w.w(/f(r»ucf / /ﬁ,/w‘ju)gf&»ddy"&wuww,j;‘}’
. ” e .

N sz'lu".'

y SVl 88 IS s SRy 0l pl Ko AL;aK:.Jb slez ol Olgz o sle (ool L ol 3 sl wlas adBE AL
L https://sanad.iau.ir/journal/girs : Culu s ossl g’f"ﬂ"/
Tl

s S S b Jsis sy silwdae H5 B S gilwage ::.

a

95

(C..\.'.:..o A 15,90 andllas) Jlewles

P e o gh ol Ghamualil i (30540 domw (315 ol Lo e ghezms iile

Slecas Ll syl anlr & S 5 Jb (S ol
Sde 3 5 ke O ma BT 5 ol a5 5 T caale
OlF o JlnSiz (ledde b g0l a5 0 b (g5 SY5b
Chles 2l 5 Jllas Llis 53 gilueslel g b
S slaen, Sl tagn ol s S @l of 51 b
Multi-Layer ) aV¥aer Oy twy  ae K5 Jlal=e
Generalized ) Bl s g S5 s S (Perceptron
FS L olaly sy 05 S, «(Regression Neural Network
L Olzdy Jls» O5ew S5 5 (Support Vector Regression) :y. S
< (New kernel Regression Support Vector) ssleiy b5
Sk ekl Larls n S ks b Jlecslis giledde
C’L" el o eslazwl (- Standardized Precipitation Index)
Slety Jhe g L Sl SV s bssladas
35 o i aale SASPL 3 &S 5 adie s 4 < SVR_N
Ap ey o R 5 RMSE Jluis 5 L3S ol gledas
5 MLP GRNN (gladus piman sl Cos 4 +/44) 5 +/44Y
35 5 gsledie L3 G oS SVRUN Sl a5 5 4 SVR

Solwange 5 Ol Coaal del?. G ol @_Lio sl ol

VERY/ NN 1 (Dl g pws [ NE/NN/00 1 By / AEAEVEVVAL g FPY

oS>

.

5o DA cld Lk UL J;wjlv&gux;:
ol 5 lerl (golabl il glaas) 53 LOLS
53 ekt opl (SKpE S0 S, 4 g bl e lra
adle b 0T o e U combie b8l gl pde &0
3 b Saldl e ST diley B adlae 5 Ll e 6 885 51
Sl S o558 (Glos 53 53 (e Sl 5 OLsb s ¢ e Jod

Ly ;‘l;.:\}g..\ Jrs s('j":)":\}i by Lol g‘g.\w Seseslg
0 3 -7
o= o a ol O gheseall

5@\:51)50,- Sledb! e 30393 3l s a2 S5 Gameils )

Wi 5 p ke dorls Sl 31T oK (3 Las 5 a e 0aSils

(i g ol i s 5 Ol Ol jes wdige oAl LSl Y

R

Ol Ol (Sl dagd s S 5 o8NS Ol jas pwdige e A5 Hlskinl X

e oaSls (pldlar ALl e 5 53 3 o 638 bkl

el ST s (Dl 5 psle Aoy ooy Bamen 5 a
spse -l s 5 ab abe eSS (b e g lial 0
Ol g e ol 13T o &sils (Ol g5 ol

DOI: 10.30495/girs.2023.688408

a_vafaei@shu.ac.ir : il J s S5 50 s

\41



U'fd""dfl'f'jauwwm,;-tj;’ ) - a

yi-4q) :(\i'\‘) \,\L“w.;l.? Al o)w N \/\.L}

el g3ledte 3 b bl i w5l Slle e gladle
Silbeddle fe mll 4 e Jde oyl ang Sl Sl
Olatiy Sloy OS5 02 e ol 5l (Sl dal
58 b s ol sildie Gl g S sl SVR)
e3lizuls; 3 SVR s 155 Olsieas Ll e &S Gl o jo (5555
L bS5 e sS BS 0 5 Shasn onl oo S 3
ol s Al el SVR L JleSlis galudde s (olginy)
Sy oslalas 5o SPE Jlsles jasla lanl ey,
AT B ¥4 sladle m Sbos o3b L3 anle EA 5 TENANYA
ool slaesls 51 esde YOIV B VAAY dslas end (5 2
Jie Sler o Al aibsl 53 45 arlme St oS
Lo 53 SVRN 5 SVR GRNN MLP lulss s
SPI o s b (S3luesly MATLAB Lljdlo 5 oo sl
Soar gladdle isel glaesls g w4 okl O s
Slopaeds Jllme Jhsn cbadls cud glaesls 5 Slsls
oy Yoo J;)'}J Slaesls Olgeas Waesls Aoy A LS
il gbesls 5l Clssl cd gbsesls Ol gea s kile 3L
o3liwl SVR-N 3 SVR GRNN MLP Jds L 8 s i Cogr
Silwdde 5l Jol> 61:& awslie Cgr ol laosls 5150 5 0l

Lo eslizad S Je Sl

HUIC YO @L’J
0 2 Uy Jue Sl s Ol s ol ol
Sl b aS LTl isls SPL JluSlas Laxle g3ledde
13 SPE Sles (6w aabe A Canr 4y aale V51 Sloj ulide
Loladdbe aen 1 ol Solsen ol o b e s bS5
Llas sledde 5o VWL s glyls Sl wlae iul58l
Loy Yo 53 SPL adly slaesls b Jde sler sla s 2 anslie
SVR-N Jue Sl slaplie ol s L@ oo glassls
FS L SVR Jue fizmen i (ledile 53 e S sl
4 S (o n ealinal 03l 5l Dlalllas iy 53 48) (e S
Loandl oS das o Ol 59 5l 1, (6 Sans S8l dae s
S il gla SPE 6l 3ledde mls SVR s S s
» R? VL slie s RMSE 2es slie Sl s A g
el iz SPE N s badie s 40 o (3lgidey Jke
L SVR Jus 5 galgniw Jhe R® 5 RMSE slis o ooslis

Vo

S a iledbe 5y JLeSis sy iludie s,y BS

el Ol s 5 O e S5

HERT gL

A S Coopart del 68 s ke o b Jlslas
S5l s Sl xS O S el ol
Sz Slyode 5 Sl Ll (B e It S el (3
Sk ol ol csline Ko aikie 4 (gladk )
Sl JlSas IS b s bl el sasal)l Jles
el Okl s i S dley e 5 o4 BoL Ol
Floo a5 g s Sl Jax Sl aS LTyl
5 wlasl Conss U Lol caushoe St S
o 9 Solwdde 1 as o 518 Cu,wcp.; L pa e siians
L oablie g Ol mbe Copde 5 J2S 5 sl JluSis
Ale ool ladde Sl addS s ol i JlSas ol
Ser ARIMA 55 5 S e Sl ool 05 S5 2s)
S eslizal ot gladlo s e eslizad JlecSiist g5lad e
S it s Goledbe S Slale Sgr e )
et sl dersl ol sy Ol A s 50l
s St plyl Wl gllpl 4 Ol Slebw
36 sladde 55 5 lariy S 05 S5 (556 Gl (5 suas
oslinalsygo s S Slaatls 51 S 58S el e —
o3|l sl Sl 03 K Dldlas s Olatils
BS il i sy Goiowd nl 3 B ol (SP) L
SLeSi iladie e S Olitdy b Osem S5 dde 2
o S oKl oL gleeslagsy » o addlas cpl Lol
Dlis S Okl 5 0 Olgsay i g el el ki
ol ol St Bl s 5 a3 s S (gledlane
S 3 Sl 03l Bl s e St an 5 ey el
el o s £OA VL 2L SOle Olsn i

o9y 9 3
ez ) i Sy oKaul 53 SPI Laxls (g3ledits g
MLP LYo 05 sy s 4SS Jold Jlaslows Jsa S5
Oy D3y Osem 55 GRNN Bl prand g S5 sreas &S
55 SVRN wir S U 0lit by 0seS, 5 SVR

03 S el aabe EA 5 YE OA AT A Sl sla ulis



*

. L oaL b
= Ul S A I

VE-AY (1E0Y) Ol ¥ ojled O E Al

16 S doms

Slibly et S35 4t OS5 Gk ol slaasl
Lol b sledde b,y ot Col Slale Jigs sladie
2B 53 i S S g CSI SVR Jis s s dalys
OBL aiby alie Dl 5o 55d e slgdy il (g3ledds
Gl 13 5 el slapn Sl 4 badie wg sl el
b gt amlie Uas 50 5a5T slaia, b mls 5 35 03 e
JSesr glajarls 5 aob Wil glaedkds S obulsl
oy 1 Gl Glodomy S5 o, s SPI el
SIS Larle pl adae o SPL jasls 5,5 51 13 555
4 SPL Gl G wmd Sl S (pl S Hae S S
Lo aldad Ll bl ol amilpn 5 5 5o o0 (oS 6 (glaad] 30
el ciliee gl 83 L g,y slad Sl 5l e
e Ly s S S Gl S s
Aol bl s Lol ol pl 5l andls ladde 55 (6 %S
ipr Sladds 35 L 8 L85 it Ul e IS DI s s
o DM Bl 0 s bigagny 005 S eld Slalw
s 5 Siledde 3 e mB sledle el
Byb ol IS

Ogeme S5 JoS (mas 4 (lalos Siga gddS 0835
QL..:I_;.;” )‘JJ..»

FS et Do il 5 (S o8 il s s 0 e S S
alims Y- 53 50 GRNN Jb d o el gilede 5
Jibo ol a2ils dde K3 & S R? JRMSE Coslis 3lie
R® 5 RMSE slie <= o 2 slls sle 1 SPI 1. GRNN
Jie b ol Ol al &S ol osg adie s 4 e
On 0> iledde 5 sy VLl i Dl 3leniy
Jde &0 bye 5 anle (A Jloy elie 3 eslizulsse glads
A +/88) 5 +/+AF 1L R? sRMSE luis g 5 4 45 SVR-N
LEMLP Joo @ by e 5 anle N Sloy olide 53 &5 op 5ol
5 WY LR G RMSE liis S 4 5w dde ol s oS
R® 5 RMSE 0l 3 o Lo anle VY Slos elie 3 . +/0Y
Ladde aen 53 anle T Jloj ulde 4 ol gl LB o5
aale \Y SPI jloj (5w i3 905 O For Cenle 4y sl alagls
EA BT Sley lags pm Lls g0s Geios ol pslas s Saajf&ﬁ
e GLIs SVRN Je JS Sl s ool sesls OLis aals
Gl ebis 53 SPI JlSlis Laxls giledds s s Shee
A 6 3 Shes (gl)ls GRNN Joe O3l 5 i Calises Sles
SleSis e ls giledde 5 Jde s Olpeay MLP Ju
D3 S LS LSVR Jus Ll s 5 ad o3s LleJsl SPI
S slpl W ool ) S G ol s oSS

s JleSis giludae 53 Slaale

33 ol leslanal b ol ol s Ll 53 Gues (6,850 S LS )y s el o el g ael (i palb 1S sbawl Al ol A..o’wa.‘
VE-4) (VVE (b gl oo plila bl Slala 5 59551 o 4 235 A-cad Gl

va




o b Jleis sy g5ledde s BS (g5leang S

Adaptive s SVR Group Method of Data Handling
31 eslesl ol e & (Neuro-Fuzzy Inference System
S5 ekaslli gl s S eslinal sl e (slaesls
sl s e e s 4 s S5 R L
Sbi s BT Glagiss Sl el L () ObKes
S5 e bl sl — SKe L 4 NDVI slassls
Sisteas gble s NDVI asli § eld g s
Sy Ol G ol 5l el s s, ok S
s dsb S A3 L NDVI i, mlss (S b,
Jsb 3 5 e ciltie G fdn sl SEL ol
sl ol Jlelesr ol b ol byl 5 cilses sladl
Ll adlllaessse aiain O 5 o el $55 S
Slllas men Al JecKis Lyl b daies iy
Sisr 5 etle (5 Sk lann s S s S e il
adllans)go e oty oleddle 5o Slals
5 o anllas a4 Ol o el ool 4 S5l
Gl iy gl mhe wte S () 0L
oy oetle lamn op 3035 w2, e Sl 5 Sl
Loopiie L bt g S5 5 3l K bty
o) @Lg s S eslanal plga ahes palas 1 oeslaxdd
S Sl bl sla iy 5L S35 skiasOlis G
4 ol mlenn 1 S5 5 5 Oty Jlsp edile (Balas
el )l e pate A O S5 G bl o2, S
odd oliied Oliiy sy Ogee Sy Jds 5l &S ilides
5 ot U e ol @YU gl Gl S e
5 Sap dse Olpea o) JLSKix gledie
el JlSis gledde @y () OLKes
iAeS Olatiy b p O S5 Jde Sl Sl Olgral &2
Ssfrn ras 403 Ohidy Lbn Opw S) Sl
0L ek ol ol i S el ems g3 5 4V
Jde 5 8 o 5VG gy Olandy Jls O S5 Je sl
ey a3y Somly eVl O e SO

\a%

PPNV
Slas 5 SoaS ol caw 4 JleSis
ol ¢ Jamecan s 5 elaxxl olatl Sl 5 ol sS
Ger g OA) s Dl 4 b Sl S
5 bmnly 0 e B sk cpl adles (L
drn g Bl 4 Sy Sl ke DN (Sl S eeaad
35S L Ll oS ol oty Jlucslis (1)) 05 il
adlaie G 3 3L5 B8 5 S Ll e e s L
ol s JLeSis Sl @ a5 L O el las
S s b Ghle U Slistaa (S Gble 5l sl
oSl 55 s 55 01l s WLy BlE1 el Sae b s
St JSis iladbe 5 e Ul ilisee
A Gl pl g el s gl Gladke 5 o
el ek O] el St adil Gl Sz
S b Ll &S et sbl (3 e 3 S L s L
3 Sosre Sl S lede | JleSis sy VL
sy gledle gl slime e sy ol AUl
3 e adlas @ Ul e S b sy Jlesis
2 osles Jlsisr giledde e (14) 0K
GASob la i, S eslinad b Wzl 3,2 Oy aibe
Lol Gais ol 3 edeslinad gl b, oS oLdl opile
Ol 53 Ogem S5 5 huaid Ol s Olndy Sl odle
Qo s a0 S5 bk edico s g S
Jde oS by QLS s o @L; Yy J.,.bg_alh.«u\ K&
el iludie 53 YL LUy Olads Sls edle
2 3 0l sseme 3l Ul (3,0 Cpar ade s
sl S 5 LUK ledte cgr (O7) 3l
i bl e 5 a4l Sl sLlp = S
s sls L Gl ) Jel mls LS eslind
sosbedte 53 G GUlS eV Oy e
Sl (1) 5 s eslple ls olss (Ko Bl lie 5,50 5
Soas Sl ol Ol s liiles JlacSis e
MLP) Slulss  Gsa e gla S, cL'o;\ Aok



Ve Y bl:....:u (f}: UL...:./‘..MJLR- Jw) ‘;'.:]ocb.a BE ‘;’»’L}‘f'}' e 4.1'\.0\..:‘3)‘9: J"u;:t...»

e3liial SPT JLucSint a5l Luyl Ol 53 wlilpa
ledte osar 5l S5 o4 oY ol oS
5 OS5 s SPI Lasle 5l el b JlucKis
FS A @bl Ol o st 3 e Dlallls Dbty
orl 3 el 0t plonil (3l de b QLS O i
o Ogem S5 Sy BS e Sl on & G
sla b, L @Lﬁ awlis L Lol sddantls Ol
b Olaty Sls Qe S5 dibe Slexr Sl sy onl s 50
L JS L olady by O Ss eS FS
S e 5 Vi O ey (s 4S0 Je (3ledn)
L Jber gladdbe Cgr aslpmnns Ogow S5 mas
sl oelie =y 3 SPI Sl jastls 5l eslad

ool ol eslinal anle £A 5 YE A NY A Lol

andlacs ) g0 addaie
cljjj\cmgbﬂj@‘iéﬁa|)swbby4ﬁag
Voo ams Yo LUl s (50 53 oS ol Sl S Ol
Yo a3 80 5 Jld adds by 54 s Y0 U 5 e aids
el il B3 bl Jsb aids Yo 5 am s £V 1 aids
R SiF e Bl Gl 5 en s Sliea S slade Ol ek
Bl Ll s Sisaas 5 ioles edil el b
5 e s $OA SV ol xSl Olses 45 ol 055 el
ol s =0/6 5 YVA VL les Blas 5 Slas

e 203 i 3 Shes o o ladibe 4y 0 Cod Sl e
cbins ol @ Gose di K s 0D K
ol b Ll S giludde s eslatals ) g
3 Sl G gl iy YL Sds I S G
gl el ol wdlS GleS s s b
Sledde 53 Slasls Son gla Sy oL 2 e a3
oledl Jluis o yarls Sl g ke s,
S s S bl sle ool slaesls Lol
S Qi s sl sl sy JlSis
a3 ool 0l oslizal W jiass 53 dkohe sla e ls
cbSas el 4 Oy e JlSis glajesls
Lo,y axls (Deciles Precipitation Index) _Su,L
«(Percent of Normal Precipitation Index) 5,L Jb s
«(Surface Water Storage Index) >l ol ot sels
Reconnaissance Drought ) ol JlL iz jesls
Standardized ) olis lilial 5L jesls 5 (Index
Ole O\):L;d S 55 o,lil (Precipitation Index
L (SPD) sdssylilinl (oL Lastls il slaasls
IS e b Jlsls el o 5l me Olssay
O Uy SPL Larle die b Shs onipee
5 et il e Sl la uliae js JluSas
Ol VB b,y Sl is b 5 2l os (V) OLSes
SPI wliilsn ,astls b ol bLosl 5 a5l e S 5
Sl e 6y (1) S5 5 eslple s 5 eslind

Fig.1. Study area (Sanandaj city)

YA



o b Jleis sii iy g5ledde s B S (g5leang S

08 oy (smas 4 o, Sl eslital b e i3 S
(GRNN) w\.lma;d O e S ae S (MLP) Yo
O S5 5 =5 B L (SVR) Olariy Sls 5 050 S5 5
Siledds (Gamsd pl galgily) L BSTL obnly Sl
S ool Y S s s {!L?:}‘ Sl Sl (6w
a.«"‘”-u Sl el enls OLES J:"A‘ﬁji r\;u( .Uj) B
ud.l.n JLJJ'J Lgk.he.)‘.: cjjf 95 4 a.L.f:‘L:.wbu-.A QJL.A&&}
deoys Yo) ladae s glaesls 5 (Laesls doys AY)
e ‘_;JJ)}AT 6\.&&3\: )l A r.:mij (Lheb‘b onLaL;ELg
Laosls oile 3L dusys Yo 5l 5 dd eslizal Ladus 555l

A oslaiul J.LA )LP: &bls M’LEJ Ca.@?'

b )
balen Olosle ol 4y anal o Ll fa gty 0l s
ool ol https://Data.irimo.ir 5 .l J«)J & S
Slabe Sl laesls as il pav oSyl sl
Ole3 53 YV 61408 Jl 5l i e S g oK
GOl DObL (el 4 xS 4 a s e 3 God el
SN B0 sladle hy pdie oSl slale
Sl s YW B VAAY ladle oy alale 5L Sledibl
Bl ez ik sbaesls 31 eslizal U A eslizal s
SPI JluSix asld s Ol Sty g o8]

e

T ol ailals u.a)l.! slo ools

v

\A)

(e Y82 5 AFDR L o o3y ol

L ehke YOVE WL Joles

¥

("~ Sloj sl wliia ,0 SPT Lasls dnnlne
FAYAASFFA aale

Y

a2 awd 90 4 b 00lo (o ol

S glo ooy g cigel slo ool

N

L.,_i)'s,oi sle solo
P (& ools aays A)

¥

S Lgub sals

(Lbo.)bMJ.b Yo)

v
E«w izl sle Jas e
4

J

-

w

MLP

' [GRNN |

SVR

iR sl IS sy Sl sl Y S
Fig. 2. Diagram of methodology



Ve Y bL’.ma.U (r): o)Lo.i':/"A:)Lé.‘r Jw) J'._.-bc\.w By &L_ﬂfa e 43\.»‘.»:})‘9: Jluia-.w

_vANT(Y _ ¥.
R TR

B X =X)TX —X)
(_ 252 )

i1 €XD
5> 0 ke oS el o BB el s 8 0T s oS

Yk Oy fome py o 4S5
Sed i as GLeSE Sy ol gl s, Sl S
I e S P2
S s MLP sl o o bl > 55 V0 LS
WY Sy e e ey Y o aw Lld IS
WY S e Ll e ke gAY (V) ol o 2
Y aw Sl b 5l et e il 53 Ysame 5 L
Lo 4SS G el 5o 5l e enlinal i
22 5 0555 00 310k sl &Y sl eslinal Olgy oY 50
S olema Y ISS 5o Al ol D)5y Sl pss Y
S sy el ool Gadind cpl 3 eddeslinal MLP s
51 3)ls 35m s MLP me aSs o el Cogr oibiies
= SR s e Ose Lo bl dex
o) s &8 58 o Lal (Levenberg-Marquardt) &os S 5l
G pl IMLP ae S el G Gk
Sledbed &b 5l s 5 Jsl Olgy slaa¥ s ol eslina

SPIl Lasli 4l
Slarbie slp O glsal o 5 SPL alme =1 50
S S L 00 5V 5 Y) e s cilshe Sl
SPL asli amwbee o) S G ol 53 ol s lB0L
o 14l 5 43S (3luesly MATLAB Sl5ile 5 Lo 3
MDM ale Sl38le 5 53 b odd (iluesly sadS i

Drinc B (https://agrimetsoft.com/mdm.aspx )

s S J S (https://drought-software.com/download)

GVAAY ladle e mis oK) 3oL alale e3ls s
2l Al e (Dl YV 6 by e glaesls) YoV
o593 el Gl EA 5 YE OANY A Sl s wlie 55 SPI

A eslaal Lf’l")

Wl prasd Jgp 55 omae 4SS
S (G cpl )3 eddeslinal glagn ;831 51 S
148) Lo 53 L s o5 ol GRNN as 4502
s E (Yr) As 5 oae (Specht) oSl Law g
WY Sl Jld ol elisad Gisd ol L3 & GRNN
X sls b 935,545 Sl (s 0¥ 5 mer S g2,
3148 ol eddesls 0L Y sl L GRNN aSd s >

WY 0ss5 93 s AB O 3 &S U als \ dhal)

oslanal ot sLudlas @U e A s s A
(VWY)W
Jol olesy 40 Pe oledy 4 =9y 4y

S99

ZRE DI

((’_95#_&)30)));@};))‘ QYJ)Q})}JQ' LQL@A‘{ QY)D)&M&‘J.}aMoJW‘MLP &&)bb*’d&.’b

Fig. 3. The structure of the MLP network used in this study (two hidden layers with 50 neurons in the first layer and
five neurons in the second layer)



o b Jleis sy g5ledde s BS (g5leang S

T 00 — W)? [£]
h)z
n

?zo(yo -

n
1
RMSE = |~ (o = 3,)?
i=0

ypj Sl 0l Aiéjg‘}.léi): S 03l g_)lj.«.c “ S .L;b@
Sl sleslinad U g5ledie oy, 4 SPT ol 5,51 5 slis
J.<lL:J n j:'“)li J.,\.::L»‘_;d an,a L)'»i\ DL o:U.L.:l J)}A JJ.&
e gl a8 AEL e eslinal 350 oS (Glaesls slaas
el S5 i s L e oslite esly slaas ol Sle
44y L col jogdhe 28 RMSE 5 iy R® =L
Ll oo Bl alale esls 88 Jsles 350 esls Lo YV a0
JAJ “ d)‘ o3ls C-:i SPI aale 1 u.a.>-L3: wbu BERE
o3y Y4 g;.il.@.: BE] Y J}J:L;d VS SPI L;u»aﬁ Qrﬂy‘}ﬁjﬁ
Lo,s A Jslee) 63ls YOY esls slias ol 51 5 Lle o 3L
Yo dsles) o3ls AV 5 ladde iisel (gl (SPI (slaesls
oslaiad bdae s ols Ol gew o (SPI slacsls apo s
SUSPT anle VY axls avsls 53 5 e 40 .5 S
&l (SPL lassls dsjs Av Jslas) o3l YEV SPI osls £YY
Glaosls oy Yo Jsles) AN 5 el oslizal Ladde 25 50
oo A eslad badie il ey Ol geaws G 03l (SPI
Ladae Jaisel gl o303 YEY SPI aals VA Laxli avulsws
o A el e el esls Olsew e 03ly AO g
Ladite 25500 (gl p osls YV SPT wals Y 25ls aulos
05 s A el bdde ol esls Olged 50 esls AL
Sl sl YA SPI aale (A Loxtlih auls ¢l 5 Culg
o3lital Ladds s 0313 Olsieas 50 0313 VA 5 ladde 2 50

LA

=
Gaved Sl o3l 53 Aol Sl m & SS
EA 5 YEOANYA b sla eliis sy SPI pslis 5 1YY

AN

Oy 513 2 8 g 55
Bl 8 0lriy by Ose S5 Sl G pl
Ly 1880 b s 5 ol 0Lty Sl edle 51 agass
ot s ol o Olgsa A3 e S
L e RTINS LR e SR VINT T RV R
GOt Olatdy Sls s Qe S5 el sddantls (..:.Uﬂ\
ANFIS > 5 RBF MLP ozl as slasSet ¢l
L Slles Sy wsledde gl 03 5 wnS glra
dlomn | O g Jlde 5 4 S 0 53 Gua b Ol ey
248 JS g S Rt Jiles Jo g (0) S
S b e eslid (ol bassls 5l ol
2 JS b llpen Klge &S Sl w5555 2
G ) o3 (8 5 YY) 543 eslial Olaty Sls 0 S
S5 SVR Jsans 5 Olssa (Y0) dipeSr iS5
eslizul SVR o, S iyl 3 s (s3lgiy) adlianw s kS
FS s LS BS54 bap 2l SVolee 2

RESIW PV NN SV (P S P PR algiy
k(x;,x;) = tanh[y(x;.X;) + ] [Y]

|l — x

il
k(x;, %)) = exp(———>) ]
SOT e sy ol 5o S Conl Lid> 30 S 6l

Silwdde mls oLl slajlas

S ke mB oo el 5 bdae L5 Gl
5 RY) ond o il slre 53 3 el S5 (g3led e
Sl S RMSE) b Sl o Ske Ll
el otzoslizad ol 5,50 5 5 Slalis palie SO
Lgd o 20 5 a0 5t balsy Djson bajlas
(YY)



Ve Y bL’.ma.U (r): o)Lo.i':/"A:)Lé.‘r Jw) J'._.-bc\.w By &L_ﬂfa e 43\.»‘.»:})‘9: Jluia-.w

5500 03 s el S0l glaesls a3l ltde
(b VA 51T ) b Sl sla el s SPL slassls
Jde 5 Ll apls ssmmy Jdbo Sl a6l g mis gl
Gy s @ (ol Ose) S BS L OSVR
O3S Sk 55 050) SPL (VL sl 55 1 53 Soleten
sus Lalsgas b 3 & sbolea s sems (e
Slp e b plie 5 bagsldle 2l 55 50
At S badile Gl i iy oo & S35 SPT ol
355l slaesls 5 ol sl s (5 2 s SPL sl
L SVR Jo dima ol 5555 Cod slaesls oy ol
ol o3 ol Sl Oldlee zin 53 &) esS FS
355 3 A sl adie Kos ol (5
el oolety BS a BS ol i b s sl Ol
il Sl glaabie slp e Sl w giled
385 el g g ol Sl 0 S (gl ls poi s SPI
S e esledn BS LSVR Joe Sl sla ulie soles

Ll o g giledde o O,_w;}fJ}JSL.SVR Jde

ol osls Ol Jlj o3k Oles )3z el (gl anls
S Sy el aiie IS ol s S skiles oo
osbinal U 33,5 oo 5olsen oy oliie Lnil53l b SPT ilej
el glaesls o3 Av g el gl glaosls ol 5l
MLP S 1S L SVR (g3ldde & by e (sla el
245 55 LSVR Jie 8155 ) sl Js 5 GRNN
sl 3,50 5 alie 0 S 53 s S (g5le ang (ol aily
Geis opl o3 addlae e Gldle wes (gl s slaesls
sl oals il SHp a0 S S Sl edd i g
FS USVR Lls ooy o K8 ol sbaosie o
Og) GRNN oo &S e (sl Ogme) (golgniny
Jde 21 Ogin 3 (p e O 520) MLP a3 Jute (s
Dlagad al s g5 4 &S el e S LS LSVR
Sl el o e sal s B e 5
AA AT A Sl el 53 SPI Lels g a lssas ol
b s3ldin an 53 Lals sad LIS L, .l aale A 4 Y8
Sl mbie b ol SPT s w8 el passe cnl Sl

4 ek ldie SPT 5 ool e plowil g 55505 VY

250 3 3
2t L
—200 2
E
E £ 1 £ 1}
c 150 5 5
‘g = 0 = 0+
E <o o~
‘s 100 & =
g 0 -1F % Al
o
50 2 -2t
0 -3 -3
1360 1370 1380 1390 1360 1370 1380 1390 1360 1370 1380 1390
Time (year) Time (year) Time (vear)
3 3
3
2}t 2 2
£ F=
c £ £
21 51 51
é = =
> of 3 g,
- z° £
o . w w
& -1
-1 =1
2t
3 -2 2 .
- 1360 1370 1380 1390 1360 1370 1380 1390
1360 1370 ' 1380 1390 Time (year) Time [year)
Time (year)

Al FA 5YF OA Y & Sl slaesl 53 SPT 5 5oL olie ls s F IS

Fig. 4. Precipitation and SPI graph in 6,12,18,24 and 48 monthly time scale

AY



o b Jleis sii iy g5ledde s B S (g5leang S

—— Proposed GRNN

Target —— Target

6 Month SPI

12 Month SPI
=)

20 40 60 &0 0 20 40 60

18 Month SPI

20 40 60 80 0 20 40 60

24 Month SPI
|
1

0 20 40 60 80 0 20 40 60
2 2
g 1 1
=
S0 0
=
o
. -1
2
0 20 40 60 80 0 20 40 60

MLP

—— Target

gaussian

Target

h

0 20 40 60 80 0 20 40 60 80
2 2
1 1
0 0
1 1
-2 2
0 20 40 60 80
2 2
1 1
0 0
1 1
_2 _2
0 20 40 60 80 0 20 40 60 80
2 2

\1\

0 20 40 60 80 20 40 60 80

\

) 20 40 60

o

0 20 40 60 80

s p235m S oslizal b o i 5 Sldalin SPT jislia Hls 5es 0 K
Fig. 5. Observed and predicted amount of SPI with processing models

b)_ﬂj_}é‘MWﬂbww&lbdwuuT)bdsw‘
TUSKS cl sl enls s SPT Calisee slie 53 ol
QPL@.%-UJ}\Q):.NASQ\}M@)QFJL@%JAL:
MLP Ji GRNN Jis sslgiy 155 LSVR Ji iy
a I8 ol sl il S S L SVR Jue
S el Hlages Yo (ISl Gl sed slaad ol aale
)\.Lic‘)i;l.:_a (:\JSJAXJ_’NAS.UJ‘JYJX‘))?MJQHJSJQ
Iy e LSJL.MJ..«\.A )‘J\.iﬁ JKJL:JY))?L&} (QAJ':U) L;‘ML:M SPI

AY

=l s Shalie SPL oy jslie ST, Sl 1 S

ol Gt 3 eddeslinad Jde Jlgxr U g3ledis 31 Jool>
Shalie 5 odisysly slie o Jast Ogew S5 lages a5
b O S5 laged ol ol e el sdionls sl 50
i Sl o o350 33 Las sl Ao 40 oalid pde L
B D S5 03 331 gl Olpe edimsOli (s 4
pie Al adly g i e KL ul Hlade s Lol
035 Sldalin 51 asu o gl Wsysl o 55 (6 nin Conbas

0 lssas (5J§J“J JKE s ged ol in;L}j)L:s«e\.g el



VERY Dl (o33 okt /o235l Jl) (b gilie 53 bl SUoS Gl 5 553 31 o

2 ldle s g o ) Carlsd e op pin S
.J)‘J b SPI MQY[?

Proposed GRNN

6 Month SPI

Month SPI

2

18 Month SPI

24 Month SPI

48 Month SP1

oy Jal ol g &S sboles ol (e =5 5)
aalo i SPL s Ladde 3,505 Coalad oo Olss 3535 0

BS USVR Jue fpimeen ool SPI V- S5 51 2

MLP gaussian

.LAQT&:J.o}:w;)Jb}Ajo\fu4{wU:.uJ}.oL;LAJA.oo:u;wll{@ﬁ&ijé\ML&,«SPIxﬂLL;@): u’:\;f\ﬁj:}ajﬁulii

Fig. 6. Scatter plot of observed and predicted SPI for each model with its regression line

(S RMSE) YL s il Wil JGs3 o, 503
B S o A - CRCRUR eI
S s i R VL cs il 5o o
R joml &ds il A3l 55 o8 503 4 ke
Jio 3de 4 RMSE e a8 IS <l 3 ol (a8
plowil 6 e siledde LiL G5 S osde 0 R e
Sk bt P e S 4 RMSE pslie ool o
Gds slie ol 5 5,ls 2alS W, Ldie aes gl 84 &1\
0 S slaslsses a4 byye slagsladis 13, L bl

GRNN Juae a5 das e 0L (g3ue @Lq oy Sl e

RMSE jslie Jold adae oU 55l sla el b VoSS s

SA L 2 SPIL oVl (gl calises sladis & bg e R
SRMSE 5wV S b0 s ol 0l 03551 anle
Je (s3lgig) s S LSVR ladie 4 by o R?
ol swsS LS L SVR Jue 5 MLP Jue GRNN
Slaiplde 53 SPL jasli a bs e 53 JS3 () sla o
Gads Slie Kby S Jghe S ol ool s Sl
Ly oS il cnd (S 05 L3 .ol R? SRMSE
A5 o g & Jsbe S5 4 4« RMSE &

& Jshe K ax 25 (220 RMSE) Sl o il

AL



o b Jleis sii iy g5ledde s B S (g5leang S

SPI « L, » R* s RMSE luis Jls Ol sie 4 .3 ls SVR
5 0.093) 55 4 oleiy FS L SVR Jue s 48
53 SPI48 & Ly o R* sRMSE ldis b aylis 3 (0.991
S (0893 50.321) 55 4 wsS JSLSVR Ju

2l (ol 9) S gy ol W b )

(A1 SVR N GRNN  MLP SR
SPI 6 0.495 0.60!
SPI 12 0227 0.268 0.359
SPLIS 0271 0.266 0.422
SPI 24 | 018 0389
SPI 48 BERGE 0.321

5 RMSE=0495 L) asle i3 by _elie 55 Lo
RMSE=0.603 L) (sslgeiny o 51 g il (R™=0.757
dae s Sl gl wlis sl 53 il ( RP=0.64
On 3 s aglie Lol ails (¢ e 5 Shes (ol
G3lgin LS LSVR Jus 5 w8 LS L SVR Ju
Je 5y 5 o0 56 LS wg olbsnl oS das e OLES

SVR N GRNN MLP SVR

0.757 _ SPI 6
0953 0948 0928 0872 SPI I2
0959 0933 0935 0839 SPI I8
0.847 SPI 24
0.893 SPI 48

R’ 3 (0 RMSE ;5las (Call .Calizes W SPI js SVR_N 3 SVR (GRNN MLP sla 23, s5ludde mb alis v ‘_}L
Fig. 7. Comparison of MLP «<GRNN «SVR and SVR_N models results. A) RMSE, B) R*

aals 25 SPI 3 (s 13 (%S RMSE) .ol S5 Js 4w
2l S S8 & cund il sts alb 2 GRNN s
FS LSVR Jde das e 0Lis 5 ol Ciliis slads R?
b s aale 2 Ol elde Sl 8 Gaiss algdy
i R i) ol azils gz 5 Ses Sl sla wlis

(el

[\
!

Kzt S ginm ol

RMSE_SVR NewKernel

RMSE_GRNN =

RMSE MLP %
MSE_SVR

Hligh : 2945

Low : 1247

53 ek eslizal gbadas R? 5 RMSE slis A IS

A Sy g oSl S by saop LGS
El 4 by S A UK Al Cad das e 0L pi
itz WSPI 3 Gaiss 5 ol eslizal ladis RMSE
ol 5> aale A5 SPL 51 o w0 oS das e OLES ol

3 e G ol JS LSVR due Sl b ol

.»,_;‘“'

R? sl (0 RMSE

Fig. 8. RMSE and R? values of MLP, GRNN, SVR and SVR_N models in different SPIs on Elevation map. A) RMSE
values, b) R? values

A0



Ve Y bl:....:u (f}: UL...:./(..A;JLR- Jw) ‘;'.:]ocb.a BE) ‘;’»’L}‘f'}' Sl 4.1'\.0\..:‘3)‘9.: J"u;:t...»

selin G 53 g oddS o SVR LS (g5, aallas
il JKis st sl (1) S5 5 il s
s la gy ol st s SOl el Ol o
« Group Method of Data HandlingMLP) slislee 5 ga
4 (Adaptive Neuro-Fuzzy Inference System s SVR
Gl 3 S eslial sn3l e glaesls 3l eslizal ol ea
s {.:wjiﬂ X> 5 SVR (..:JJ}_Q\ S aS oyl 5o s
0 bl Cl oddoslizad ol CuS 5 5 5 Slwles oge
@l ppmes el Wl [ 20 5 8 gl
5 e (O)) OLan 5 (g e Sldlae s sdelcwsa
SVR ), S 51 el g5lwdits gl 45 (V1) S
st s @, 80 el 2l S0 5 diles S eslin
grosn a Sleolal 55 lagds nl 5o 5 Clos g b Ay
35 ldllas 3 Kyl € a5 Lol L SVR 53 i S
JeSas g3ladds 53 5 MLP 5 GRNN o2, SIS
LS s (,.:w)_@\ 33 ol 5l s andllae cpl 5 s e sddeslanad
tlie Cgr (oolgiiy LS 5 e S LS LSVR iy,
Gt oml e okl Censay @Lﬂ A3 S eslanl @L:j
SVR) (oalgidny die LS 53 (6, 8adr odd edinsOLES
535 oS LS LSVR & o (ailsse JS L
G5 4 gl pl ol o3 MLP 5 GRNN 3, S
Sibedde Gl BS 55 it 5 Sl Coeal sdiasilis
5 MLP GRNN sladuts o3 5 4 .ol SPI oy (5 e
s 5l oledde 53 s e 28 SVRN 31 usy SVR
ealgdin bS5 Byw gaies opl s andl L sls Ol
G5 il b S 51 Olg e &S sl edeslinal
@ lgs G pl s S eslindd eolgly BS n e dle
3 &S s wstl,y SPL asls by s ssledda
5 el 5 e g la bl Sl 0l e ST Slalas
wmss sk Ol i St ey s S
Sesia Goladde 5y G 5 S Ol ()l
g bl 4 JT Slalae s 558 0 slgiy 3 S sl

oS 52 0 bl demsl Gl Gips sla bl

S S e 5 Loy
Sl iy b SOl Sl S Ol JlesSis
il glaoism 5 1 ool gbosls dlaas &S
sl ol sl ol 5 K — (oolaBl - elaz
Siledde JlSlis O e SIS GalS s g, 5l S
o S oS b addlas ool 5o el ey Gl i
S GRNN s 4t ol Gl 2sa o250
S e b s s S LSVR s MLP s
Kol JSix ilwdde & SVR Jhe & L
2l o YV 51 allas cpl 53 A aatls i S s
ElAil g i et S ool Glale 2L
YE A OY A Sl slaebie s SPT JlSis jasls
03 SPI Laxla (giladde 4 aalsl ;5 s eslanal aals $A
Gldle Sl eslial Loeas Sy Sl sla b
S s el s s S L SVR 5 SVR.GRNNMLP
JM}J@MGRNNJM#S@‘&‘M@LYJJ‘
Sdbe 53 e oS Ghls S LS LSVR s MLP
T R W P ¥ CIN P W
S S Wlrag, 5o wlale 0Lz pm ity 4 oS SIS
i e Sl eslial b oaS 5 508 0 wlnde G0 o
S 515 0lis 5 ool als s GRNN Jus 5 FFBP ae
Cowl FFBP Jis 0 e (6 2 3 Shas (51,15 GRNN Jue
Sage 5 e baS sl ul..;qﬂb-tgjau“cb Sl callas
SAV 35 L1y JlKist 0l 0 SVR o2, 80 s S
5SE LS Slide s S ol S sse sl
Ly oS i 5 Jlellpeda ol odls Bl ar o5
Seis giledbe cgr (14) OLKs 5 e
Jde (el ool Whal B3 s adan 55 (65,5l
Osow S5 5 shuaih Ol s sla s, 503 4 s SVR
5 GRS Qa5 bkt edic B g S5 Ol
o313 OLES 5 51y (i Sl pdioilasil SS& o
Golwdde VL Cul8 5 Coanl sdasolis sl pl 4S5
ol o3 el 530 e Ll SVR L i e,

A



o b Jleis sy g5ledde s BS (g5leang S

S g
Sl — S ildie Olge b alobly Jols dlie ol

chie 53 Slabes isa 5l S, b JLSEE s
el 35T oKl Cole b &S cnl 1¥AT Ul s (153)

Sl sl ‘J"\(U‘J@?) QM}C‘A}&\}

1. Alizadeh MR, Nikoo MR. 2018. A fusion-based
methodology for meteorological drought estimation
using remote sensing data. Remote sensing of
environment, 211: 229-247.
doi:https://doi.org/10.1016/j.rse.2018.04.001.

2. Cancelliere A, Di Mauro G, Bonaccorso B, Rossi G.
2007. Drought forecasting using the standardized
precipitation index. Water resources management,
21(5): 801-819. doi:https://doi.org/10.1007/s11269-
006-9062-y.

3. Cigizoglu HK. 2005. Generalized regression neural
network in monthly flow forecasting. Civil
Engineering and Environmental Systems, 22(2): 71-
81. doi:https://doi.org/10.1080/10286600500126256.

4. Cortes C, Vapnik V. 1995. Support-vector networks.
Machine learning, 20(3): 273-297.
doi:https://doi.org/10.1007/BF00994018.

5. Danandeh Mehr, A., Nourani, V., Karimi
Khosrowshahi, V., & Ghorbani, M. A. (2019).

A hybrid support vector regression-firefly model for
monthly rainfall forecasting. International

Journal of Environmental Science & Technology
(IJEST), 16(1). doi:https://doi.org/10.1007/s13762-
018-1674-2.

6. Ebrahimikhusfi Z, Khosroshahi M, Naeimi M,
Zandifar S. 2019. Evaluating and monitoring of
moisture variations in Meyghan wetland using the
remote sensing technique and the relation to the
meteorological drought indices. Journal of RS and
GIS for Natural Resources, 10(2): 1-14.
doi:http://girs.iaubushehr.ac.ir/article_666807.html.
(IN Persian).

7. Gardner MW, Dorling S. 1998. Artificial neural
networks (the multilayer perceptron)—a review of
applications in  the atmospheric  sciences.
Atmospheric environment, 32(14-15): 2627-2636.
doi:https://doi.org/10.1016/S1352-2310(97)00447-0.

8. Ghasemi A, Fallah A, Shataee Joibari S. 2016.
Evaluation of four algorithms for estimation of
canopy cover of mangrove forests by using aerial
imagery. Journal of RS and GIS for Natural
Resources, 7(2): 1-16.
http://girs.iaubushehr.ac.ir/article_524151.html. (IN
Persian).

AV

s 455 Olgs Y slalg, 5 4 sl a3 GRNN
atls ,, PSO r.:i)jf.ﬂ FRE R L;La(..:_l)jfj\ LS« MLP

..)}'w

e

9. Gholamnia M, Khandan R, Bonafoni S, Sadeghi A.
2019. Spatiotemporal analysis of MODIS NDVI in
the semi-arid region of Kurdistan (Iran). Remote

Sensing, 11(14): 1723.
doi:https://doi.org/10.3390/rs11141723.
10. Hamzeh S, Farahani Z, Mahdavi S,

CHATRABGOUN O, Gholamnia M. 2017. Spatio-
temporal monitoring of agricultural drought using
remotely sensed data (Case study of Markazi
province of Iran).https://jsach.khu.ac.ir/article-1-
2749-en.html&sw=Hamzeh. (IN Persian).

11. Khosravi I, Jouybari-Moghaddam Y, Sarajian MR.
2017. The comparison of NN, SVR, LSSVR and
ANFIS at modeling meteorological and remotely
sensed drought indices over the eastern district of
Isfahan, Iran. Natural Hazards, 87(3): 1507-1522.
doi:https://doi.org/10.1007/s11069-017-2827-1.

12. LiG, LiuZ, LiJ, Fang Y, Liu T, Mei Y, Wang Z.
2018. Application of general regression neural
network to model a novel integrated fluidized bed
gasifier. International Journal of Hydrogen Energy,
43(11): 5512-5521.
doi:https://doi.org/10.1016/j.ijhydene.2018.01.130.

13. Mahmoudzadeh H, Azizmoradi M. 2019.
Deforestation modeling using artificial neural
network and GIS (Case study: forests of
Khorramabad environs). Journal of RS and GIS for

Natural Resources, 10(4): 74-90.
http://girs.iaubushehr.ac.ir/article 670420.html. (IN
Persian).

14. McKee TB, Doesken NJ, Kleist J. 1993. The
relationship of drought frequency and duration to
time scales. In: Proceedings of the 8th Conference
on Applied Climatology, vol 22. Boston, pp 179-
183.

15. Mishra A, Desai V. 2005. Drought forecasting
using stochastic models. Stochastic environmental
research and risk assessment, 19(5): 326-339.
doi:https://doi.org/10.1007/s00477-005-0238-4.

16. Mishra AK, Singh VP. 2011. Drought modeling—A
review. Journal of Hydrology, 403(1-2): 157-175.
doi:https://doi.org/10.1016/j.jhydrol.2011.03.049.

17. Noriega L. 2005. Multilayer perceptron tutorial.
School of Computing Staffordshire University.



Ve Y bl:....:u (f}: UL...:./‘..A;JLR- Jw) ‘;'.:]ocb.a BE) ‘;’»’L}‘f'}' Sl 4.1'\.0\..:‘3)‘9.: J"u;:t...»

18. Pachauri RK, Allen MR, Barros VR, Broome J,
Cramer W, Christ R, Church JA, Clarke L, Dahe Q,
Dasgupta P. 2014. Climate change 2014: synthesis
report. Contribution of Working Groups I, II and III
to the fifth assessment report of the
Intergovernmental Panel on Climate Change. Ipcc.

19. Rahmati O, Falah F, Dayal KS, Deo RC,
Mohammadi F, Biggs T, Moghaddam DD, Naghibi
SA, Bui DT. 2020. Machine learning approaches for
spatial modeling of agricultural droughts in the
south-east region of Queensland Australia. Science
of the Total Environment, 699: 134230.
doi:https://doi.org/10.1016/j.scitotenv.2019.134230.

20. Specht DF. 1991. A general regression neural
network. IEEE transactions on neural networks,
2(6): 568-576. doi:https://doi.org/10.1109/72.97934.

21. Trenberth KE, Dai A, Van Der Schrier G, Jones
PD, Barichivich J, Briffa KR, Sheffield J. 2014.
Global warming and changes in drought. Nature

Climate Change, 4(1): 17-22.
doi:https://doi.org/10.1038/nclimate2067.

22.  Vapnik VN. 1999. An overview of statistical
learning theory. IEEE transactions on neural
networks, 10(5): 988-999.
doi:https://doi.org/10.1109/72.788640.

23. Wilhite DA. 2000. Drought as a natural hazard:
concepts and definitions.

24. Wu B, Ma Z, Yan N. 2020. Agricultural drought
mitigating indices derived from the changes in
drought  characteristics. =~ Remote Sensing of
Environment, 244: 111813.
doi:https://doi.org/10.1016/j.rse.2020.111813.

25. Yu P-S, Chen S-T, Chang I-F. 2006. Support vector
regression for real-time flood stage forecasting.
Journal of hydrology, 328(3-4): 704-716.
doi:https://doi.org/10.1016/j.jhydrol.2006.01.021.

AA



RS & GIS for Natural Resources
(\Vol. 14/ Issue 2) Summer 2023

Indexed by ISC, SID, Magiran, Noormags, Civilica, Google Scholar for

RS & GIS

Natural Resources

journal homepage: https://sanad.iau.ir/journal/girs

oigna The effect of kernel optimization in modeling drought
phenomenon using computational intelligence (Case

paper

study: Sanandaj)

Jahanbakhsh Mohammadi®, Alireza Vafaeinezhad?, Saeed Behzadi®, Hossein Aghamohammadi*, Amirhooman

Hemmasi®

Received: 2021-11-04 / Accepted: 2022-01-25 / Published: 2023-03-21

Abstract

Drought is one of the most important natural disasters
with devastating and harmful effects in various
economic, social, and environmental fields. Due to the
repetitive behavior of this phenomenon, if the
appropriate  solutions are not implemented, its
destructive effects can remain in the region for years
after its occurrence. Most natural disasters, such as
floods, earthquakes, hurricanes, and landslides in the
short term, can cause severe financial and human
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damage to society, but droughts are slow-moving and
creepy in nature, and their devastating effects appear
gradually and over a longer period of time. Therefore,
by modeling drought, it is possible to provide plans for
drought preparation and reduce the damage caused by it.
In this study, computational intelligence algorithms of
Multi-Layer Perceptron neural network, Generalized
Regression Neural Network, Support Vector Regression
with support kernel, and Support Vector regression with
the proposed kernel (Support Vector) Regression New
kernel has been used to model the drought using the
Standardized Precipitation Index. The modeling results,
in most cases, showed better performance of the
proposed SVR_N model than other models. The values
of RMSE and R2 were 0.093 and 0.991, respectively,
and the GRNN, MLP, and SVR models performed
better in modeling after SVR_N, respectively. Modeling
of drought phenomenon in modeling is supported by
vector regression method.

Extended Abstract

Background and Objective

Drought or water deficiency is one of the inherent
characteristics of any climate, and unlike aridity, which
is a permanent condition of an environment, drought is a
temporary disorder; the severity and duration of drought
vary from region to region. There are different
definitions of drought, but in general, drought decreases
precipitation below the average value of an area in the
long term. Because the effects of drought are so wide
and affect all aspects of human life from the human
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environment to the people's economic and living
conditions, drought modeling and forecasting is very
effective in controlling and managing water resources to
deal with the effects of drought. Previously,
mathematical models such as simple regression, moving
average, and ARIMA were used to model the drought.
In recent years, the use of computational intelligence
methods to model and predict drought has been of great
interest to scientists. Computational intelligence
methods include tools such as artificial neural networks,
fuzzy logic, support vector regression, and fuzzy-neural
models. One of the most widely used indicators by
scientists in drought studies is the Standardized
Precipitation Index (SPI). The purpose of this research
is drought modeling in Sanandaj synoptic station. The
city of Sanandaj, as the capital of Kurdistan province, is
a mountainous region and has a semi-arid climate based
on the Demarten climate index and a cold semi-arid
climate based on the Ambrose climate index. In
Sanandaj, the average annual rainfall is 458 mm.

Materials and Methods

In this study SPI index in Sanandaj synoptic station was
modeled based on four computational intelligence
methods, including multilayer perceptron neural
network (MLP), generalized regression neural network
(GRNN), support vector regression (SVR), and support
vector regression with the new kernel (SVR-N) which
was used at time scales of 6,12,18,24 and 48 months.
Selecting the optimal values of the model parameters
will lead to better modeling results. One of the
important parameters in support vector regression
(SVR) is the selection of the optimal kernel for
modeling. Any function that is based on the Mercer
theory can be used as a kernel in SVR. In this study, two
Gaussian kernels and a new (proposed) kernel were
used in drought modeling with SVR modeling. In this
study, the first SPI drought index in 6, 12, 18, 24, and
48 months’ time scales in the period between 1981 to
2017 AD was calculated from the precipitation data of
the  synoptic  station. Subsequently, all  four
computational intelligence models MLP, GRNN, SVR,
and SVR-N were implemented in MATLAB software
development environment. The SPI time series was
randomly divided into two categories: training data for
computational intelligence models and test data for
computational intelligence models. 80% of the data
were selected as training data and the remaining 20% as
test data. Training data were used to train all four MLP,
GRNN, SVR and SVR-N models, and test data were
used to compare the modeling results of the four
models.

Results and Discussion

The results of this study showed that all four models
have a high ability to model the SPI drought index.
Since increasing the time scale from 6 months to 48
months, the SPI time series has a smoother behavior, so
all model's results showed more accuracy in modeling
with increasing time scale. By comparing the outputs of

the four models with the actual SPI data in 20% of the
test data, the SVR-N model had better results in
modeling in almost all time scales. Also, the SVR
model with Gaussian kernel (which is used in most
studies) showed a weaker estimate than other models,
but with the change of kernel in the SVR, the modeling
results for different SPIs were much better. The results
showed that the lower values of RMSE and higher
values of R? in the proposed model than other models in
different SPI cases. The difference between the RMSE
and R? values of the proposed model and the SVR
model with the Gaussian kernel is also evident,
indicating that the kernel change is effective on
modeling. However, the GRNN model also had
appropriate RMSE and R’ values in different cases
compared to other models. The GRNN model for 6-
month SPI has the best RMSE and values compared to
other models; it should be noted that the difference
between GRNN and the proposed model is very small.
The highest accuracy in modeling among the models
used in the 48-month time scale and related to the SVR-
N model, which had RMSE and R? values of 0.093 and
0.991, respectively. The lowest accuracy in the 6-month
time scale was related to the MLP model, in which the
values of RMSE and were 0.633 and 0.602,
respectively.At the 12-month time scale, the amount of
RMSE and at the same time has a significant change
compared to the 6-month time scale in all models. This
is due to the softer nature of the 12-month SPI time
series chart, which is shown in the images in this study
as a 6 to 48 month time series chart. In general, the
SVR-N model had the best performance in modeling the
SPI drought index at different time scales, and then the
GRNN model had better performance. The MLP model
became the third model in modeling the SPI drought
index in terms of accuracy, and finally, the SVR model
with the Gaussian kernel was included. The results of
this study showed the high power of computational
intelligence tools in modeling drought.

Conclusion

It can be concluded that changing the parameters of
computational intelligence models will change the
modeling behavior of these tools. In the SVR model,
optimal kernel selection had a significant effect on
modeling results. It is suggested that in similar
researches, the task of finding the optimal parameters of
the models should be entrusted to innovative and meta-
heuristic algorithms, and the results should be compared
with trial-and-error methods. On the other hand, since
phenomena such as precipitation and drought indices
such as SPI have a complex frequency behavior, it is
recommended that before the SPI index enters the
models, this index must first pass through the wavelet
filter. This breaks down the SPI time series into
frequency components, thereby increasing the number
of inputs. Increasing the number of inputs with different
frequencies causes the frequencies that have a more
negligible effect on the results to have lower
coefficients in the models, and this will improve the
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results. In general, it can be concluded that by Keywords:  Computational  Intelligence,  Neural
improving computational intelligence models, including Network, Kernel, Support Vector Regression

filtering inputs and selecting the optimal value of model

parameters, better results in modeling and drought

forecasting are achieveds
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