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CEIC NP REL GO SR Iran's northern provinces (Golestan, Mazandaran, and Gilan) lie

along the Caspian Sea and combine humid climate, steep Alborz topography, intensive
groundwater extraction for agriculture, and rapid land-use change, making them simultaneously
exposed to floods, landslides, and land subsidence. Despite this co-occurrence, most prior studies
have addressed each hazard in isolation, providing limited insight into where these threats overlap
spatially and how they should be jointly managed at the regional scale. Existing susceptibility
models often rely on single machine learning algorithms without systematic hyperparameter
tuning and treat their predictions as opaque outputs, limiting their value for evidence-based
decision-making and undermining stakeholder trust. This research aims to develop an optimized
and interpretable framework that produces joint susceptibility maps for all three hazards across
this region, supporting integrated risk planning and informed land-use policy.
A hybrid model combining Support Vector Regression with the Two-phase Mutation

Grey Wolf Optimizer (SVR-TMGWO) was built separately for each hazard. Twenty years of recorded
flood and landslide events (2000—2020) were compiled from the Geological Survey of Iran and the
national watershed-management authority, while subsidence locations were derived from
Sentinel-1 InSAR analyses. Non-event points were generated randomly outside a 2000-metre
buffer around recorded events at a 1:1 ratio to preserve class balance, and the dataset was
partitioned into 70% training and 30% testing within K-means clusters (with the optimal K
determined via Gap and Silhouette analyses) so that the feature-space distribution was balanced
across both subsets. Eighteen conditioning factors spanning topographic, hydrological,
environmental, anthropogenic, and soil-physical variables were prepared for each pixel. The
TMGWO algorithm simultaneously tuned the three SVR hyperparameters (C, €, y) for each hazard,
producing distinct configurations that reflect the differing physics of each process. Model accuracy
was evaluated using AUC-ROC, RMSE, R?, and adjusted R? on independent test data. To overcome
the black-box limitation of machine learning, Shapley Additive Explanations (SHAP) were computed
at both global and local scales, exposing the contribution of each conditioning factor to the
prediction at the regional level and at individual locations. Finally, the three single-hazard maps
were combined into an eight-class multi-hazard map identifying areas of single, dual, and triple
hazard overlap.

TMGWO consistently improved test-phase AUC-ROC over the base SVR model, reaching
0.8404 for flood, 0.9329 for landslide, and 0.9642 for subsidence, while narrowing the training-test
gap and indicating reduced overfitting compared with the unoptimized baseline. SHAP identified
elevation as the leading driver across all three hazards but revealed contrasting secondary controls
per process. The multi-hazard map showed that triple-overlap zones were spatially restricted and
concentrated along the mountain-plain transition.
The proposed SVR-TMGWO framework, combined with SHAP interpretability,
produced spatially explicit and physically meaningful susceptibility maps for three coexisting
hazards in northern Iran. The resulting eight-class multi-hazard product highlights priority areas for
integrated land-use planning, infrastructure protection, and early-warning prioritisation, while the
SHAP outputs make the model's reasoning transparent to non-expert stakeholders. Future
research should incorporate temporal dynamics through multi-temporal InSAR and climate
projections, compare deep learning alternatives such as convolutional neural networks, and extend
the framework to full risk assessment by including exposure and vulnerability components.




AA. AleSheikh et al. (AF) OlylKas 5 genis T piol Le
NUMBER OF REFERENCES NUMBER OF FIGURES NUMBER OF TABLES
38 14 3

Comwlus ALl dngd joliio 4 ool (ilwdingy plgsy ble gpFob oo drwgs
(135 LY Sl 160 390 axdllan) (oo ) Comiiig 38 9 (w38 (yao ) Juw (Slo yblouis

"l (s ! Sy dabli ) (g pinr o TG ST piol e ol S oS

Ol (ol s ssle pMpeai dlss  irio oKLl gyl diidi pwidigeo 0u STl o Ko DAL loppiinins 09,5 !
. .. . e G el g . il < &I

LRV

Qlazd 313 555 sl yo slasel jo (LS g o5k (o iedd) ol pl Jlods (sl Ll HE: ) KEY 9 i
e 9 S35l Sl (Seoiy T Agsie Bl Gl ot (BT 55 cosb e Slspsl S s
Sancdig B g Gy e (e )3 Dlespd yobas adlaie (nl 39d s g (2] 6208 @
oo e &ygot | Olble 51 Sy 5o (et Slalllas iis (Slojea Gl 3529 b 025 )3 (e
S e Cupde S8z 5 loasags opl olad Sligren GlalSe o)l (gosamme i g Wles,S
Oeiile (6 8ol <$l‘2’r°-1-’..)9i” el 09250 ol o e ailes ST | gladlaie wlide yo L‘”Q]
30 slewdar Glgieas oyl glo g5 g aiad (Ste ol bl Solodsmw oulal e g 8,800
slazel 5 03,5 dgume abled p (e (5 S monad [0 |y LT 0, IS o5 (ol 4 g o atd S LS
Slp R ed g 0ad(gilodinn Cozlr S drwgi (agh (ol Bus WS (o0 i | (laisd
Sy 42,655 52,0l 51 Sliiy g ddlate ol ;0 0,blke dw o ey Conlis (loasds 4y
7S5 555 (gilutity w2 oo 4 Lty I gens Sy Jals (o 5 e S HENEED)

sloslas ) Sledbl .o axsle o,blbre ;o 6lp 4l8las & 504 (SVR-TMGWO) (lal> 150 i b
el 5l Cantigp blis g g s 53510)5 5545 o5l 5 oanb il plolu 5 o]
Yeoor 8L 51z, 0 pans) &g slas ) pae blE .ayo )5 2,5l Sentinel-Y (g)loly oeiw J>las
oold s g w9 Jaa> glaws (3ler B asads adgy Vi) e b g ondicnd saolas, Blbl 6 e
4 (b s Silhouette g Gap slo Judos 5,k 51K ag Jlade a5 K-means (slaaigs 9,0 0
degazmar 39 i Sy SLad o ol @35 b a0 e g0jl Yo7l g (ajgel Vo7l s
5 clopll (e ((S5slssien (ST oo Jold 5o Jole same ey B oilyse
SVR (Joo ellls 4 TMGWO iy s3Il o (s5booole] JuSy s slp S S sl Sis
b colie gnlote slagan S g 05 pelas o) bbre y2 lp lojen Sygot V) €« Clom
s _lyos R? gR? RMSE  AUC-ROC (sla_asLis 3l oolil Ly Joe <85 3l cawssdy 918 10 Sy
rtle 5550k (o9 elemainzr Cydgue p e pslateds wd b)) Jies 905l slaesls s,
2 o8 st 23 550 Jele 5o o B 0 sbs lone 5 g gl 93 50 (SHAP) (L3 poles
18 Glo oliaSS sl s d (3Ll 50 00,5 ISaT @0t lacunige 10 ob ¢ sladlats o
Alfan 5 alfge Wl Sligren b slaaiy a5 wad ol glaabows sloblweas aud S (B

VEoF 60 0l o)l
V¥ sl YY g9l gu)b
V¥ Cudgd)l Ve iMool o )b
Ve ols,3 V8 1 oy go,ls

eads 55,

Slo,blresiz Conlus

bty o O S

Ole 6550k (5 S S5 (o 55l
olnl Jld sleplwl piymeos

J9iw.n D..\Mwy *
alesheikh@kntu.ac.ir
Y= AMYASYVY @




J. RS. GEOINF. RES. 4(1): 83-106, Winter & Spring 2026 (AB)

1Fed Jlgs g oyliunsj o) oylos JF il o il50 e 5 490 j1 iiw slo ity o (sode g puii

Al Joe 4 S ge3l al> e 40 1, AUC-ROC jlade diwss sbas TMGWO x5 HEXWELY
sy ot b 6l JAFFY 5 55300 sl AYYA (s (sl AT+ ¥ &y 5 oty S9g0 SVR
2 Oilncie JrS eamoplis a5 ols (1als |y (seil 5 Gajgel dlse plos alols Jlo e 40
@lolids o,ble s jo 50 I bale plsieay ) gl )| SHAP Ll ool sniiaige anly Joe b anylie
L slaazgs af ols Las slo blbeniz atii colu 5T anT ) 0 sl slite a5l Jalse Lol 3,8

it 55 pale SB35 LS oo JU (g5 )3 g sgae (oLaS il alf e Gligees
255 oy olnl Jled 5o Glejen ojblie aw slp 1) Jloline (S0 S 5l g e (oldd Conlas
(2D 6 a2 LS sryaebn sl 1) Sloadl bl (Jol> laiboia slo,bbresis 4t
SHAP sla 29,5 a5 (> )3 iS00 ateine adgl e uncadyl 5 besloy; 5l cbli>
Slslis ouS (ST slagiess o sjlee Blad (aasied Gl lp |y Jae SV
Groe 253k slaan S b amlie (oodldl slag w5 INSAR ailojuiz ladelos 3o)b 51 S
GRS B s Bk sl Sy oS byl 4 cozly S 5 ot (orae slaaSt wiile

D9l o 4o (S pdym] 5 (K858 5 me 45 slaadlse

P e 9 A ln gl Al e (lped Cpnlis glaasds
3 AN L 8,8 e )18 solizul 350 amb Sl bl £48g dnins
Se Oyt Sliblre a5 cl (555,0 omlas sloalds s
Ol STz yme SO 4y & sl (om) 2 Jolite 9 Lo pe ailales
S5l dleb s e Wl o S 585 5 8,18 9y Wlize LU a]
iy, céin (le cpl o VRS Ded (6,590 wadd b
Ly Jebo Bl conile (5 :50b lapn )50l ofagar jgoe00ls
el g 00,8 palp 1) wlyble g9y g (e Jolge ploo odazmn
Sl Lngw s 5o 0\)):.“5 )5144.3 L“’ui"j) U‘i‘ FLW PR
(VoY) o)) g gy cigod g1y [0 8] 015 )13 ooliiul 5550
By womte e85 Jin) sl by allas K o
LSLQJJ.A )‘ oolazw! l; g.)}{.».u 9 u,uo) &Mj)s ‘(51'?“"’ ‘5)9“0"“"
(Boosted Regression BRT «(Support Vector Machine) SVM
ol guls g 0l o)siﬁ (Generalized Linear Model) GLM 4 Tree)
S50 5 6 5YL o 5 SUM Jow bl 5l (S sl a5 ks
,o (Flexible Discriminant Analysis) FDA ¢ GLM 45" Jl> o «coul
ol Koo camgy ,o [Y] wlaxsls o 2 0 Slos gy v 5
)‘ sslazul la u»).'Ju,.A) g_ML.uJ ‘(\"\‘\) u‘)&o.‘b 9 9.J Jaa.»}.o IR
FA 4 (Grey Wolf Optimization) GWO (slaes ;63! 5 SVR oS )5
=S 5 e a5 oy las ol g oals w0 (Firefly Algorithm)
Area Under the Receiver Operating ) AUC-ROC LSVR-GWO
SVR-FA & s (5 5o 0,8boe < /ADY ! (Characteristic Curve
lg J.g‘ﬁ AUC-ROC la) oolw SVR JM 9 ‘//\Y‘/\ l.x ).g|).3 AUC-ROC la
(VY LSas 5 comsld g Crizmen L] ol anils (IAVA
w2 Fhe Jaloe bl ()b pll 4 barpe (slasdlls
5 sicaglsl Boruta o2y ,6SU1 b 1) (MSir (g9 T 5 Gisieress
Kz Jow jleolannl Ly ol bl cpl cowlus slodids
AUC- jolae o muivw Ll bl b 5 wis,S odei (RF) Bolas

w

doddo

Fomey Sty g AiHlome) o wile (b Sl bl
5 wolaidl (cloixl gilul a5 s glonuyy (e
sladsly 5 WS (oo W o2 ek 4 ) gl (daeen;
HSEIY DO als Sll GeolSssSw 5 bedla ) p slos yns
Sl 5 ol Jolss S5 3l B Wy bl ol
Sz s olazdl ol s (bl 5l s o L] 595 5 23k L
ol Sad g gody Gl 4 4z b IV asS e dlnl ez 8
lagy] S g Combos 335 b)) e slagle (b beosysy
Copde 9 o) S Srotebn )3 (ke M 5 039 5)9,2
aiile g slags ,glis 5l eslinul diwly ol o [F] wuS o Wyl )2
e Julos lSal o bl i Sledbl slaasbols 5 caiile 5 Sk

[0] WS o wol 3 1, bl opl L) polazel B i o
Solin slacaale gl)ls o blxe aw ol 5l L5U Ol lus slaasly
oogrcws |y 3l cou bl Jglate SO 4 SO o 5 aiies
sloolad; (n 3 SUilas 5l (S e GBI, e 1B e
JJ‘}JGA sd.rj;l.a UQ‘P 9 LQJAL».} 0[.7::‘ » os}LC asS el L.':'“L""JU""’)
o 2y BB soladl glapl; 5 00,08 eloiz! slacanl
el sloojp> 5 e (P 0 LM ol ogdle [F] 5138,
5 LSl Cetne (g9l Slyes laislu ) 00,58 o L
ad oo 185U cow a¥le S a4 1) a0 e ey SW;
b g (2o (sl az ST e Cemiig 3 eules 5o [V 0 )]
CSeR) ) slroyaw 4o g] 0 p>d o b Ls.o.‘a‘.) oalS g ‘;.:—l 9 63)3‘
Gt JiElo as |y 6 pdbn) e Cdél g Saeasds golaidl ol s



AA. AleSheikh et al.

OhlKas g gt JT piol e

g e SBlad (IRl jeliieds izmen 09 (6555l bl A
(SHapley Additive SHAP sls .l o] olewdin> Conle  ale
ol yo b ad I 5 @ Joe g Slee zskaw o exPlanations)
(Judzs 51 s 5 0l alflas & ygods 0,ble ja ol sloaiss

Sl 3l o blbeniy galr ik SG B o

G (09

Sl abap Se> Regh ol Sl ozl
o (dxlojle dol pl8 il 0 ) USE L Billas (gl oliesi
bl £935 2 Fge Jolse 9 b Sy pluled enss o5 )5 oo
Sype dilaie (5 slaosls Jolod 5 Buiow aniny j900 olol 2
bl jloolatwl b laosls dcgosms agd (pgd pl5 1008 ,5 alowl dalllas
@anaSed 5l G Edpdy Sjge o blE 5 (aais) asdly
VS V-7 Doygal dlwd g0 a4 Bolal Ojgod esls dblaie
poms P15 A5 s i Lol (gl (F+ ) 2yl 5 Je L3512
s e ol 3 sl a8l ol (6 SIS (s3lmtings 4
oS5 o b slad yo gxtex L (TMGWO) jludige
Sl SR Jow wdsi ln 1) 63959 slaSy 9 Loyl bl
b 5l SVR-TMGWO) ags Joe 2l o ke a5 5o oS
55 e 280 b o9 e plmil e (miwlzel 5 (g5le] (gl slone
aa? Conle 18 Bua b ooty a8 00,5 0l Ol bbe oo i
XAL) Joe spdzeds & oedle 53k gladas Colow
SHAP »,Sus, 3 oolaswl L (Explainable Artificial Intelligence
Sz 5 e gobn ;o b aie 51 G o Coenl g g B 33l0 5 00
Sald (badd o5 P) pid a5 )0 uoles )d 05 akie
Comlo (alod 428 5 00l 586 SouSo b (gl blieecss copnle

OD;LSA AJ}J LS")m dL@u}:lS ‘saL..uL“J C;‘)" délaio 6‘0,’0[2&&0

aeflbo 5,40 dibaio
OS5 g ohwisle (GladS Jolis (V JS3) glnl Jled slagp !
Olyeti g laals 05 Glaced wosbye ood8l Lyl Joa
s Ghblre lejes 9 dsiiwe bl aloz 5l (3l )8
Ol 5o gye0 sled 4 ey Ceniy b g A3 (D
S F BB Gise a5 K LS e FOY sgum 02y (LS
0,00 )13 (651800 5 w0 B 2 yme 40 (LS Jlie Yoo sg0) (]
D] clon 5 )l laasss (So3als,0un gonl ponis )5 oote i
So3iorees 6Vl oilsl b oaims sl bl oyl o saalool Slalllas
Oliw s adlate ;o o YFA iSUIE sul asg> 40 4S5 gba sl
(e glaosls 5l eslaul L Biadee; edls AY NS

DY ] cadoas ololis 50l &l 5 slojlyale polas

Gy JAFY g Goidopmes sl AT (o gl < JAYE I sROC
5l oo YIPY L a5 ol (et g olo olis |y (IS5 (655m 5]
098 N s jls 18 6 ble a1 (2 5 Olejed Hobay adlate
Y0 len 5 4y 50, S0 agh 0 nl
o, pleol g 5lwain ¢ (Genetic Algorithm) a5 (slaems ;63!
(Random RF l|,I5° sl&s )| sl (Particle Swarm Optimization)
AUC-ROC _jazli 3l eolazwl L 1) bo Jow &8s ¢ ai8,5 o4 Forest)
RF L (5, 5l13 slapi oSl oS 5 aS” wisly las g wio,S b))
enis 3 B3 oble ez o sl |y il Joe o Shes
adlla [0l wido o S stz BB psbotr (i9mt5T 5 S
Gy ddlaie 0 (YoVY) L)Kan g o¥g Jawgs ool ploxl (5,500
(Convolutional Neural Network) CNN ;I 5.5 -leSh S qain

5 iy bz (St Dl ol oyl oy
(Linear Regression) LR L Jow cpl zolis g oo oolawl 533) yus
&S 2l sowl 00y 5 dunlie (K-Nearest Neighborhors) KNN 4
Al e 0333 Jow (32,5328 CNN w20 oo oyl

I TP NI N NERF K PIE
S 53k Sl el 1,8 oalas iy, aipge o Shas 4 plits
otz ad Gl IV T oss oo Gy el 65l B3l i )
ol ool GBS g jlwaig kgb:sp.'q)?i” 3 g dgase
(Bat BAT GWO (slaes ;o3I L (Support Vector Regression)
04 S 5 (Cuckoo Optimization Algorithm) COA 4 Algorithm)
Codgize JSie g gl melaid 335 Ojgpedr Joo byl b
5 5 Ghagn 0 clie psba (8] 008 o) el (gjleaige
sokiedy FA 3 GWO (slaps 65Ul L SVR oS 5 (Y- TY) ) Sen
09 LF] sl a2 IS4y (058 ol (i oy 83 S9utp
i i e sl Ths sanadsl 5 bl i Gl
Ao (3l 5995 g0 Cgmoe b oo (5 5luaigy RERJERY pabgle
Sl a5 cwl oad ool lid Glds @ pdeg lojieg o
oS W)l o sloaS et i Wlg oo el slo Shg
OhlSes g shwg asdlas Jle job a4 S Lyl Conlus gloaiss
bl gl XGBoost Jaw L Boruta oy 65l oS )5 51 as (Y- YF)
3 OO Colas a8 lBl g She sla Sy ke
Lf] wilazs 5 6 00 olisle 57yl

i ad Slp oetle 650k p e 2amlr gl cnl 5o
L oS 5 ohwsle oS slaglivl (glojbliesiz ol
Ol 3 el Bl Anag ey Cannedig 8 g e (R e 2 55 oS
e slo el s oo 5 (Shs Sl Glojes (gilaainge il 2
(Two-Phase  TMGWO (gjluwdigs n,sXl 5l oolazwl L SVR
3lg a8l alidl o i B b ad plxil Mutation GWO)



J. RS. GEOINF. RES. 4(1): 83-106, Winter & Spring 2026 AY)  IFed jlgr 5 Hliwsoj ) oyloss oF als o S0 e 5 490 j/ iomiw slo yidgjy oo 4y pui

S - p s
oS5 osls acgoone dugd &8 leaige
Features Dataset Preparation Metaheuristic Optimization
 ———— : = 5 =
iy aslllas [ o o bl ] [ Qxne blas ] ] ]
R Non-hazard Points Susceptible Points Solll:t)iL(;:Nv:n ;léri
Review of Past =
Studies ‘5|A.|anj .‘slbnb AC goxe
Point Dataset SVR —
v [ SVR Moddl Genciation J
| Ui [ alllas 590 dilaie (GaASD ]
Jelse ;‘i Gridding of the Study Area
Identification 3 elr--'\’u
of Influential Wools acgozre Compute
Factors Dataset Function and
heck Conditiop
iy sy 5 5 .
329 Testing Training el )bl b o Lo g acgerne
Raster Data of S:lt of Features and
yperparameters
Features K / & 5,
7 —r N[ 3 ‘
BALE S 5 (XAT) Joo gy peasds? gy oo (23!
Map Integration Model Explainability (XAI) Optimal Model Evaluation

Gloyblre G conlis slaaiss SHAP
SVR-TMGWO
[Single-hazard Susceptibility Maps - [ ]

o0 Y]

Slojble Wiz okl slolone i A
Sy Multi-hazard - ~ Statistical it
Integration Susceptibility Metrics sl
Map Validation
N v \ -

i Sl el ozl ) UL
Fig. 1: Suggested framework for this study

o
o0
o
Gilan .
Golestan ?\
bix
Mazandaran
o
Golestan, Mazandaran, 0.
and Gilan Provinces N
Elevation )
cva — | e}
(m)
5594 s °
o
0 46 92 184 276 368 =
-85 Km
49° 50° 51° 52 53° 54° 55° 56°

OIS 5 ohusske (o lindS slo bl iasllae 5550 ddlaie Y S

Fig. 2: Study area: Golestan, Mazandaran, and Gilan provinces

Ol cge (coalBl g (So3elsdnegss bl yd s haiile il o g ead plulid Ghialine abaii YA ELolT sla Kz )0 (rizeen
Slosiags ool o Ddlw 5 Giiome; 4 ddlate Comlas B YL as b sla oM 5 ddlaie jl aye ZeshS VWAVYY sgu>
(S Jelse | oS5 a5 wlsls plas el cul jo Gl 58 35 e Cameiin b oddy ool g oogdle VFL sls LB YL L
€985 50 Fpe Jelss (n e aboz (ool Ll g (BI5GBl mpe yieslhS B e Sgam 5 00g azgs LB liul
Sl 3l wiges plyiea [V wloads 1S (B5800ea; St a1 Gblie (B )0 Sin 3 €55 a5 s psboas il 18 ol b
aS el ools i 055k bl o 5l el asg> 4o b e Qg e Seblsy 5l ool Goes a5 dyoo Jlo yo e gile VY
Yol U lasgie slas b slapod5 50 adhaie 1 e i BB (A0 D701 el 65,5088 Blas slp (s sloc]



AA. AleSheikh et al.

Ol 3 s JT sl A

e GRS e Slazal 53 by Sl 3B b S e Gl
Lol asels g luly Coled 5o 5 )l wgm;y 5 Galuyd sloasl)d jo
I ws

O g Clwludl g ae s ial b (ol Jeles oogdle
ool Jdoay bool> 3l alold wsjls aliblxe 55,0 0 «2s5 hB
4 o WilgS go (i Jolad o Ssd g aiels 0 cgian glo by
DY YT 0gs (o3t ey Jlaiol Gl 5 ot sl rals
oalS o g tEle sl paslh lecay 50 b LS 5l alold
Sl fhe Aomey Cambis Rl g lge Ly Caaslie
5 S Liuloyd dhalsas balsss, 5l alols zen [NV VY]
KRR ENV Lg)b.il%lj 5o GoulS Jelee )‘l Gi; doassls S5
5 S Sosd o Sy [YY Y] 0gi o G
o oy 45 (6 jabody taiud e (ol 4o 00uS i Jeloe dlos
JrS bepll JBr (Saner Sl 5 cndidsd Sl L
2SSl p b b c,s Slabd a9z g o 258 g oST5
o 31 DY sas w1, SB  SlSagyane s, wilg o0 G
el g pale 4 Vb coles Jods s oS (S
5 235 GBSy Jdoa gy GlaSE g eldl Lylyl )0 Cuglie
Cowre bals g lubl caiSaxius Julge alex 3l (oLl
33 Ui ol 5o oo eslitul sla Sy sobes NV N Y] wigs

Oy (slo0liz, (glooolo

il sl oty glaslas 5l aal> ools SOl S ol
bl olad SasS|y ol bl Juolos ;5 soldS o2 baosls
el Ll o 53 [YVY V] S o L) Jaoe (sl juiie
0,99 o 3 odlog, slagtiiline) 9 w4 by Sl
Slesle sl ool @b 5l (FeYe B Yeer) dluceny
alie lojle yuizren 5 (GSI) HaiS  Jowe SLLLsST 5 cwlidpe)
oble isu ,0 oS sl olpl bS]l 5 b
bz g (INSARY (5,131, o I35 S5 5 (6550 0 L 45 !
Oy Sy B Cogndg )= Jiiiw slojlgale pgas Fye e 5l e
L oS ass cpl leo,S jeiile YoV- B YNF by o5b jo 1,
Gt (sl 0as ags o gl s e Ver e gl
Sib o IS yebas [VF] o5 15 adlas opl jo iy blis
el 00l 00,8 pgar 0 ¥ SE o legh ol (Sl

sloslayg, ools ol 3,15 lul 5 commen [NV wls 18
OSLe ol Bl sl e Yer g adio Vo 51 i (EM-DAT) (5l lasl
YoYP LYoo sladle om sloodlw 56 cov olasle sl
@ Oyles Yo e YV g (yaedee B 51 i legame g 0izd 5 18

A3 ly biwl ol
Sy (B3)irme YL Sty b bl aloa 1 5 (IS ol
ot s ola el b a5 wilesls yles cpatin ldlae [VA] 35
s e 5l S Sl alols 5 Lol )l (sl
2 ogde DAL st 3blie ol jo (bialcme) g58y oS J s
SE3 X YEL Y ol o EM-DAT 3155 elul ool
76 2o S il Gl 5180 e B e g gelee Ve 250
5 Oghee T ooga g i8S 18 L
el ddg> 5o, » YoYY Lo o a5 glaslllas b o))y ol
ol Colas JS 5l oo ,s TF sgam i alil (LS bl o liels

ol ol Yo i Ve

93,0 )18 e £989 4 o 0k j Yl Cole L adil )3 429>
3o Jolse npaddS Glyie 4 ailssg, 5l alols 5 el )l sla i
Dyal wloas slolis o blre ol 20 50

aw oS ams e ol dalise Slilllas ) Sgrge daled Egerme o
b 0 )bl iz (e )3 lojer Hobar H9aS Jled Gl
ol Sl g Db (Gl g (ol Jalge iiSpa g W)ls )3
3 oleea Gblie cnl wg,0lyl sl ooy Ll 1) sl
Spde S350, drmgs g (sloybleniny Slalllas sl p oy gl
g oo zrlae 4z LS,

s e sle T
Jelod o eaS JpuS belse e 5l (SIS sle il
e Sy lareay gl aig) oo Hled 4y (greb Sl bl ol
5 2LS Gidsy ik S5 (ool Lilpd 5,0 Ll
DIV A o ) lnasals sbgy o (oo i e oxbans Slilg, ol5ee
Slge y 35ly (S g9y et o ol ele plgieas 5 o
98y Jloixl 9 ,lubl Ll g 955 lade Liul8l L (slatels
Slazy jo Sy, 5505 g Sy p Glojed g Ssdige G0
Olen JrS Gusb 3l et ez [¥e Y] il 13856 ol
Sygoty (RLS s oS5 g S cagb, (8L, b
Szl uizmen VYV Y] 5l 25 baals 6l 5o puiinns é
b 3503 5o b obyr 21515 9 2 Ken oS e b (B8
S5 ebar el Jhe S eldl o ams o 5 Ol (Sassly

WJlie 0 [V Y] ses o in 6)luLL axis | Ken Sy



J. RS. GEOINF. RES. 4(1): 83-106, Winter & Spring 2026 AR)  IFB lay 5 lioj ) olais oF o o ilSo oSl 5 195 51 i (sl yirs s (ool dy it

Z (b) CoarseFragments
S Elevation (m)
Stope N, <taos M 5006 W a2
. 5594
<172 <8.53 <16.7 . <45 l -
0
<3.43 <13 218 . <90 -85

(d) ProfileCurvature
Aspect W Southeast (112.5 - 157.5) (©)
- B South (157.5 - 202.5) DistanceToRoads (m) 79.0358
B North (0-225) B Southwest (202.5 - 247.5) 35750.8

T West (247.5-292.5) -66.0065

B Northeast (22.5 - 67.5)
Northwest (292.5 - 337.5)

B East (67.5- 112.5) North (337.5 - 360) . 0
Nol -

(h)
BulkDensity

M s

91619
.o l 922502

@
PlanCurvature

* '\ >
® e o Th
DistanceToRivers (m) Silt
496139 | ) '
N .o o

(m)
DistanceToFaults (m)

111251
N
bl (F o5 ,0l JB (7 anls slgize (7 (Judgn slizs! (7 ool 5l alold (& cownd Cpa (& il jo Sladad (@ gl (G et (W i Shg anis ¥ S
l.aJMf )'| alols G ey 5193.7;.4 G Y 6‘5.27:.4 [ ‘lxaAJL}ag) )'| alols (o so)l')._
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Table 1: Evaluation metrics’ results

Hazard Model Data Adj. R? R2 RMSE AUC-ROC
Train 0.4793 0.4842 0.359 0.9004
SVR
Test 0.2711 0.2869 0.4219 0.8261
Flood
Train 0.6209 0.6244 0.3064 0.9339
SVR-TMGWO
Test 0.3175 0.3323 0.4083 0.8404
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Hazard Model Data Adj. R? R?2 RMSE AUC-ROC
Train 0.6849 0.6875 0.2794 0.959
SVR
Test 0.5571 0.5654 0.329 0.9282
Landslide
Train 0.65 0.6528 0.2945 0.9479
SVR-TMGWO
Test 0.5816 0.5894 0.3198 0.9329
Train 0.8211 0.8267 0.2082 0.9838
SVR
Test 0.694 0.7161 0.2663 0.9519
Land Subsidence
Train 0.8131 0.8119 0.2128 0.9812
SVR-TMGWO
Test 0.7267 0.7465 0.2517 0.9642

SVR-TMGWO b (g 3lwdigy 51 (s 0,blrs 12 (gl o ol L1)3 joolae oY Jgoo
Table 2: Hyperparameter values for each hazard after optimization with SVR-TMGWO

Hyperparameters Flood Landslide Land Subsidence
C 0.3056 44.883 0.4
Epsilon (g) 0.1 0.0928 0.1
Gamma (y) 1 0.0537 0.1989
Table 3: Selected features
L
Features Hazard Flood Landslide énd
Subsidence
Elevation v v v
Slope v
Slope Aspect
Distance to Rivers v v
Distance to Roads v v 4
Distance to Faults v v 4
Plan Curvature
Profile Curvature
Bulk Density
Coarse Fragments v 4
Clay Content v v 4
Sand Content 4
Silt Content v v 4
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