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Figure 1. Location of the study area
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Table 1. Lithological classes present in the study area
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Figure 2. Factors affecting flood susceptibility: a) altitude, b aspect, c) distance from river, d) drainage densit?/, e) land
use, f) lithology, g) plan curvature, h) profile curvature, 1) Slope, j) soil, k) stream power index, I) rainfall



VY ooyl Jlasl 4 4 3 Gedle (5150L sl 2L (2Lj))
00000 TI0000 0000 0000 TO0000 TI0000 0000 G000 |
9
= g
- &
~T -
& 2
=3 (-]
= 2
R @
o o
] &
Plan Curvature Profile Curvature
% Curvalure @2 Curvature
@2 Flat @€ Flat
2 ®% Convex s o€ Convex
2] *» Flood 0 5 10 20 Km S1 ® Flood 0 5 10 20 Km
2 + Non-flood e ¢+ Non-flood
300000 320000 340000 360000 300000 320000 340000 360000
JUUUIUU JL“U‘UU J‘“.“’IUU JVUU.UV 32m 3m
g g J
=y (4
-+ o
£ %
i L]
=3
: Slvope (precent) =1
21 205 E
gl coss “ 1Soil
6% 812 ) Rock Outcrops/Entisols
8% 12:20 ®€ Rock Outcrops/Inceptisols
o€ 20-30 2 % Aridisols
o8 >30 £ 10 Tnceptisols
e. Floed 10 Z| @ Flood 0 5 10  20Km
¥ {Non-flded [ O ¢+ Non-flood Lo o1l
300000 320000 340000 360000 300000 320000 340000 360000
|k 1
= =4
° o
3 >
S A
(=3 =)
>
21 4
Q &
| sp1 © | Anual Rainfall (mm)
Iligh : 5869 igh:3
(] igh : 586989 [ High : 350
| |
Low : -538307 & Low : 250
g g
<24 O‘
§ ® Flood 0 5 10 20 Km = | = Flood 0 5 10 20 Km
| 4 Non-flood NI I ™| ¢ Non-flood [ |
300000 320000 340000 360000 300000 320000 340000 360000

S (e olyl ()5 (B ciS; 11,5 (d i 5l aliold (C ccga (0 gl (B2 o ool 1 g0 Jolge adids =Y Lo ol
Continued Figure 2. Factors affecting flood susceptibility: a) altitude, b aspect, c) distance from river, d) draina%t)e

density, e) land use, f) lithology, g) plan curvature, h) p_roffihe curvature, i) Slope, j) soil, k) stream power index
rainfa

L ool s sl ol dlpiuiny (Solay JSis g,
oo N 8,5 s 0 b cs sl glacgomme I odlitsl
(Y,X),i=1,...n (v)
P8 Gl preas CE50 cpiir Sl (S5 gy o

5 35l S i oaly 1 oyl gy diged i o céle
sy ool okl oo 4 ci g cile p
& oyl g by jl eolatwl b a8 e o8 b (93959

Jiww Sl Al g cmaile (3531 (S0
(RF) (Bolai JSia Jse

wl cé 0 slagy) jl ode g5 S (olad K>
S90Sy 9 SIS lacs > | (pgsl Jold & ol
Sy calio S pal) LU sla 3y, 5l (S pimen 20L o
oaousl G4 gy S g dlwew (slodldy (gilw Jde
Ay el YU Slleg bg) opl oMSis ol
gl p bl il g Sllogs cpl Lials jolate 4y .l



Yo

o o Ol Sl @By Rl b ol &) 3> (miie
Jio Cumwlus sty lis ROC v S (0 Clnogs
Gy a4 &S bl claasly b b sl dopy 4 cud
s woypn bl ;0 wWlbad cuiin i lawy
bl polie cul icanl JS ) Cond 003 (s LU
2 e g Cute Slialide y ruoue pled 4 Cuws |y Juo
b Cawlus (VFA) &S o gl ouww)lael dges
(L o) Cavyd i b dlawr 0aiS ol
(oS 1 -Specificity M) Y S a8 b )5 !
) Colue 50wl OO glacuse o dae odimd lis
Er 9 X oy (1-Specificity) Qi coto &y ¢ g
d9d 0 03 Linles Y jeme 4> (SeNSitiVity) Ldds cote

( dal))
X =1-— Specificity =1— [TNTJIrVFP] )
Y = Sensitivity = TPT_NFN] ()

(VIF) B, (y (daseod (o) 22 (V9

ol 4 & cwl sy (Collinearity)  los oo
Explanatory ) Loy e S a8 a5k o undy
(Multiple Regression) «lEus e )5, ;o (Variable
Soge & ol (as dbal) (gl Sod i 2 L S L
2 Bpste )03 I (b S 5 pge |y o Glye &S
5 0dlaiwl 5y50 (glaygiSE o Jasten oS Jloj .8 S s
Mg pize ol Jdo Colpd bl audly 409 Jdo S
Gl e gy ey pile SIS e Gl 1
Jae 33 )50 sleysie 3l Jels (Response Variable)
oSy alps s yS3psly ibsly cnlply s 3
Gl b i g oSty Jos 5> 5 4l (i
&9y Syl Ers b i L'),{l LYY J@]? a‘/m.aa ©db;
(V) 55 amles s

Py lopite Coonl s sy Alisee slag oSl
(i) o o) Jl Ba nl 3 )3 S99 0y S
Caedl usi gy R G58le 5 > Biomod2 =55
Jhxe s o ysNl cpl 0 ol oud oolainl by gS
Coad ol puiiio 4y &S Gl el (6350501 pusas
2 lp able b 4 b WS plad (59) 5 29500 22
JLisl ¥ olg ggeome jl cusjlis g ol (oS50l asgome
Al 0 daly IS5 4 o5 G Gloie LS don
Db 0
Gini = 1-Y;p? (&)

P Jia sloyiio o aben U1 Jols ol

odal Cawsds CJL, wL»I » Ll odd odld ol ¥ Jede
d])b [ W) gb':.;‘_‘al J—Q-»-Mw LSL"’)'ﬁ”'"""‘ « »)fuc odalis
it VY ol il (05 555 s8) b s en

WA il g ke /Y oyless /gl Sl / i (8] sls g s 550

H @b N aladiges (a5pe Voo Jlto loic a) sk ol
L oolyon (gyby diges cadel slialin (glaosly acgeme
Sy 29 (655 Wgad Sl B (b3 Ngde oISl
Nl g Sl 4 g Sgded (S aigel oy jl pgu
e 9 e Sl ysie e (sl bodls ol ) d
Ligd o &i8)S a5 > (24 o odlitwl Uas (. ylb )4l
0303 (S C850 Sy @l Gy diged p2 (59) 2 e
plod o s ls o 3 cé g cdle aulp by ed o
s Sy, yeite M (5ols Spg0 4y Jio e M
MM Cons (oo )S) b (gl g oo bl b
M= VM | iy ety awdS el g ol pows S Ll
ol 00 dlgiudy
same CA 0 &y Cund sodly i plod el
@ (2ep S @99 5l lp sy Bl 4 g ol
Sl 295 s ol S Ske bl e Cund
e b 2gp (225 @ig 085 B Ly Ju
CA 0 o) D oo duwle Cuslad pac dioly 5 S s
clalie sl &5 o 039 4 Solay K> a5
ey S AL o8 T st iyt 305 b duaslie 1
Joe Slaslre imghs cpl 5 (F2) conl 26l)l8 o i
ol yuize a5 plool R J13dle 5 laes p> _dslas JSi>
09050 b (Gl 435 12 50 S s olass sima yLis aS) 0,5
GBM Je
lwgy (Gradient Boosting Machine) L, GBM
4 oemen Jao ol b (Byme Voo Jlo ek
(Multiple Additive Regression MART (slapl
GBRT (Gradient Boosted Regression 5 Trees)
Oley o o 1y olis g Jae opl e o aidlis 5 Trees)
Slaled susal 4 Lis Co gy ja &S gsb 4 o)l o
L o550 (el S o S8 (LB el (S50 4 bogaye
2 sl & 2950 LT el S5 Sy Gijsel
o P98 om0l b plp 0y So halis 5l S
il ganaib o 1) Shwlie jg (Jsl <55 (abj)
Salia & 1) e (g 5 medie ORI 1) Cunl S
ped iy cplply wcwl peol) Wl ganaib oS pupd o
Caol pl 8 cpl 5l Bum A8 o Ay (S5 sboodly oyl y
s o plS See 1) Jol S8 G &
e €80 S5 908 b |y pod 8 gandib
Ol e oo odlol o Mol slasslojl s yius sy
B)SS 5l pastie S gl 29800 SIS ) )
Aoy 4 & Slalie ganaib p cam gbesy
S o oS Lo 4y Wlodts (guaid g3 4 (LB G5
(V)
ROC  soxio b Jao (b))
b sy (ROC) (s >Skes st jiwie
oy Jel g bl pllis cuis Jhls ¢y
Sl pias (2Ll oy Ay @ 1) plase b



\rg

4 ol aslllas 550 ddlais

i slad Jlaisl aid ags 3 (dle 6500 e 2L U5

) J.:w w»l.uo d)‘.wJ.xo u.@? 04w d‘l.wl.w: LMM

St slopite > A s o Ul gl -V Jou>

Table 1. Results of multi-collinearity analysis in independent variables
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Figure 4. Flood susceptibility map of Komijan watershed by RF model
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Figure 5. Flood susceptibility map of Komijan watershed by GBM model
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Table 3. Flood susceptibility classes of RF and GBM models
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Abstract

Flood is one of the most devastating natural disasters that annually causes financial and life
losses. Therefore, developing a susceptibility map for flood management and reducing its
harmful effects is essential. The present study was conducted to prepare a flood susceptibility
map using data mining models including Random Forest (RF) and Gradient Boosting Machine
(GBM). At first, 275 flooding locations flood and 275 non-flood locations were identified in the
Komijan watershed of Markazi province. Spatial locations were randomly divided to 70% (190
location) and 30% (82 location) for modeling and validation, respectively. Then, 12 factors
affecting the occurrence of flood including slope, aspect, altitude, rainfall, land use, distance
from river, drainage density, plan curvature, profile curvature, lithology, soil and stream power
index were determined. The ROC curve was used to evaluate the models used. The results
showed that in the validation stage, the under curve for RF and GBM models was 0.83 and
0.75%, respectively, which indicates that the RF model is more accurate in producing a flood
susceptibility map. The most important factors affecting the flood are rainfall, distance from
river and altitude.
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