY Wi § a4l
Bagheri Khanghaix |  ©&wip UAIGI® € v ¢ vist U B REzZVE 3@ € wowWARl! SEELWI ¢V
et al, 2025; Espinosa et al., 2024; Donat et al., C&F U %@mwz AGA wo Kwv A i

2MLP (Multi-Layer Perceptron)
3 SVM (SupportVector Machine) ! ECMWF Reanalysis v5

gCoév %CCEEy A6 &b wAE E

.@O1E /lewe ERSAEY | - AA avy



CGAAGYCEAWDEVBAR X %t Aa!l WwpviEhetabRDs$ GdaviEL A Cyposz EC-~
Hersbactet al., 2020Amjad etal.$ C A Ea ! w a® AR UBSr#ng et al., 202 Huang et al., 2024

ALa® wiLyivwlL &§ & fiacoop w OBA T @Aibh @pue { 0 CYGezp AR @B T 1
WA ¢ W ILIEGERAA T Bwldia £ cwaw GChBPA 0 w E 1Ewaile WAz pvie

WhEe LLC® Cvedamash Al -tk £C e2wLL v Ribve@Idindy Oy WL I#A «
°LEwz AgnlL Eva¥ipdééwal,{ B BBt z¢QBL AYGwWpd i )At v v | ° O
° pGevoiw Hi z ¥ Hil Pang ¥t al., 202 UBERAYo ACli o BWWART { E oi v

| 1 YivECGE Yed Vb @21z tvawA A v YouseliKebriaetal, 2028 ¢ LAv a° LE 1t |
C Y BPp v Ui Ax Rfdvz Y%» | ) ¢ A LA @NLGO{Ebed i@ 61K LONA AL 3
AL weé %l N%mBwgAT y ve E Y0 BdaitkyPi Fvimisi U0y whA ¢a By A& w i
y € adeaLAu C\Wgasva 6 VA Glizy YAC Yot B w84 LAY B EPBCCEOWRY Y2
) °Chai@C ~ v YCh aifing AFA WA %z %! EGUVWZIEWE DY At v v
Yo\t WEL LE2w 0| @ EORGY 86wy Y2 i d A lSurfef all, 201%° LG p AN wil k Apw
NMLBSAL A € ° AW Yo SsuM$A A LE ~#LBAU MO O v %y ! CllvRll{AAwz i v
¢\ AbS GwEaE2 € 1 & 8%zp U £ Y%° Az Yov Aud L X BREYAZCH ¢ BCB@a%W2 L Ly v
Cwep T @ OC 3L ~ QA2 we g VL L E#rve Qyévd L IACREAa G %W ILIL % v
Kumareta, $ A® YL\E ¥A@BLAEL §%5 AL ACL @LI6E A Baknharlet al., 2018
CL Av¥%z UAVER1)9;HRomdsi &tval Q25 0 U0 WMbbBaALY BEwlo ¥Q¥wz | dAT’
CYavAlLY ¥ BuiA. SvM EWRE L A 347 2 1 L Bévbibialyay A A b 6C beliyEw 7
;1 gLV gWeE@R ¢ v EHAR yOAMRALNZ £ Ew Cipdwe wMERGS Oy w L A GS@RO¢ VWA W Lyzv
w£ O w u%Cz @hgiwzCAwjp EWEAR A C YO b EEMEv YALLLLAC @ ey A &3 wu © L L
AL&vE EL AR LY WA o o vCuid L ~ © L L pC v BdsgRVM* ¢ %2v AGwi© L L
0 VAA 1IZooy- Bl posal ERas waal vi OKAE ©® i p ~TROMER %Iiv A & w U
Al °y10Ab GOMMEWICAIIAY «O0 WE @ ~ CAVRYAERA BCMWFSICW ~ § Yav AT ¥
° L Blycigura, L AyivBvERaSEW A BV 1 P Ewigredv A a Chz X |
Cuml £ CAEALLGErRAWEIM: A{ Az AL®RyYVL T UERAS A NAYY AvEiz- Ul
CE w L AlApad. v) sekizst al., 2028 © y Y%vCEL A L OAWL 4 OOGRIEEVRyAV 0 ¢ + ANY
cC A CEegwadl BRASCHERL U@L
¢V é@C\AL(EfE\FELﬁAN\ﬁLﬁ%%V ’ tE Li'i‘ro“ﬁ;ical éalznfall Measuring Mission
¢ L Aavlégv\m@yw@yﬁ Oldjﬁél/ﬂmlvml 2 Global Precipitation Measurement

3 Integrated Multisatellite Retrievals for GPM

¢wéa B0y WAy TAD 0 & wL yE ARG w CPly TBYIM Mulil-satelite Precipitation Analysis

. _ . o _ "®European Centre for MediufRange Weather
LA « AL Ew LoalwzOn @ yRUCAREA ¥4 A A [alecasts

6 Climate Prediction Center

Journal of Drought and Climate change Research (JDCR)
Winter 2025, Vol.3, Spatial Issue, [37-56



/ . ) Yoz, £ VEAEIRE& wv al wenAv

iLév at! weaes KPO GEY 268 0y LAINETE Hdica., 201$ 1 A EUGC YEw z
CWELAY ReJUWIBEREIR0 © peydwhorsd Uz W @ CyABLGLAKVHIELS Wi ICISAC LY &%
3D Eovp RACUOR {CEY %- Al ¢y Y%Cd Byl i €L 8o swaEf Az
w LA E o 9Ol @MaBe0OMLE v Y2t A L Lekéh et al, 2018¢ LL A v waghLIL E
o@ Up 8y ey wdwity v AlH  + w- C{vL EWAY { L LIED L°&Bd (b Ly 32
| Qidw¥Ep @ WEGE Céw O ° QW E  ¢a Yv A 3 dwlAdh vC wilwe@lL YA BL § Az
o ICh Awpviear XHCUNMEC] T Y AT { Ev &lywieo AiBRic AP I WA i
¢ty %YALOE ApWLLZ ¢VY%LLA Vv »LING AP CHREAd 8B acwE %L z AOY
CLECG Y ¥%- A VVRYRACY2wWZ pi al waees Av ° 3By RAvAE Az wé Y
%BICWULl y UL G ODYADLE ) v LL p Cwalilzy * cWERE @ovysz dhz Adwe i
i ALLI ¢dvidwi LiS@ewWLLLY & w LALLA YaLAgwWA IL LAErAy A3y Aa wlLL
CWEE V OBC3dh ¢ dWayWOACA P Ad ¢ P EGUOLESSECR Y ¢ v °aay weeo Av
OL z vy %pr¢ vdad B ek Awa %\WR AW 1 L ¢6) ° BALYSawelay YWEL G % w 2
vl AL i A v Bea CCGO - Cva ov BLiAELALBY ChwlLz aCLUG
Lo Lbodg mLEUWILD AW ~ | C awillzh §GLwopeGERAGET évi B)a
0& Avin)staeiv/aEz | GOdwt O Yhv A €A L0z B4LL Az UCAd & BAND G ¢ °
U@ E6R@ € wC EBuMS0 W{E ~ iGw b ¥%za L owslC oA 36iws  CAA{AGI V¥ Ee vE vadt
A Lo A dAvA3 ECAu £ AwAv 3zl CRIT £¢ AL IE&V B ALYG ALIYEA M Af
BTV YW AR {0KR &34 v e w Al 5¢Av ! %A vVRAWEE WA ~
A L i Cb gimabhaEwoARIV{l YEARLA Y2 ¢ O WYz BRAGz Chhwz  Cz&swbv %z ¢ é1
1 CUE € b (0@ARE-ICE yAWEY ¥ 1 Cy Béivz VN 6@E (VO YV
o LORGID A D «  EGROA G- Gows A NP SYM éwﬁ%ﬁ:z%M/mAb&]AE
KL Ewo ERA5S C %ivG (b é8 Cvi¥i{ Az

- N o 3 Goq L ) N :
-. ALNEGA e et al.v 20 Y Y2 ONELG 8 Bomes iy 1 AudE N Y
A" eelatemziv A §Crmdd 9 &1 weeo Av ) CHCEZ W Bl CY %

o@ uCeEz wé  GaA{ Aiz 1ABQ L% i ve 3 v o

) ] _ A ¢ %2Uy Cy w/{
ULz v A£0CQspvesvme® fiea il Riv m&{q_&vxbﬁéi { L ECLAMLAG J AT { &

O L LZOWRAAECIEL AYLwiivai  © LL b g wish el il géay ¢ ¢ VAD T wAv

) it A v BRBACO - CR yavEly B Y CWEIGA Py

y  Ceawiha' wvm | QiEw FCCow s AoBiv oWl IOy ARIEDER A 2
AP IBE & COvealioh \aw b EWEREU 4o A 1) (L 166 Lo aw LvECO W98 v v
C¢ v !iGwnAT OWAA pdLaydary 3 %iw W a
! Backpropagation ¢V G#L@/ZW[A:L@W%W 01,@,&57

gCoév %CCEEy A6 &b wAE E

.@O1E /lewe ERSAEY | - AA avy



co 11

ERA53 ° E ¢wEBAW & A B@8 co/lx Clé ~ £ cweash Cbav )CRE @ 4a Gvp%C ewz °y v
¢ L&awOuC Avapvdve AEE & € wCEp 2 V yw il BEEWIL 2 B® ySIM\ £ Al [E« ¥z
¢ wiEhY AOMESLAC a ¢ v e Ly v atywe! yomgnBAa + oceypsg AAT %t A |
Yol «AROMRNEES | WL bz %0 U C o)y (il ACwyEnmiEBA v pEVaEaA & 1°CENVp vy wu $
UChd& ¥NRMSE)-a° LE| wwba %y UICOYLWSLL=2Y wi 8EQC 1z kA Yerh L
(ELLY yerasbw ICIPAC 1o jekg @ LL a2£y CLLE ;AL y A0 yOy W A BAT AL |
cweada ¢ weoL Il B WREYB £ 061 £ wee Awa vVOWIORWp EvAE j whbdwOu
aVWREY BE dw@Av ) a2 GnwéanyA vx A LAL ERS BAEL [0 LA ¥EALLE AL 14!
ouwi, iefzzR@dOEeld y C¢Av o6°0 %o Az ¥ OouY )} Kk

oLy GwEy v¥% )

W@y % § ' vAUu

ApswOu 1 »nAYPalie 65y CLOARL 4 0ACA%A Y
Owa LAv aGroldnbhamw@adl pétai OLL zo Y s A lglwL LAt wLL é ALL
| ICRA v %802 OAD B w @dv-Cwz Y LL Az Ci A&y L G & walezLil WA ¢
[+ WOV %48 «CETVAIEN 2Ajaniet A «t¥211t  MuA{CAEE Y %v ! %z UCEw
%L UYL Aw adBE EOwev @ z wOiL cCRavgl Ef 1l x Wt [ |£ dapluid @Eik %2 6 ©
WLL¥. OwLL &£ %v ¢v  CYwLLwaA %v a0AMALILL ARk sl B 2083 i

) WEl Y33 0ACL AR o & \CXH B VAT o vEX
BRA5 & Y2V A 3 GwLA I20& 1C UAMACL 1z b & WOWNBtalesr et al, 208 p o LELAEZO - %Ca
cwaw 08n L i LEARR % vL° LLEE W KALY LVaE Y2y BARW L2721 wl LAILE E v LOEPRALWENY & ¢
19, A LAKE W olPh Adoll & @240l Awp EviiEe oCul £ @y ABSESHERE va
A w0 diat L IABIE A4AD-v Y810 Wb WT £ 3. C° v 16 @Bvpazy Awpu Cat wi
X | LSy walAwiaEh AlR BaTA GpyE 1o po L Fa a°LC° C~ %wCl Az
-l - -wE O WA /g neeh BEPRAG f  CANE] ISR OWILE * waaR CIpequAIE B w
CiLu«ClLz %a awL-ewz¥%»j olpvEwkv AGAWDE v AGYERIU wCved, -
Go Y QYLvAL 0 ¢ EBAS ENBBWAE avz §y Gw{ CoLE~ %v!¥%ulLz UCLEv
AL & LL A8 A¥o@p WEL T¥4F GALUE&EEY 3 Yoweo LAV 2 éwLuaoy ' A
ULCU-£ GC¥%waizvAyhawdy yavd (el Mk 6 m £z ) & AN
} AE AwCé U aowi0 oGBom ECwASE QWEW B ZERS @AW B 2 v € WhHICA L z
U L€ o iz N A€ Awad @A W O

2 Root Mean Squared Error
¥ Normalized RMSE
4 NashSutcliffe Efficiency ! Correlation Coefficient

Journal of Drought and Climate change Research (JDCR)
Winter 2025, Vol.3, Spatial Issue, [37-56



/0 ) Yoz, £ VEAEIRE& wv al wenAv

uooE 45°00°E 400
1 1

& 8 Olmldl Olead sl e (glaolSausl il

500

37°00°N

[-e00

R ‘5\-0-:.3‘)

@ JERER TN u’ha\i&g\

() ot ool gl
0 35 70 140 210 280
™ ™ I Kilometers

3500

T T T T
u00E 45700 4500 47700

Cz spav-¢ wz ¥4 AbwiwAdl & waha ECH whTER Aiav 6w a
Fig 1. Distribution of studied meteorological stations in West Azerbigan Province
AACHE PR VCAWNCHWE * % E CzOWMCE)RABMNE! v 1 GWWO&I 0A Ny ¥
AwL Av %ilLéz BvACAG- AW D @gEA AEWESAWE Eras Cwalk vGW-A/i]
WLAY] Boay jwawlAZA LY PE& vAIO: oflsGa® & wadr wély GuAB t v YV
)la#ono etal., 2008 AE A{ Aw’ BREsCwa vy E Glw pEWRABAE ¢ v $

O W 1y WAL WAL O 1 el i ° [LaFeBALA (1@ @& WwALADY 284« AéOpu 0
y CLpCU¢ E-3clEe €A VAL A0 ICBEEN sevi ¢ v @zaayc WES vAG
CLAWPpEVAA awa®mEAA WK U 28y ClYaHW GeyWE®B U FresL Lz ALL
| ¢LA, v +wLi %!a)winvEikELVJIEanesEs al.,20BC v VB saawidv
NBE BMSE, NRMSEO VAL Clo LA Q& sMzME Oy ¥%t¢ VCYAL P o waltiv 11 YA &Iy
BER ° L3k Wi CAwW w3l Lz ! % L
) ¢oL LAk w ade LLLOYRW i ewissk @& & L A

Y Inverse distance weighting (IDW)
gCoév %CCEEy A6 &b wAE E

.@O1E /lewe ERSAEY | - AA avy



CLHAEY CL{Ci %E£ o & WA 0 ESBW A YEUNAEG oW 66 eowas vip Cp (
V @ LAd Vo o, Lub weEw LiaC L z 0V «AMiL 60k wik @awd gL wed v Cuwl U £
i YWALLzI 2éwlLoy ) CLAv a°E%uCHVWHEL @ cwewC iyt AP M AP,
¢V altwkbyRAygywayv el n Awshwd CYMAipiB oy Cq W {YC < va
Y CAv a°E GowAAUC¢ERpBRW{IEu )adAvdetlEL LAv 3% LL

UCEwl ¢é&uCTat we &w@meddyy 2 ®wAu ¢wa
Table 1. Features used imachine learning models

ChAc) ¢1y By Aewa
Feature Feat
Input Features

Name

¢ryeiAcwa

Input Features

A A o ~ A1 == ~ Ax X N
CéewCavHa« 1 ¢ Yaw «  dawhv Ara wly

latitude LA Satellite estimate value for the current cp
day/month
~ 7 - - l N . .. el ~ . _
o.{e.awaj/zv*Aa»,vyl}/z. u bE CAwpEvVAa aw A
Satellite estimate value for the previous station elevation
day/month
0 aa A a LV 1 U A ~ o ~
.Dz_aav%vAa\@ly 0 CewCay %a «
Satellite estimate value for the next NE : LO
Longitude
day/month
SVREWC R Y ¢v OLIGwsEeNL{ Az E-pA dvoy

¢%CAL wLE Ay ¢liprayessorl Av CALMY & oo %k zo v yoviLbwen 0 &
RMSE %v o LLLE&U | ALLLG® . O »¢ WLIBYasRaq ¢4 38 6 oW, 241 IAG Wl
edw Shepard %O L A cA ¥sEORMge:0 a° LE rRId viwLEZWAEY GAcA %a&

) oW ze z w® VP « 0 EAEWE £ A CIAE y AL 40 MW & Yac v T €
uCéwaCuC%LCE@w&eLﬁ?dWﬂL
¢ctywy ChAcy o°a Wzl/&u/“lﬂ_ul Wcoy VCOW « YOLAwEL 3
awh @&rehawu UCG, £ ¥%Bv° el (i 6 Uév Bt
y 157 AL AWAV %z aodo, U
YbvoLéu o6°LuU 0w %11/2m<ppc &LP &';/REZ aghmeoAv
gress hw epar

ALz ''% E Czw@%y%ﬁw@AE\BuaA E A{Aw _u.
\tﬁ%@t\ly'l/z ¢ Vv © Iaar?arél ¢ Av

canav: wz yAwpC€u aQE1+EP wmyoaéu y L AE ,
RCL AL 12 'FRABEMBLANT: #1 % LLE

T AEC v v 1 YAizYzC BEC«AJB Qv ApY
A _g: y ) EQI%_\I%J U@°U)%Av aCpE w#d-éwwn y v 0
OLL AMSE OMLFAegressor-1 6 § © LL « %1

ool v oA O AdEE 10
N SO NPT
Paa 0wy R{RzAZ szlwé:)\/lyl/z CV % altw ta teaecChve {wiz
CawNv C¢v?® 3%~ OF
~ Yvl¥Hz 0ACABUAY v
CWACA%UAY ¢v &t waeoAv
CYApT u

Journal of Drought and Climate change Research (JDCR)
Winter 2025, Vol.3, Spatial Issue, [37-56



/| 2 ) Yoz, £ VEAEIRE& wv al wenAv

(CPX Ty %y %oldv%hw-~aliw! wrE &Gve? Awwy V% ¢ wa
Table 2. Results of daily data analysis with one input paraeter (CP)

Model Foldl Fold2 Fold3 Fold4 Fold5 Fold6 Fold7 Fold8 Fold9 Fold10 average
RMSE: Raw Shepard(mm)  4.03 392 395 418 418 391 412 398 3091 4.20 4.04
RMSE: SVR (mm) 376 369 361 390 38 363 372 354 3.66 3.73 3.71
RMSE: MLPregressor mm)y 3.98 342 334 368 360 340 355 333 3.39 3.54 3.52
CC: Raw Shepard 047 046 043 040 037 046 044 038 045 0.37 0.42
CC: SVR 043 040 033 034 025 041 043 031 035 0.30 0.35
CC: MLPregressor -0.26 0.46 0.44 0.41 0.38 0.46 0.44 0.39 0.46 0.38 0.36
NRMSE: Raw Shepard 006 005 005 006 006 005 006 0.06 0.05 0.06 0.06
NRMSE: SVR 0.07 006 006 0.07 007 006 007 0.06 0.06 0.07 0.07
NRMSE: MLPregressor 007 006 006 006 006 006 006 006 0.06 0.06 0.06
NSE: Raw Shepard -0.14 -0.14 -0.17v -0.40 -042 -0.12 -019 -030 -0.16 -0.34 -0.24
NSE: SVR 0.10 009 006 006 002 010 011 0.04 ©0.07 0.04 0.07
NSE: MLPregressor 000 021 019 017 014 021 019 0.45 0.20 0.14 0.16
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Table 3. Results of monthly data analysis with one input parameter (CP)

Model Foldl Fold2 Fold3 Fold4 Fold5 Fold6 Fold7 Fold8 Fold9 Fold10 average
RMSE: Raw Shepardmm) 28.22 2624 27.32 26.06 33.19 31.31 2845 2852 33.73 2399 28.70
RMSE: SVR (mm) 21.37 25.38 23.72 20.06 24.26 26.81 2252 34.04 30.89 18.85 24.79
RMSE: MLPregressor mm) 22.37 23.23 2281 18.99 2457 2593 20.93 5218 2823 1940 25.86
CC: Raw Shepard 073 084 077 079 074 074 076 083 0.76 0.82 0.78
CC: SVR 076 079 075 078 075 073 075 070 071 0.83 0.75
CC: MLPregressor 073 083 077 079 074 074 076 000 0.76 0.81 0.69
NRMSE: Raw Shepard 0.15 014 015 014 0.18 017 015 015 0.8 0.13 0.15
NRMSE: SVR 0.0 012 012 010 012 013 011 016 0.5 0.09 0.12
NRMSE: MLPregressor 0.11 0.11 0.11 0.09 0.12 0.13 0.10 0.25 0.14 0.09 0.13
NSE: Raw Shepard 0.42 0.61 0.45 0.53 0.42 0.45 0.49 0.60 0.47 0.56 0.50
NSE: SVR 056 061 056 058 055 052 049 047 050 0.68 0.55
NSE: MLPregressor 0.52 0.67 0.60 0.62 0.54 0.55 056 -0.25 0.58 0.66 0.51
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Table 4. Results of daily data analysis with 2 input parameters (CP, PE)

Model Foldl Fold2 Fold3 Fold4 Fold5 Fold6 Fold7 Fold8 Fold9 Fold 10 average
RMSE: Raw Shepard(mm) 4.03 392 395 418 418 391 412 398 391 4.20 4.04
RMSE: SVR (mm) 329 33 313 337 333 331 344 310 312 3.24 3.27
RMSE: MLPregressor mm) 3.22 3.38 309 315 324 322 327 3.06 331 3.26 3.22
CC: Raw Shepard 040 034 041 041 039 041 039 035 041 0.36 0.39
CC: SVR 057 051 055 056 055 052 051 054 058 0.55 0.54
CC: MLPregressor 044 041 045 044 043 045 043 041 0.44 0.41 0.43
NRMSE: Raw Shepard 006 005 005 006 006 005 006 006 0.05 0.06 0.06
NRMSE: SVR 006 006 005 006 006 006 006 005 0.05 0.06 0.06
NRMSE: MLPregressor 006 006 006 006 006 006 006 006 0.06 0.06 0.06
NSE: Raw Shepard -0.13 -032 -0.12 -0.17 -0.25 -0.16 -0.18 -0.25 -0.20 -0.25 -0.20
NSE: SVR 032 024 029 030 027 025 024 027 033 0.28 0.28
NSE: MLPregressor 019 016 019 0419 018 020 019 0.6 0.19 0.17 0.18
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