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Abstract

Background and Objective: Forest and rangeland fires are among the most significant ecological
hazards in the semi-arid ecosystems of the Zagros region. Their occurrence is driven by the
complex interaction of climatic, physiographic, anthropogenic, and vegetation-related factors,
resulting in substantial impacts on ecosystem stability, ecosystem services, and the livelihood
security of local communities. In recent decades, intensified climate variability, increasing
temperatures, recurrent droughts, and the expansion of human activities have heightened the
susceptibility of these ecosystems to wildfire occurrence. Accurate understanding of wildfire
spatial patterns requires modeling approaches capable of accounting for spatial heterogeneity in
the relationships among explanatory variables. Therefore, this study aimed to investigate the
spatial variability of factors influencing wildfire occurrence in forest and rangeland ecosystems
and to examine the spatial differences in these relationships across the study area. Furthermore,
the performance of the Geographically Weighted Regression (GWR) model was evaluated and
compared with the Ordinary Least Squares (OLS) regression model to identify critical hotspots
and improve management decision-making.

Methodology: A total of 441 wildfire polygons occurring during the warm seasons between 2011
and 2020 were delineated using Landsat 8 satellite imagery and MODIS hotspot data for wildfire
detection and verification. Following validation against official records provided by the llam
Province Department of Natural Resources and Watershed Management, the dataset was refined
and subjected to quality-control procedures. Each wildfire polygon was considered an individual
spatial analysis unit, and polygon area was used as the dependent variable representing wildfire
magnitude and spatial distribution in the modeling process. A set of 21 independent variables,
including climatic, topographic, proximity-related (distance to roads, villages, cities, and water
resources), land-use, vegetation-cover, and socio-economic indicators, was selected. Base maps
were prepared in a GIS environment, and the values of all variables were extracted for each
wildfire polygon. Data preprocessing included outlier detection, scale standardization, Box—Cox
transformation, and normality testing. Multicollinearity was assessed using the Variance Inflation
Factor (VIF). To mitigate multicollinearity, reduce dimensionality, and eliminate internal
correlations among variables, extracted components were used in subsequent modeling.
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Components explaining more than 80% of the total variance were retained. The primary analysis
was conducted using the GWR model, which allows local coefficient estimation and the
assessment of spatial variability in relationships. Moran’s 1 statistic was applied to model
residuals to evaluate spatial autocorrelation and model validity. For comparison purposes, an OLS
regression model was also implemented, and the goodness-of-fit statistics of both models were
analyzed.

Results: The results demonstrated that the GWR model provided greater explanatory power than
the OLS model. The local model achieved a coefficient of determination (R?) of 0.32, while a
substantial reduction in the corrected Akaike Information Criterion (AlICc = 1753) and the
standard error of estimation indicated superior model performance. Analysis of local coefficients
revealed that wind speed was among the most influential climatic factors affecting the spatial
variation of wildfire occurrence. From a physiographic perspective, slope aspect was identified
as a significant determinant of wildfire occurrence across many parts of the study area; however,
both the magnitude and direction of its effects varied spatially. Regarding land use and vegetation
cover, rainfed agricultural lands, dense forests, and moderately covered rangelands exhibited the
strongest associations with wildfire occurrence, highlighting the considerable influence of human
activities on fire regimes. The GWR results further indicated that the importance and effects of
wildfire-driving factors were not spatially constant across the region; rather, the relationships
among variables varied considerably from one location to another. This spatial non-stationarity
enables the identification of critical wildfire-prone areas and supports the development of
location-specific management strategies.

Conclusion: The application of Geographically Weighted Regression (GWR) provides an
effective framework for investigating the spatial variability of relationships between wildfire
occurrence and environmental, physiographic, anthropogenic, and socio-economic factors.
Compared with the Ordinary Least Squares (OLS) model, GWR demonstrated a greater capacity
for explaining the spatial heterogeneity of these relationships. The findings revealed that both the
magnitude and direction of the effects of wildfire-related factors vary substantially across the
study area rather than remaining spatially uniform. These results emphasize the necessity of
adopting region-specific and locally adapted approaches to forest and rangeland fire management.
Furthermore, the local coefficient maps and spatial patterns derived from the GWR model can
serve as a scientific basis for identifying vulnerable areas, prioritizing management interventions,
designing preventive strategies, and improving wildfire monitoring and management at the
regional scale.

Keywords: Wildfire, Geographically Weighted Regression (GWR), spatial variability, northern
Ilam province.



YYY YU\A.:;‘YT'A?‘Q\AC:\,&}QJ{;?&U;)@L,QW&Q,:

LA 0039 Oge F3 S b Gl 9 US> S39w 5T 3 F0 Jolge 51 Ho (6 00y el S 3LaslCST
(PO il  Jlod Gobuo 163790 (g3 y)

" oles s .:ML;JPMGM‘ ‘@_b_).: N FERCI LRI
o) dwdne po (S o&sls (b c\.:.a suSails ‘djbv\i:.? 05 5 leasls =
gh.niksa@gmail.com : S5 xSy o)) o) o jwna g0 (NS J&sls (b @L’.a suaSzils ‘6J\>J§:.? 055 (855 Somiils o gtane sdiy 5 =Y

Ol D tne 5o IS W&l b polin Sl (513 S 05 5 (5 5w el s Y

W'O/'W'*:&ﬂi\ej@)\ﬁ \V’~O/~V/YV‘:&,L@JC')‘\.A‘@J\J AR VARVAR :c,é\.!,):’c")\s
US>

Sy o S5 Sesans Glar i) 5 lilp s Sl bl e 5l (SO @"‘f 5 b d)',wuiﬂ HERUIPRY AW
s iS oy 55,8 e IS AU 2ty GL S 5 i) s sz 25508 3l o 48 5
ool las il sl ol waas )18 o gl e pelor siame Satel 5 Lt Sless (i ol
Ol ) (S m 5] 4 o 5 g s ol Gl il slaans (b Ll el 2 a8 5 Slesss sl JlSes
s 1 e o Jals, S8 a8 cdd pbadae 6,8 2 e 5 5m 5T S S 385 o el el
SO gyt 5 WIS 53 (3 smwts] sy r i5e Jalse il IS (s i LSl sy cal Gan 5,8
Geographically Wighted ) Ll > 515055 & sme S5 Jae 21 L5l s ) axlas 5 4o aibaie C““ oo daly, cpl SIS
5 5o sbp s Ll ki 4 (Ordinary Least Squares) Jsexs Sla o J5los & s S5 Jobe b 4uslis 55 (Regression
ol (e (6 S e 308

ozl LYY B YN Sl o3l (b Il p 8 slaole 4y bgrse 55mosT 08k TEY (s cal 5o 1B i, 5 305
laslaz, b 5 ol skt 4 MODIS s (Hotspot) Fls bl glassls 51 5 8o e L Landsat8 slolpale »5las 5|
S J S s SRl ) gl &l srbple IS oslal e DLl b s 51 e Weesls s ) A &g
oskite 4 anly e olsie 4 Lo S colas oz w3 I s Jlow S sl S olsie 4 05k A e 2 S
Jerzie Jiras e YV ol (glas game s sslizad bags3ladme 55 5 pmois] sasy S 81 5 was (s ¢l el
sbazs oo olxsl elaal - oolasl sbadse o 6»\3 oidg (2l S (sl ué\_,f,:j; (ooeddl s ey
Jols Jaree ine slaosls (55305 5 e s 8 ol s Sl Lo S Sln ite 2 olie 5 46 GIS Lame 5o 4l
9 aqlf,u_? u‘la;r,a LA r\.?u’\ oo Jb s ;,,A)'T 9 Box-Cox has b 3ledb 5 b olie o5l sl (o slasals sl
C‘f'é‘w‘ slad e 5l basls S50 ;;{w%h Gl 5 olal el ‘g;h-:’p-” & osliedr 5 ey eilils PoF 2 o=l
Jae b Jol Jdow 55 S oo s 1 JS mslisls donn A 31 L oS it Olasl o baaddse s S salina] (gludis s s
VS VPR N A P Y PR N e - W S S O A C O LV O A W R RS PRCPW &
3 doene Olae Jlas (s 55 S 0 Shae aslie gl s Pl besslasl 5, » (Moran’s 1) il 5 o503 e las]
A Jelos Jae 50 251 slapas e 5 ) 2

R U I I JUVORTCH PR KVUNK S KWV v S S PG SRR SO KPR A W el basl H ml
5 (AICC=1753) Sol8T Jlae a5 BB L2alS 5 dny /Y 4 s Joe s oo & sl 80 1ol sy 55 65V
S O P S Rt g P 5 R C S G -y W B R I3 ISP A U EY PV

é)'rdﬂ 2 S5 Jele lssa 5 ) ol 3 et g B S ) s 6}r&i S Ol ek S5


mailto:gh.niksa@gmail.com
https://orcid.org/0000-0002-6964-3245
https://orcid.org/0009-0007-5830-484X
https://orcid.org/0000-0002-4655-5576

YYy

\‘oJ\A.:‘YY'AL?‘Q\ﬂle\fjtéK;?gbua)@bougﬁfkqus

oS b S w2 $os\aS (2l g8 clﬂw 23 255 S5 ikt clﬁ-w FRYVE R VPR Rt e sl
Jae cb GHW I OV YT NGO | P Ju\a Ji;\.u &S sl olas djyuu‘T saslas, U1y Loyl o mi Jawge mog b é\f B}
S5l b e o S Lils) 5 G ol adleia CEW B dj}“uﬁT 2 A5 Jelss J,‘;\; Olsee 5 Cuenl &S 5l (LLGGWR

e Jz\J,w bcwlie oo pde s al,y uod 5 Sl s 58 ol o\l g2 o) A8 e e Jiia 4l 4 4l

ISP

S e sy e S i g S)p Al sl (GWR) sl i 1035 cpen S5 30\ 1 68 ame
(OLS) Jsyane Slay o Jolam o0 S5 Jbo 4 S 5 A8 o el 3 olannl — oolail 5 gLl ¢ 31 8 5 58« s Lol oo
é}ruﬂ 255 Jelse J.,L Sz 5 Ol &S b plad (g s o)l Ly, ol ol Sl s 5o it 2Ll
lize 5 omadilate (63505, S5l S50 4Bl A8 gr s Ked 4l 4 4 b Sl 5 055 S ailate o )
S Sy o o sbais atmen b St e s i Gl i Copde 3 o Ll
b e Sl gancy gl (ol s plels Gl e ol plse 4 sl s GWR Jus ) a,\..ZC‘J}a.m‘
S 15 sl 5 5e glailate elie 53 (65 smiS] Cu e s (L 3o 5 A Sty sl

el ol s blia (S 6y i (GWR) o\l 513055 G S 8555 sl so3ls

< » sS4 Lie o (Ghanbarzadeh et al., 2013)
YL saas g sblie colis TOAA LYY bl
oo FPY 550 80la Ly LS () 5ekee 0VR P
.Lizundia-Loiola et al., 2020) ¢l saz 2,1 8 LS

sy Sae pame 3G o Wi (slas e i3] g5
(Polat et al., 2020) s 1> ;) 3 Sluil 5 aub Jolse 3
(g Sy oS s alma] 5 il Ll
Jolss (Swetnam, 1993) alS s, b Sis
WS ezl Gl glacdle 5 oLl A P
L olomad 5 (o s LS (2Ll G e

S 5 el s Gl 28 (53051 Slaie)
Li et al., 2008; Baranovskiy ) 4uS s s W s g 251
et al., 2016; Nguyen et al., 2018; Parente et al.,

Dol S5 gl b i 0l Gl il csliz (2018
oo ly s 5 ks mdan L5 (Sosmts] &2,
KIVISOV et al., ) Co s o G Cu e 5 S pdeden
el cladle s .(2009; Avila-Flores et al., 2010
S s S5 mis sl ladae 5 v
Sty kol Gl 3l S 4 L]
o Ol S, cnl s el saz Joas k;w)lzww

dodio
sbs Ol ahbalhe s b oW
(Robinne, 2021) % 5 g & guime SR sl s
SN cpl o xS 5 Sl 3 woas Ll Bl J el b
03 oy B a5 025 b 1y eliie s Jols il e
S 6)'3~u5'*ﬂ Ol cpl 03 sl ke g}‘\i"" @\-'w
39 sladay and Sap gy o Ao Juloe o stege
S sbas e 4 g5 B ol YL &S
6.)\..4.3\ 9 6‘;\"“”’.‘ ‘LsgaJ}j}S\ (Goes LSL&.«\AL@ 9 AJJS .))‘3
Roces-Diaz et al., 2022; Ebrahimi et ) 5,5 ol e 4
Moa ol 5 Kis o) pm sl coenl L(al., 2018
s ol Sidans 5 Ses an S s 528 (808
Vakili et al., ) cwl glais s ‘6:»\.5 Ol 3 g gde
Szl 5 bl sl LT Ll (2016

elor 5 b mle 5 il 1 5 s )50 4
cx) .(Eskandari & Chuvieco, 2015) cul 5 sgie Sl

Kb S s saS JRa o)l LSe



S| I O R Ve ol sl

S Sean (s5ledas (Heydaripour et al., 2017) c..l

oy okl o L s s i)
VL U 5l s (2021) o), 8as 5 Faramarzi

Ehs 2 et gr s Sb bals 4 Soj
4 oll (2024) o, 5 Maleki czls (55 gm 2]
slie )3 il S s ghs Js 3ledas
b ool ol ol gl o 08 bl sas bl
S 5 s 2 S Gt iz s s
(Karimi et al., 2013) ) s Al 55w ts)

Y «sjwuiﬂ g 2 Sl el e s f}%‘
SWas oezan ol il oolisy I, 6\-€-L§3-’.'
Sl bl samsyles (Pourreza et al., 2020)

S add) J\Jgﬁ.}? Jelss b djruiﬂ sbolas,
D9 (E’_w)‘ 9
S amse ol et Gliann s (S 5ba
Sy ol SR sl T 2 S s E 58
Sad J ) bead gLl v,.,Jp Jolss 51 slodms
DSy bl Gilsen ble s Jalss ) 5L g5
S 5 B S Bl s S ,-v\é S g 03 95
2 ekd ol s el S e ek dilate a1
S sigss Sos Nl ool pliden b i
1V P VO B Ve RN I CORRPIPNK (|
SKn b i) e 5l S olssa S
5 ol w0l 5 S cblis s elil ik )5S
ool el L ir pl il e ol
5 e stema e\-<"--e.j )5S e u.j do s Yo sp0s
U its Ssba ] Gt o a5 ke V-
o) Il bl s S ple & it 2
DS il i asle Ll b b e
ol b Gl s Jool it oo e bl 5 U
e ) (5o & Gmii] i) Slaans 53 503 Axlse
Heydari et al., ) cwl sas Joas gl Saaal Jolse
Ll o ol Gl s cusb, 2alS 5 Ly )53 (2021
able o ud)}wuﬂT NS5y S Gl sl

Ye¥

¥ J‘*’“ Jeolse Ol Jolw g Soo s @\SA SR S
Gonzalez et al., 2022; Liu & ) &S . r,:a\Js , skl

sbts, 5l aar oWl 5l gk (Zhang, 2024
el loSal ol wba, S8 bl
Kalogiannidis et al.,) wlas S o8 bonsy S
(GWR) 2l a= Llaps oo S5 0l ool 53 (2023
Jaa (Joe 3ldse bl op g 51 S ol se
S i 5 bl pae 03 S B 5 LUl
o\& > (Fotheringham et al., 2002) b iz o il
S5 sm i3] ) ek Sl bl Jdos 55l
o8l 2s, ol .(Pahlavani et al.,2024) sl J&is

S L P P SRU P P
2o i Bl b gy S oS a0l
(Fotheringham et al., 2002) cuws cal oS 5\SKaiay
ool 3 (o bdae L 5 cds LUl skt o
$de L (GWR) 5 Shas Y gams 5 5map Ko slains
(OLS) Jgare Slaye Jilam a8l s el 5sme 5
Cosi )l Hlasl l@a anglie ool a5l o duglie
o it o Lol e (Kanl T ol oS a8
oS 05 o a5 s sl Bty # b
oping e =l S e et |, e ol
S mi5 Sosmii] S Julse &Sl wsls ol
Li et al., 2022; su et al., 2023; Gou et ) &5 Seab
WSt i oS5 a5l Ll Jal s ciman (8., 2017
s LB L Oosle 5 95slS gedls

S 6 5o e B s el 5 o)
Rodrigues et al., 2016;) S Wl o g sl
Rodrigues et al., 2018; Song et al., 2017; ochoa et

Liu et) iy s (@l 2024; Zhu et al., 2025
Sasn e Staar samsplis 5 (@ll2024
soedls (3 Sy Jalpe b Jn slaisssmts]
s SoasleS Lol ay (Sevs s 2US a5 Sl
b i, 4 Cud (GWR) Jus NG 0L 55 ol o) s
00 )8 (S5 mi] dmis bl plulis s SIS



Yfo

) lglin g2 Jals 5 a8l o) plil Jlos sy
ol el alasle 5 s ly e (Jols 2 ll Ol
b YYOEYA/AT Glas e on eWlir easame
b AYYORO/0F" sladsb 5 Jls "08/0V-VOFY
G Suns 5l ol Ll soa "FV/TAFYOFY
el 513y 55 s BB g 5l a8l P

2 S5 s el S ol s 4
sy s BB il s ) e Sl slaanls
b SlansS il bl ki Jls b i ol
s s S el GYsb 5 s e gl
508 Skl b pbcas ol baee by
Ahmadi et) asl e Jotme s sbaglis) 5 Kis
s il 5 B Sas SSaal o) (al.,2015
aibats clﬂ“ 2 Sk s b Splin s S 68 Y
col S i L e e Bl s e
.(Moradpoor et al.,2023)

Woals 6)3T@.?
sbosls 51 (hgm il glaslas, gl skt
sdizie MCDB4AL Jya=e (Hotspots) §ls Ll
o) el e 000 S K8 o508 LMODIS
0351 Jb sl 25T 5 585 ol 5 S s pe Jult Laosl
ool anllas 093 53 (5w s Solas, e sl 1 s
S8 @,08 L Landsat 8 (gle | ale 5 slay e L0
SosmoiT sl 2 5l o s B 4 b e GG
Y T e
sasdle; Jols Lasls 5 (NBR) Kis e sl
dNBR ,slis oll ;.5 8 aculos (ANBR) Sis oo
5 gl e Glessame ol slind Jlsl
sl GLesls Wad g 555t oSk O son
sds3 ] Gbls a5 8585 0l (S b s Jol
o3lid 3550 Sl gam ol e 53 45 K350 (65 st )
Sl sesls [lael 5 cds )l gl o 813

LUl bl B L lolembe Lolar a5l 5l Jols

YoJ\A.:;‘YT'.&?‘Q\Jile\f)L@Jf\;?qbuaj@bow,J@lsgfz

i 3 55 sl Ll a5 es S ol 3 S5 il
N ERC R (R R INCI WES P U] R 8
! plel (Sayahnia et al., 2024) cul awzls 4o 5
5005 Sidaad il ils sai #ly Sl EIIRY
SLimoi] s BB sl gy wls Al
Gz g b aibete s lame o)l a5 el IS
5 b JlSas S5 Lal sl 4 ar 5 ol 03 anlsn
s Saia s el O p o el Ol i s
Sosmeoi] 4 e bl glalis ol S8 Jlos
s lelid Glans cnl Ban 5l e elead Gl S e
able s S S s 5] S X S Jolos
LT [ S WY JPSE (PR VO W [N W R (W
- woladl Gbails 5 sl oy (Sl 6
Wi 5105y osm 5o Jae Sl eslial b elazs]
e s Shas syl shien el oal s ol (GWR)
O3 S5 Jae L GWR (la o > i molasl
s oWl s alis (OLS) Jsame olayye Jilos

Sl gl p e smsle Wil adla ol slaasl,
Cupde b al,) o “\jgﬂw Copde (S
ol sl xS s e S s S s 5 ms]
PP CONrS W W S Ses 6;.5)\5‘4. 23 o ol
Sy i LS)\MJ&*ZT Sl el i Sl O S
A LK s ismos] e bl S
Gl s 5 Btas &S ety SWlae Y, e
Sadlse Jdoo oS5 b (tasn cal iles S eola
e b GWR szaolls aslie 5 mrteir 0313 51500 o
L;L’M s -’}JAP &‘-.‘.))‘ sl @ &}—"JL" OLS
o 2l G s GGl 5 S, cpl L e &)
s bl Lhaadsl s plae ol ool 5 b s

S gn ol s

gy 9 dlge
4.9.“2.6 JJ_,A 4.22.@

PL )L‘&h FAYY S S D g~ GO-L-JLA’J&A ))}44&4



S| I O R Ve ol sl

Slpiea (V JSa) ame 65 sm i) 058k FFY wulg 5o
d)rdﬂ @&ﬂ 9 6)“ sl ¢l 2l sbas

Y¥s

Ol sl ol il 5 anb el JS obsl s sases
L.v MLBA “5,\«\.“ SWOR JAL..« AJ\:-JA U”‘ A b.)\.) @‘L’

Has ol e SeSie b 6, S5 sbolas; Gl 5 ey slasals

560()'00 5900|00 6200|00 6500|00 6800.00 71 00|00 7400|00

N
Distribution of Fire Hotspots in the Study Area (>

o o
S S
S rS
S S
o g
~ >
en Lap]
o o
> 3
S r<
S S
ha g
~ ~
e o
[—3 (=3
[—3 [(—3
S -
S S
o o
~ o~
e Lag]
o o
= >
S S
S S
S S
= =
e o
(=3 =3
S S
S <
> >
==} oK
) @
) A
Lagand <
[—4
T ®  Fire Hotspots r g
0 5 10 30 40 2
Boundary Kilometers &

560000 590000 620000 650000 680000 710000 740000

andlan 550 adbate L3 (65w i T lap 8 ST adi -\ YK
Figurel. Map of the distribution of fire hotspots in the study area

S Aol els oobl ol 5 Sl sls ite cpizan
Slesly 5l kol las a5 Lol sboles S
P 5 aSet 5 bl daley ) Aol e 3 5 ol
sl = golasl b jeils y Sl ey 5 6 )8
oS 005 S 5 ol ol Sl
313055 e S5 e oS T )iz sl pen 08k
la e ula.;r..a 5 Wosls CoaS 4y Cos (GWR) U312
ol S Wedls 8y (bt el ales

Db O gmne (§5lede

G5 M b e
Jolo s cnl oo eolanad o) Jaes o e
(2Ll S (B S alil Jalse Sl slas ez
g elamb ool cbasls 5 W8 iy
SIL oSle @Vl sl 5 Ske Jola sl slaosls
S sl oSk Wbl )l oSSl WYL
o e K35 2k Sz 5 S i ored Sosb Sl b
Adols 5 i g (Lo Cl"“ el Jols P
Azl (Laols 5 Banin ailis ) ki O lis 5|



\RA%

Box—Cox Jas b Jaew b xie clrosls g3l 5
ol b besls ooy Jloj as plxl SPSS
i s Kolmogorov—Smirnov s;Shapiro-Wilk

HRE BB (o ip e H
Variance Inflation (VIF) jasla b b jize Jas o
B ar bl e e () Jyas) as o\5)) Factor
S5l 5 53 (PCA) Lol slaailza Jubows 51 ealinad L Y,
b o e gl il Jids Jiies sbadje 4XLSTAT
Lis 5 S50 Steed Gdo basls sl ialS Gus

YoJ\A.:‘YTA?‘Q\ﬂlcs\fjtglﬁ;?qbuaj@bow,ﬁwhgfz

Wosls (i 50s 0 i
el 5 O gbesls g o) o e
e g polie 5 jinal (a3l Glaesls e o ) 5o

(Outliers) &, sesls cpizad Las gy 5 5 2lolis
Microsoft )| 3l. 5 5> Z-Score asls 5 eslawl
S polie Lt U3l 5 ey s eae olulie Excel
s ool b Gda o Seslul b cus sllas 51 2l ol
a2 S b e sy

Wesls (il 5 zpgs al> 0

WY r\."u\ QL:)AL\ Q\}.,a R

(S5 S

sbde  solab

)31'11‘44.

ol !

Variance Inflation Factor(VIF) =l L a.ilf.).:e vi:ér..a wor =Y Joix

Table 1. Assessment of multicollinearity using the Variance Inflation Factor (VIF) index

B Std Beta t sig Lower  Upper Order Partial Part Tolerance VIF
Error Bound Bound
(Constant) 220.000 5.988 36.741 .000 208.231  231.769

F1 7.193 2949 115  2.439 .015 1.397 12.990 115 116 115 1.00

F2 8.205 4537 .085 1.809 071 -712 17.122 .085 .087 .085 1.00

F3 10.737 5630 .090 1.907 .057 -.329 21.803 .090 .091 .090 1.00

F4 -10.453  5.827 - -1.794 074 -21.906 1.000 -.084  -.086 -.084 1.00
.084

F5 -9.415 6.288 - -1.497 135 -21.773 2.943 -.070 -.072 -.070 1.00
.070

F6 5.517 6.761 .038 .816 415 -1.772 18.806 .038 .039 .038 1.00

F7 1.167 7.225 .008 162 .827 -13.034  15.368 .008 .008 .008 1.00

a. Dependent Variable: FID
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Table 2. Main components used in regression model

Y¥A

Factor Components
F1 Lowforest— Range—Forest
F2 Lowforest— Mixed(agri-x)
F3 Moderately Rangeland— mixed(dry farming-x) — Mixed(agri-x) — mixed(agri-dryfarming)
Fa mix(dryfarming-x) — modrange— denseforest
F5 Dryfarming— goodrange— denseforest
F6 Dryfarming— mixed(agri-dryfarming)
F7 mixed(agri-dryfarming) — denseforest
F8 Litracy rates
F9 Liliteracy rates
F10 Employment rates
F11 Unemployment rates
F12 Average annual temperature— Average-temp-driest season— Height— Total annual rainfall
F13 Distance urban— Distance from Road- Distance of water source— Distance of Ashayer
F14 Slope%-— Distance from River— Relative humidity(%)
F15 Wind Speed m/s— Relative humidity(%)-Distance from River
F16 Relative humidity(%)-Slope%-— Distance of Road — Wind Speed m/s
F17 Distance from Ashayer
F18 Slope%-— Distance of Road — Distance of water source
F19 Wind Direction
F20 Sin Slope Direction
F21 cos Slope Direction
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Table 3. Goodness-of-fit indices for the OLS and GWR models

Statistic GWR
R2 0.32
Adjusted R2 0.12
AlCc 1753

MAE 2560.79

RMSE 18084.99 3542.60
Moran’s | 0.04
Z-Score 0.23
P-Value 0.81
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Figure 2. Spatial distribution of standardized residuals from the GWR model
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Figure 3. Spatial distribution of the local coefficient of determination (Local R?) derived from the GWR model in
the study area.
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Table 4. Local coefficients of the significant independent variables derived from the GWR model

Variable pMin pMax pMean STDp tMean P Mean Yosig
F3 -1.27 5.29 0.53 0.61 2.24 0.08 60.77
F5 -2.58 31.14 -0.16 2.69 -0.87 0.24 48.07
F4 -24.41 1.17 -0.54 2.03 -1.10 0.22 44.67
F19 -0.94 0.40 0.13 0.22 1.20 0.24 31.29
F1 -2.88 1.20 0.16 0.36 0.90 0.37 26.53
F7 -0.008 38.43 0.58 3.10 1.29 0.30 24.72
F20 -0.73 0.29 -0.21 0.13 -1.26 0.27 14.74
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Figure 4. Spatial distribution of the land-use component affecting the spatial pattern of wildfire occurrence (F3).
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Figure 5. Spatial distribution of the coverage components affecting the spatial pattern of wildfire occurrence (F1,
F4, F5, and F7).
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Figure 6. Spatial distribution of the topographic components affecting the spatial pattern of wildfire occurrence
(F19 and F20).
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