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Flood susceptibility mapping is one of the most effective approaches for flood risk
management and reducing damages caused by flood events. The present study aimed to
evaluate and compare the performance of the CNN-sim and GMDH models integrated with
the Fuzzy-Weight of Evidence (Fuzzy-WofE) approach for flood susceptibility mapping in the
Gorganrud watershed. Fourteen environmental factors, including elevation, rainfall, slope,
lithology, land use, soil texture, drainage density, distance from rivers, distance from roads,
curvature, Topographic Wetness Index (TWI), Stream Power Index (SPI), Normalized
Difference Vegetation Index (NDVI), and Normalized Difference Moisture Index (NDMI),
were used as conditioning variables. The Weight of Evidence (WofE) method was employed
to determine the initial weights of the factors, and the resulting values were normalized using
the Min—Max fuzzy membership function. The weighted variables were then used as inputs
for the CNN-sim and GMDH models. The results indicated that elevation, rainfall, and SPI
were the most influential factors in flood occurrence, with fuzzy weights of 1.000, 0.8793,
and 0.8546, respectively, while soil texture had no significant contribution to flood
susceptibility prediction. Model evaluation demonstrated that the CNN-sim model
outperformed the GMDH model across all performance metrics. The CNN-sim model
achieved an AUC of 0.9274, accuracy of 0.8448, precision of 0.8387, recall of 0.8667, and
Fl-score of 0.8525, whereas the GMDH model yielded an AUC of 0.8476 and accuracy of
0.6207. Analysis of the flood susceptibility map generated by CNN-sim showed that 51.66%
of historical flood locations were situated within the very high susceptibility class and 21.67%
within the high susceptibility class, confirming the strong predictive capability of the
model.Overall, the findings demonstrate that integrating the Fuzzy-WofE approach with deep
learning techniques significantly enhances flood susceptibility prediction accuracy. The CNN-
sim model can therefore be considered a reliable and efficient tool for flood risk assessment,
watershed management, and spatial planning in flood-prone regions.
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Introduction

Floods are among the most frequent and destructive natural hazards worldwide, causing extensive economic
losses, environmental degradation, and threats to human life. In recent decades, the combined effects of climate
change, land-use alteration, rapid urbanization, and increasing rainfall extremes have intensified flood
occurrence and expanded vulnerable areas. Consequently, accurate identification of flood-prone regions has
become a fundamental requirement for sustainable watershed management, disaster-risk reduction, and spatial
planning. Flood susceptibility mapping is recognized as an effective non-structural approach for identifying
areas exposed to flooding and supporting decision-makers in prioritizing mitigation strategies. Traditional
methods for flood susceptibility assessment, including hydrological and hydraulic models, often require
extensive field measurements, dense monitoring networks, and substantial computational resources, which may
not be available in many watersheds. As a result, data-driven and machine-learning approaches have
increasingly been employed to improve prediction accuracy and overcome data limitations.

Recent studies have demonstrated the effectiveness of artificial intelligence and deep learning techniques in
flood-related applications. Rahmati et al. (2016), Arabameri et al. (2019), Ali et al. (2020), Azareh et al. (2021),
Rahman et al. (2023), and Yaseen (2024) highlighted the importance of integrating geospatial data and
advanced modeling techniques for reliable flood susceptibility mapping. Likewise, Rizalihadi et al. (2026)
successfully combined GIS, fuzzy AHP, and fuzzy TOPSIS methods to delineate flood-prone zones in
Indonesia, achieving an AUC value of 0.921. More recently, Sibandze et al. (2025) demonstrated the capability
of convolutional neural networks (CNNSs) integrated with remote sensing data to accurately identify flood-
prone areas in South Africa, achieving a prediction accuracy of 0.988. Furthermore, reviews conducted by
Zhao et al. (2024) emphasized that deep learning models, particularly CNN-based architectures, have superior
capabilities for extracting nonlinear spatial patterns from environmental datasets and are increasingly used in
hydrological forecasting and flood prediction.

Despite these advances, comparative studies evaluating the performance of deep learning models and
polynomial neural-network approaches under fuzzy-weighted environmental conditions remain limited,
particularly in northern Iran. Therefore, the present study aims to evaluate and compare the performance of
Convolutional Neural Network Simulation (CNN-sim) and Group Method of Data Handling (GMDH) models
in flood susceptibility mapping of the Karganroud Watershed, Talesh, Iran. To improve the representation of
environmental factors, the Weight of Evidence (WofE) method was integrated with Min—-Max fuzzy
standardization. The resulting weighted factors were then used as inputs for the CNN-sim and GMDH models.
The study seeks to identify the most influential flood-conditioning factors and determine the most reliable
model for flood susceptibility assessment in the region.

Method

The study was conducted in the Karganroud Watershed located in Talesh County, northern Iran. The
watershed experiences frequent flooding due to its complex topography, intense rainfall events, and diverse
land-use characteristics. Fourteen flood-conditioning factors were selected based on previous studies and data
availability, including elevation, rainfall, slope, lithology, land use, soil texture, drainage density, distance
from rivers, distance from roads, Topographic Wetness Index (TWI), Stream Power Index (SPI), curvature,
NDVI, and NDMI.

Initially, the Weight of Evidence (WofE) model was applied to determine the statistical relationship between
historical flood locations and environmental variables. The obtained weights were subsequently standardized
using the Min—Max fuzzy membership function to generate fuzzy weights ranging from 0 to 1. This procedure
enhanced the comparability of variables and minimized the influence of scale differences among datasets.
The fuzzy-weighted variables were then used as inputs for two predictive models: CNN-sim and GMDH. The
CNN-sim model was employed due to its ability to automatically extract spatial features and identify complex
nonlinear relationships among environmental variables. The GMDH model was selected because of its proven
capability in environmental prediction and hydrological modeling. Historical flood occurrence points were
divided into training and testing datasets. Model performance was evaluated using Accuracy, Precision, Recall,
F1-Score, Area Under the Receiver Operating Characteristic Curve (AUC), and confusion matrix analysis.
Finally, the best-performing model was used to generate a flood susceptibility map. The resulting map was
classified into five susceptibility classes: very low, low, moderate, high, and very high flood risk. The
predictive reliability of the susceptibility map was assessed using independent flood inventory data and spatial
validation techniques.

Results

The fuzzy-weighted WofE analysis revealed considerable differences in the influence of environmental
variables on flood occurrence. Elevation received the highest fuzzy weight (1.000), indicating that topographic
conditions play the most significant role in controlling flood distribution within the watershed. Rainfall
(0.8793) and Stream Power Index (SPI) (0.8546) ranked second and third, respectively, highlighting the



importance of hydrological and climatic factors. NDVI, NDMI, slope, distance from roads, and TWI also
showed substantial contributions to flood occurrence. In contrast, soil texture received a fuzzy weight of zero,
indicating negligible predictive value and automatic exclusion from subsequent analyses.

Performance evaluation demonstrated a clear superiority of the CNN-sim model over the GMDH model. CNN-
sim achieved an Accuracy of 0.8448, Precision of 0.8387, Recall of 0.8667, F1-Score of 0.8525, and AUC of
0.9274. In comparison, GMDH produced an Accuracy of 0.6207, Precision of 0.5833, Recall of 0.9333, F1-
Score of 0.7179, and AUC of 0.8476. Although GMDH exhibited high sensitivity, its low precision indicated
a substantial number of false-positive predictions. The confusion matrix further confirmed these findings,
showing that CNN-sim produced a more balanced classification between flooded and non-flooded areas.
Analysis of the ROC curves revealed that the CNN-sim curve consistently remained above that of GMDH
across all decision thresholds, indicating superior discrimination capability. The AUC value of 0.9274 suggests
excellent predictive performance and strong generalization ability. These results are consistent with previous
studies demonstrating the superiority of CNN-based approaches for flood susceptibility assessment.

The final flood susceptibility map generated by CNN-sim showed that 51.66% of historical flood points were
located within the very high-risk class, while 21.67% occurred in the high-risk class. Only 3.33% and 6.67%
of flood points were located in very low and low-risk zones, respectively. This distribution confirms the strong
predictive capability of the model and demonstrates that the generated susceptibility map successfully
identified areas vulnerable to flooding.

Conclusions

This study assessed the applicability of CNN-sim and GMDH models for flood susceptibility mapping in the
Karganroud Watershed using a fuzzy-weighted WofE framework. The results demonstrated that elevation,
rainfall, and Stream Power Index are the most influential factors controlling flood occurrence in the study
area. The fuzzy weighting approach effectively improved variable representation and automatically
eliminated non-informative factors such as soil texture.

Comparative analysis showed that CNN-sim significantly outperformed GMDH in all major evaluation
metrics, achieving an AUC value of 0.9274 and an accuracy of 0.8448. The superior performance of CNN-sim
can be attributed to its capability to capture complex nonlinear relationships and spatial patterns among flood-
conditioning factors. The resulting flood susceptibility map successfully identified high-risk zones and
demonstrated strong agreement with historical flood records.

Funding
There is no funding support.

Authors’ Contribution
The share of the first and second author is 50% and the share of the third and seventh author is 50%.

Conflict of Interest
Author declared no conflict of interest.

Acknowledgments
We are grateful to all the scientific consultants of this paper.

References

1. Riche, A., Drias, A., Guermoui, M., Gherib, T., Boulmaiz, T., Souissi, B., & Melgani, F. (2024). A novel
hybrid deep-learning approach for flood-susceptibility mapping. Remote Sensing, 16(19), 3673.
https://doi.org/10.3390/rs16193673

2. Rizalihadi, M., Yulianur, A., Away, Y., & Meilianda, E. (2024). Flood susceptibility mapping using GIS
based on fuzzy AHP method in Keureuto River Basin, Aceh. In Proceedings of the 4th International
Conference of Science and Information Technology in Smart Administration (ICSINTESA) (pp. 765-760).
IEEE.https://ieeexplore.ieee.org/abstract/document/10747983/

3. Rizalihadi, M., Yulianur, A., Away, Y., & Meilianda, E. (2026). GIS based hybrid multi criteria decision
making on the fuzzy environment to delineate flood susceptibility region in kr. keureuto catchment area,
North Aceh. Results in Engineering, 109064. https://doi.org/10.1016/j.rineng.2026.109064



https://doi.org/10.3390/rs16193673
https://ieeexplore.ieee.org/abstract/document/10747983/
https://doi.org/10.1016/j.rineng.2026.109064

OS5 5 Jgh st 58 ol foli € )l sie —allia () s

Ll & s

Journal Homepage: https://mag.iga.ir

TYAY-YA45 : Sg Sl L

VE¥ AP 5)led Y¥o 00

Ly Vs b (5538t 5> GMDH 5 CNN 308 (553l (s te dunlio 3 (ot

(QWU ;5 59535 5 adgs 163,90 anlllan) (5518 (230359 3,509,

# gVl yo 1 Slion (cond] 2l S

Email: Leyla.ebrahimi@iauc.ac.ir ;l,! Luglls ¢ oMl o131 olRisls ( yoglls aslg cLdl s 09,5 JLabisl.)

Email:m.ilanloo6101@iau.ir (Jgiuwe odiuss) oyl ysl ¢ jpatinlo ¢ oMol ol olRils ¢ jputianle dnlg sl s 09,5 ¢ Luisls.Y

2SS

OleWb)
Jls

sk gl 4 (slod S Clilud Al o &8 Conl (b Cliblke (i ySe g o iekes S (S M
3 e NS ioMw Itno d.‘ol.uo Suddy g L!’L“’L"“’ J.SLSA .))‘5 LE’L‘“"] dL&aoK’I)?fw) 9 mel.w);)
58 anlsd ()5 ey el Sl odlizal L 39555 ol adgn )> Vs Coslus sy 9 silo e
$oe Jole V¥ cjshaio oy .Cawl GMDH 4 CNN-SIM 3r0s (5,550 (slais )65l o(Fuzzy-WofE)
Ol padls (TWI) 818 a5 Cugby (adls ( iSaj o515 cilidg) 5l abold ¢ il s glas)| Jolis
(599 odls jl dlols diswl « (NDMI)cugh, asls « (NDVI) ol by (asls « (SP1)aal ]
g alsd ()jg by @ gl slagy amlome Sl SIS oy 0y90 ST L g LS )
GMDH 3 CNN-sim sla Jio (63559 lgicas SleMbl caa¥ «Min-Max g, b odls (gl g
9 /AVAY (59 b iyl o) (636 5o b glas)l asaly lis Jelse y3s Julos puls a8 ,8 )48 eolatwl 5)ge
oS Jb o i ailate 1> M £585 1 50 Jelss e AOYF (s b anl] s jasls
CNN-sim Jae a5 sl ol by Jae 3,8des b)) s Gl (g5l Jde 4018 5l jao (o6 059 L S
YVEY g «Sbylas  L3» WS 13 5oyl o bl jl 0o pd AV/EF oS sl L CNN-sim o
PRSNG| WRIPPI T KESRS INWESUR 4 74 o g PRESIUWC OV PV U JE R S NS W (L I W
M dxtnn 3blie ololid > Jao YL g Sly a5 Wlosds 38 0i0 SUjlad L5 5 SUlas adb
83,559y Olgieds Mg o CNN-SIM 2 oSl b Fuzzy-WOTE g, 3.8« jidoh guls (bl p.cul
rolio (slise g 3,5 1,8 odlital 3)90 3ol sloas e 5> s Comslus il Sy 3:55 5 2L,

il @818 @y jlidn sballs drwgi g hlud (il Mow g pdo iytelp Sl

HEYHIPRW LS
R
(3B nlsd 5
sl as
29,8

e

shngi e

edl &0
18Nk &b
oy &,

LSl & ,U

K o)

ol @Bl ool 1580



https://mag.iga.ir/
https://mag.iga.ir/issue_49751_49796.html
https://orcid.org/0000-0003-0150-1731
https://orcid.org/0000-0001-7571-8808

GMDH 5 CNN x84 e 4l g b5

o

LVRUTY
csdlazBl alal jo 1) (glod yind Cljlud AVl &S Cwl e b bl 5o g 5818 51 (SO oMew
S5 e Sl ] s b i 3 0232y (2] 45 o o i gl sl anaons seles!
o Olgiedr gycnljl md o 48 3l B 1y (5 pgmmy Cumen g B (sybn 48y (Slgl (LEBLEST g o)) dlen
Ahmed et al., ¢ de Brito & Evers, 2016: 1019) d4u5 o0 a3l jluly drwgi g (Jaore Copie o jills oy ipte
a5 dn e gyt dngs 3 Syl Gl ol Sy o a3 e o Moy (sla S (2023: 1192
s Gl e Gl ) i 2 1y ol sa3iS, S5 5 Sl sS) lS e 5 S by
siblS g OMew Hlas Co pie s > ( Rizalihadi et al., 2026: 4¢ Yaseen, 2024: 2¢Rahman et al., 2023: 3 )l

ol 03 205 oo (S520000 0 slaaglyl n s ) S 4 Sl (slaolBgSs (6 dy

sSenn Gl 5 a5 Bl (o) slaoly DSyt 5 ) (o3 e SLL 1 g3 b
259 5 Came (4ol O 2 lpe ¢ eloia] Coial ialS (oalatdl glaclad )o JHB] yzean gl b mabn yed (slasolyy
Sun et al., ¢ Talukdar et al., 2021: 394¢Alvarado-Aguilar et al., 2012: 1305) 5,5 ol yor & 3 1) Lanb (slapiunsS]
(Siestaliye g i ol Lol xSy 2 IS i o s ot (5103Se39 15 (spe 4 2022 6841
(YA YRR 0y 5 b)) 48T Sy b)) o (siee

5 2 s ) Lol gSun drwgi (LS Gl @l yo (srogSaid) 392y ¢ souldl £55 > & 55 oLl
T5+ VR ool 5 155) 3980 opmine e bl (yinge | St Do Bl 68 09,58 S
M £585 (WY DT (GBM] 5 asplyl D YD ()San 5 o3ljisir NFA AR (o] Ko g paie Lo,
Fho Copde g At 0,bbre cpl JolS" JyuS 4y 08 Sl (glojle cloldl aS” cunl odly flis i) gladnd 3 03 ps
5 ly TYF AV e 5 (2 Matl) Cunl ol g8y 2 S olge g skt dxtns 3blie i8> Ol Alojls M
(OVYE 40 ) Kon 5 gl AF FF (Ko 5 odlyl 918 FY ] Kon

O sl )l DM Sl 5 jlad (i oAl dnd (Mo jlad o pate lall (e S S
Sl chlud ol g b glis | cblis dacdlupj aawg ol Copde (ool Gl @hytaln ¥ ot
e Mo (gduding. (Ahmed et al., 2023: 11922¢ Arabameri et al., 2019: 449¢ Rahmati et al., 2016: 1005) 1,1
5 el i i 55 8 oMl gy 2 3 o) > 5 ] e Jel | sl gaen o

Bl it 5 el oS 5 LS iy S 55 s i, 5] ol i) o515 e it
( Yaseen, 2024: 5¢ Rahman et al., 2023: 6¢ Saravanan et al., 2022: 15258) L9, oo jloud & OMow (505 S > S50

e godld o g la g ezl sl (el ¢yg0 3l iowiw (659L3 5 (GIS) (oLl e cleMbl cladilobw drwgi b
2 eolwl i S leMbl (laolSl 5 (sloylsale yglas (olis)l o8, (slaodls 030l .l ous wal B (¢ i <y b
ol -( Vojtek et al., 2021: 582¢ Yousofi Roshan, 1401: 171¢ BIG, 2018) 1S’ o o] oMuw jlad 45,1 @llas
L iy S 258y 5 ipn Jel olon e Ly o 5 e SO (sl g ol Lo gk

Oy (g b guding Gllllas > (MCDM) o)lsodis (655 paeua (o g 5l odliiwl (sl claand )
5y ¢ Jasre dusie Joloe ylojen Juloo g calisee (slajlixe 5ual5 0 LUley s & b gy ol ol bl (g puKauis
g byl (23059 ST 0323, 3y 31 (Ko (AHP) (gl o alkis Jelos sl gy ol oo 51 (1021
Ekmekcioglu et al., 2021: Y2V \YQ. (Ko ¢ SleiB) Cunl 03,8 &l sgllae ol calisee Slalllas )5 a5 24 o
(621

pis 35y e Clllas > (ol clagille I (o 0)bmotia (S mmonal SeMS sba by sblze 2929 L
Mo £585 2 are Jalge 3l g ditns (a8 slajye glyls s slaonsy 1 ()b sl laodls 3 plagl 5 copelad



GMDH 3 CNN (g 5830 st dulia 5 b5

T Cushad pae (Glure sl caslio (63,505 Gl (5 Blate ((Jailpd (pin )3 S (o et (PN g0t
g &S o plyd |y oo bylys galiogdly ol Kl (6518 cogac mlg il edlatul (Azareh et al., 2021: 2350)o.
Rizalihadi et ¢ Kanani-Sadat et al., 2019: 23:Bouamrane et al., 2020: 5 ) dgu o0 (gdoding guld ¢8> Lol Coge
(al., 2024: 762

3fes Wlgige o)lmediz (pSprenl ST L B Glagty) <8y oS wleals Gl (eaasie slasinggy
ool 5 adl yials lasxe (slaodly )3 39350 Cuxlad pac (a3, S, cpl 43 iy dep |y OMaw Jlas LL5,l sla Jae
Ekmekcioglu etal., 2021:45 tAzareh etal., 2021: 2358) 395 oo pl 3 O £989 1 550 Jolos oo Laslgy yipy Julow
S o Kimgh 03 S a5 350 il sla Sl ;5 (58 oS 5 sla byl edlitul ¢ JJ> eed 4. (Gohil et al., 2024: 8

(Beos S350k g bl 653l (B ghan Jign 0jg> ) 3l (Sl o)lmedin (6 pSemeal slagby) 2 0gde
e sl (o a5 o35 Loy 5,98 i ) sl 03508 el S bl Sl 31, (520 (sl sd
Ali et al., 2020: 10; Khoshkonesh et al., ) A" zlyscol oYU 8o b1y OMaw £589 oy (sl 5 00,8 lwlis |,
Uiy b 53 Ce o 4y O Jlad gadiny Slalllas (o Miodier (slapi oSl 5l odlaiwl ¢ > (pen 4. (2024: 175861
S o S gl el 3 Vb QU5 Jds 4 (CNN) (3glgils’ cvae ladSd Bras 5353k slagsby) Oles p ol
5,96 o Jiw () 350 ogine (e (chaesls bl 5 o3l 3,50 (ol i 95850 J sodmes shasSl S5k 5
Mia et ) sisled s ssmobio 83 b 1) ot dntus 3blio g 03,8 lwlid caliseo zobaws 55 1y loyite oo _solsd Ll
(.al,2023:6

(oras GBSl p (e o3 lojludgd w)oSl Sy plgisas 55 (GMDH) ol (Sjlay (29,5 (g Jilde >
FB mls (Sofslayie cilisee Gldlas )3 931 S50 (sbajeate )B355 QLI g odomy baly) (ilode )5 2L Ul
(Dodangeh et al., 2020: 7).l 03,5 &)l Jou8

b Jse ol g o)l 1) 0 Slas op e ol Bble ol )0 (galy v )Xl gun a5 > o LS jual Slalllas
«plylo (Mangkhasium etal., 2024: 12) Cowl dtunly 3oyl as9> cla S99 b yuiio g5 clmodld i ¢ Jawsxo byl yis 4
gmime O st (caidiny Sllllas Sl S wlite il ladse > dilize (o i dlis 5 2b5))
$S25998y90955 S S 39 il g of lio Co o b ladye Slallla 505 (g 1A N F b g Slorls) 35500
oor > (FUOFF) ohlSan g jgpm W3S 48T (Sfgdgyan lblbe (8 USh ) oo Jolse (8 5 g
Ui tanwsST (¢ il als )3 1) Of mlie b o e Cuenl duog)l asb > asgs ol plio co e cla il
Pl Sbiee) 9 (Rigdedrse sl SRy B (W IYAR) gLl g (WA AF-Y) edljale g pade (95 (iman 31>
lo3ls )15 48T 3)00 (So5glsynn slasil b g Jaswe Y g0

0)lzodin (6 S wueuad gy 93 340l g (GIS) (oldl s SleMbl dilols | (580 pe b (Y+VF) ), Sen g Rizalihadi
3 Mo Gl (saipy 4 (FTOPSIS) a5 (558 SiSS g (FAHP) (g3 otk Julos a5l )3 Jolis (56
059 b ol @ess < IVYY e b Loyl a8 ol lis gl sl (o5l asl liwl )3 (Keureuto) 55,8 3ol adgs
Fee 1AV 0jg b (o8Se) oS15 5 INY (jg b (ST Cusby padls /NI (59 b aldg) 5l alols /1Y
265 535 s 5 35 b ik > adgn Corluan | oy TA 3315 (et A oo 58 1 e g
i 3 Jve 6V jluws cds S0l &S ol las 1y +/AYY Hlade ROC doxie o pdaw el jledlatol b Jde o))
(CNN) ibglglS mas aSud g 590 5 Liomiuw sboodly 55 b (VYD) Keng Sibandze .cuwl oM dsiuune 3blis
S o Gl gl sl g i Bl )3 Bl i Oy ol b 3 ol epdyls g OVl g5 Jlenl ) 4
Orizan 1> s £589 Jlainl 21y 58T it 6l55) g HAND (a3l e 0329 < SoSolgyten 5 (315 9055 Joloe
Canslgs «[AM B> g o+ oY Bllas (gllad . Sle b g ol &3] 5.8 Juw bl i 53 (osllae Hluww 5,Shee CNN o



GMDH 5 CNN x84 e 4l g b5

V5 3g a8 o olis 5 yhas b))l ol S S8 oY lueb] bl b 1) oM 36 5l 255 ¢ b cou bl
W) )18 O i ylad (15 1m0 53 ddlaio (glayleidle do )0 VY 5 Cures duopd

Cilies 5y 0l S 1> Gras 550k (g8 Slade dunliio 5 ()l & Jb lizpen 032 slatmgdy 929 b
23059 s iey cuS 4 dad o s sl Cldles (Tlanloo, 2011:34) g 0 (wlass! 55065 Jaee baylyds b
WS S8 M dians bl 15380 oLl 4y g Aise dgupo 1y (gidiny €8 Wlgi o Buos (6 p50L o Jio b (g5
» S5 (230j9 2509 L GMDH 5 CNN (sl Jue 3)Slos duolie 4 (lojon jobas & laddllae (58T o Jl> 0l L
NG P NWAIP L) PR PSS VIR PRV LS GPVESEN

Fuzzy-) (s} Jalsd (jjg (by Gail b pimgs cpl st ol drgs b ad> cpdiz 3 pols Limgh ol

g 5 )l Otass Sy Gheg cal 0 4B 000 Jolite (5)LT (sla by b AHP ylas (md 5y St slagig) )
cnl sl oad o3l (wlid)lS gl a4y (Sianly (19 9yl b9y o plgisas (556 Wl (g g, 5l 29555
5 85 al3l carge 4ot )3 g 03,8 ol |) SIS (glapite Bl ISl (sle y 15T (e 058 e e 3,50,
o ogliie SolS (gla )il L s 5553k Jho 93 (lojd dumlis 3> sl 3 il plisebl culls
ol 48,55 )08y )90 295 )8 Abes D 4eiS U A e ade ] M Jlad suidipy ;5 GMDH ¢ CNN-sim
N odomy 5 (Sledlade sla Shy gl QU5 ordgjluand GBdl nas &b S lieas CNN-sim Jao
s s balgy &S ol lalos iz wles p e 03 jlojludgd 556NN S GMDH . Jus o5° Jbs o o)l 1) SlSe (sbeosl
Ay gl oSles gol (b)) oSl 0,59 99 ol duglie S o (giloao 5 plolid 5355 g0 |) o yite e
Fuzzy- y e (o5 5 o)l Ko bl pol Ghagh (mioman djlo oo wol )3 e Cull g (it Ol b Hlaie
A o B yme Ow yhad cabaigy (¢l el )8 (63,9, CNN-sim ¢ WofE
et J) S B Gl pped 9 S Gl 8 1 29,558 T e (tmedy Aty 9 o)l Sho el
(Olgld sl (I ogSad; o (gladisly 3 dsgs ol (658 g0 Jladh )3 Sl s il glodsy
(2l Gl Sl g (2w lacids ) Sluil claolRigSin dung (iS4l (YL @515 5 liwd slacd
B Sl a9 ol 5 dste gl god el bl 3 Casl 03,8 pilyp s g8y (sl |y Lomolio Laply
Bblie (lolid coycnlil sl 0,8 3)ly (b @lie 5 (S9Sume 3blio (bl lacdloy; (s5)laS (LS & (w>y
P Jenl chlusd oS g g hyaeby ole Copde @l OMow aaing 38> sbadd ans 9 YL s )b
Geos 53k sl Jie 3 )Slas dunlio 5 L)l (ol Bun b p5le (ingh 39 o0 Cguire LIS ()90 adlate oyl
plxil 3955 ,S" 5 pl abes CMuw ylad calaigy )0 (Fuzzy-WofE) (o518 2359 5,59, » swe GMDH gCNN-sim

axdlas 390 dthaio Cudgo

29 G e e 0dgae )3 a5 sl S il ©jf ol Glaases o are I (S 295558 il A
g 00d @l 0y > LB Sl sS Sleld)l g 5p8 )3 )33 by om adgs pl 3yl LB W egSaid) Jlad (slaasels
Ot Oy 4 39,555 B0y, 39y 0 Jlad 4,35 Gbpd g Jolaw wre slaase I (S (SKidlg)ane sl )l
2 esliSly 5 gle ¢ lnsS 3o ) g ) g 485 dadiz o (U 0 SlnsS Slelis) Sl asss oyl <l
Sy s by 4 ol



GMDH 5 CNN Gree s 830 slada daslia g 2355

o 48°35'0"E 48°42'0"E 48°49'0"E 48°56'0"E

39 35S 3 5T adg>

38°0'0"N
38°0'0"N

37°48'0"N 37°53'30"N 37°59'0"N

4 " Kilometers
“ 0 10 20

37°48'0"N 37°53'30"N 37°59'0"N

--------------------------------------------

iy ETER 48°35'0"E 48°42'0"E 48°49'0"E 48°56'0"E
49°0'0"E  50°0'0"E

38°0'0"N 39°0'0"N
38°0'0"N

37°0'0"N
37°0'0"N

Kilometers
0 40
1 ——

49°0'0"E  50°0'0"E

36°0'0"N

36°0'0"N

WS b poe g 2! 53 andllas 390 dllaio Coprdge .Y S

DS o w1y U b s 5l (lodas (5w g 0ad 3y9l 5 @ise yieghS FAS/DD dgd> 395158 5 ol Adgs Colune
el 5 bl (6ysre2 (650 DIl 4y 0t g lad ades 4 gt jlaslalliol ol does 4 Jlad jlases ol
29 SISl iy y oS Cal (LB) jpttin o ddg ol dmer 55 po D9 00 d9axe 535 Sbyd 4 (535 g Jed)
3ol el &S S a ol asg BB elas)) WS )y adgs (8L ge5 Jas i1l )5 59,55 S ailingy i yglne
Bl ) A5 glaced g2 S ooy (8 SlelB)) 3 po Yoo 5l Gl U By slaisu 3 555 by aw
89 Sl (oo bl ol (baailedg, jae 53 Cllg) 55505 5 (lold lagyl eSTite (piS) aSud  SliwnsS
Gl & olgee o Gl Jl g 2 8 b Cleli)) g 55 by Wb cod dilaie wlll Cusl 03,8 palE Mo
5,5 o)Ll EdoobisS 105 sla il £33 5 YU Cagb) ol Taws YL
s g (solS 51 e 4lnin (o) 9515 S Adgn ols (Koot 5 (ool (S a4 s |
25 o dmanlyl 5 Qllyy s 3 505 e Sl d92g 95 0 g s Jlad 13 (S5glg)am Sl bl



GMDH 5 CNN x84 e 4l g b5

G55 el g g s Ao Gblie lolid gy dilidg) s b 3 ] (lCllad dnwgd 5 lndield
U cunl oad QL) (ingy ol aalllas 390 dilaio lgic 4 395, adg> agycnl Sl cunl 03,8 plaizga ) jlad sunangy
390 o > Mo jlad 18Ty (668N (53 (23059 3,509, 9 GMDH 3 CNN Gros (6,:53L slaue 5l (s Sope b

OV hleny e)S 21)055 515 Jobos 5 b))

FOMR93 099

35 ol 53 el e il Je e (Mot o gy 5 3] 5 528 i L 3] S5l ey
&35 sl Jue 5 (Fuzzy-WOTE) 556 (359 amlss a9 (368l 51 9 35,5l adg ) Ml jlas (suindig pglaieny
sl pxio (230459 dodly (gilwoslel g aws : Juol dls e Hlon Jold s A8 .0 eolaw] GMDH ¢ CNN (ues
5 s s log 4t 85 5 oS 3,5kes bl 5 o (55 (slo Jae (sl FUZZY-WOPE g, s s

S Shy g omtn Slllae polal 0ad ard g lulid OMew £989 2 Fhe Jare lojiie (Cunss dlspo
(S35 (bl oS oS5 g, Sl alold o (Sl s i e 5y Jold 5o Jole 10 caio s
slaalpl g jasls  (TWI) S5 a5 cosby (asli « (NDVI) alS e oxdloy Juols jasls « wsl)) (o8
sy Jols 31,5605 slaas¥ ads Sl eols jl alols o (NDMI) cogbsy 0ads Jlo s Juolas as s « S cdl SPI)
oL 5l ondzl ymeiwl o Ve SIS K885 )8 L (DEM) £yl 098, Jdo ISP g TWI ¢ pao (slizul e Cps e
s Euclidean Distance |3l jl oolaiol b aildg, jl alold &Y .005,5 4y (USGS) sasio V! bl o) ylojlus 00l
A Al olblyzs SleMbl dilolw oo )3 DEM 1 ondsg! sl dnlpl aSs j il o515

A Sion S by by il b g 5yslemr dilate ulidlpn (SlaolSig] glaodls el Y 4 (sl
S cdl ool 5 )5S pwlidnn) Glojlo (wlidine) add jl $iglgnd CleMbl 3,5 Wy (1)l Sl mjgs
odlizwl L NDMI g NDVI (gla 23l o ol (60,18 adds cpiomeds b (g3l 058 ¢ gl ySciwl ol pl S soly oKL
W35 dpd (6l 5 wdin Slusual Jlosl Gl s 9 VFY 9 WA sl Jlw 4 bgsyo Landsat 8 (clo,lgale yglas ;|
o Yo Jolw ojluil b g Jae EPSG:32639 &S L UTM Zone 39N claiswe giwww & SeMbl oy ol
Do il odly ds ) LSS s ISl b i (5l laibiwl

cpl pd i ookl VWA g 05 YA O 3118y 4 bgsyo leMbl 5l g0l 9 (oib90] 03> sB0L S5 jolatads
Lodld o )d Vo g w103,5 (sl A9 g 0 (oMo juf dlais AY 5 (oM alais Voo ol dlais VAV Sl (Ll
bocdly polanl baJus 5Sles (903l 5 iyl sl (s OA) owile Bl 2oy Yo 5 aJae (3j90l gl (daii VYO)
5 oo bl gl Jaore sbayusio olad polis ¢ ArcGIS l33le i, Extract Multi Values to Points )15l 51 eslawl
A8 S5 gy ales ool oSl 5 il (Dt

gy oyl b odlaiwl (Fuzzy-WofE) (656 539 dalad o) il dbyuiie s Cuodl pusd jolaiods pgd dl>yo 43
3 gl B gy 5 ly slaodls bl i 1y e it (23059 el xSl tmggy clasygly I (S ol
Oy jl ekl b (W) (dte (59 9 (W) Cute (459 hame (st 5| )8 o0 (sl bl ) S o ool (Lulis)lS
Sl 2 0 O 985 pie g £o85 Jloinl sluw o bdyjs cpl b duwle (Weights of Evidence) Sjs Aalgds

te] Cawd i bailgy 5l g 06000 )5 et Jaie (sla puite

(V) ksl
Wt =1ln <P(F—I€)>,W_ =In (M)
P(F | B) P(F | B)



GMDH 3 CNN (g 5830 st dulia 5 b5

pic JsP(F | B) (oS ] 1> oM 489 JisIP(F | B) o g689F «puicio 5| Lol (oM OB o)) jo &
$39 xlbe xiie o (2lod (g 335 (o Aelonel = WF =W Spgoty oS 10 2l iy e el LS

b9y 3 comile 6383L sla ey o3litl bB (35 colpd 4 gl ot (sl bl ke sl (Sl polie &S Ll )
12035 Joasf0r 1] o3k @ by b 298 oo odlitl atpiipmained (gjlo Jloys
(V) ke
C—Cpi
Wruzzy = Crmax _"é:in
b hind (Sson & (alojite 15 coge a0l ol ad Jae S U jho ol 4 oy (elod sy ol
2 e Ml 1l (53l Jae T8 5 ol 8 g A8l s 4 (G5 lagyjy s OV o8 b ugSas
oY opl polie oleg 3 00,5 Mg dde (S S g ord 0pd g8 JLlie (56 (g > (Jacee s IS
(2855158 ool 3)50 (6 53b (slaJse (6399 (e g gl el (Hew g (Mo LB (6l (S
Loosls (83132 (29,5 (sB9) 9 (CNN-8IM) o giludend (dgglS (ouac aSud Jolid Miadgn Jio 93 cpguw dl>yo )3
Sladiged dluxi 39 390 g o3l Jodo Cudle a4y dogi b il a8 )3 )5 4 O s (g3l Jie (5l (GMDH)
il Ulg & ab (b aYan G » e Silere Sy CNNSLdS sl 5l odlisl (sl ¢ o3j0]
391 59y9 YY 9 5F AVA L aseo &Y dw Jolds Jdo cpl ol atily 1) odglgils sladSids alie (Slpedlidi sla Sig
(ot 5 xS sl sln miman 0 o3l Ve (5250 ¢ g AdaM (gLt ReLU g3lo Jlsb &6 5l ] 5 &5
Wged o lp Mo £589 Jloinl Jro (295 AD 4B)S 0y o/ o) oo LL2 oS lai g plinsg; adsi ST
..)9{
cpl 3 B8 OBl (6399 (sla it (p Siekes « (ANOVA) iyl Julosi (yg0jl 51 o0litl L 1] 35 GMDH Jue 55
S 503l 31 Alols (glis ) ¢ i) bS5 e e clivwl « TWI s « SP jasli (S cdly Jols o i ¢ ol
9> 4 9> Oelai (8,5 JIa5 53 9 pgd x> (labeatin @yl eslatel b g 0D e S Jelge plgisar ()
(Jdo iy p e (Shg Ll g RidgR (90,5 ) 5l oolial b caldl )30 35 > (sl (Shag | slas gooee dajie
p3lie 4 45908 @b jloslatal b Juo (295 bl 12 108,85 USE Jae ol jlB Lo 5 Wb Sl 5 She sl it
A8 fas S g she o Jles]
o oo« (Accuracy) JS cds ol olol slayasls 5l edlazul b laJae 3Sles ( Sbl dlsye
o ple fpezad 30,8 oLl (AUC) 015 5 5 Sles duasuin (gt pj gdaw o F1 jlse « (Recall) cuuslus Precision)
o @l duglie I Gy 0d dslre (i 9 (2w LB plolid 3 b Jao SSE plg5 oy sl (S e )
Ao (gabaiy Al (e el oalitul b woles ) 0l Gl 5y Jde plgieds 3905 S 1) AUC jlade oy i oS
bSaiz gy 5l odlitsl b (ol A5 @l puds Jugud jglaieds 10,5 W55 39555 ol ases S (el M
Aot e @ig s g b b b5 Hle 90k dawgie (o oS sl jlad Jols jlad dil iy 4(Quantile)
35 58 oS 3)90 42 s > Mo

Guiod gl
dnlme 30 Jole 31 Sy o (gl (WOTE) daloss (59 bl oMl 58 1 (aome slopuito 18T o o pskitony
P Aol cpl sl ol s w3 gilesil g gjles lstiol Min-Max g3 b, 5l oolaiwl b Jols pdlie yugw g 4



GMDH 5 CNN x84 e 4l g b5

s 589 52 585 3o i 5l adllas 250 (gl yeitio oS dmgo 5 (536 (339 ol (g2 -l 005 1)) (1) Jgue
lolid S g989 )3 350 Jole (et Olgisdr ) (636 0jg b gB)) puiite bl ol i (Jglite Cuanl ()l
Py 5 p9> Loy 53 < IADYS (5306 ()3 L (SPI) aal ol g jaslis o <JAVAY (536 ()55 L )l (sl it 3] 51 g 28
Ol 3 5 «2Ulyy a5 slasiulyd JymS 5> (codldly)an 5 (S g Jelge oaliS s (i Silo @l cpl 85 )13
sl 39588 530l adgn 55 s 5,5 S5

GBS ey Cagby (asls g odls I alold s  (NDMI)cugh, jasls « (NDVI) LS jidg (adls owiomes
& o cilizia 3blie ol SIS L Gl 3 580 LR 5 0331 410,95 VL s (53 (sl 31 3(TWI)
s s e 3 1y 86 e a8 S Bl 039 5 (S5lgd ol 6 l8 (sl pite (Blie 3 > s g3
L Jole ol gosSon b i bL3I Sy o8 08 Bl (gjloJas aalyd I oS jsboay jao (556 0)jg b S <l pie
Fuzzy-WofE 2.4l 5,59, pee slocuie | (SO g9090 (pl ol aslllas 3yg0 0390500 1> oM bl K6 yiiSTy,
Jelge (bl 3 Juo (L Gl cge 9 03,5 b3 |y ol b SheS” Jalge 10055 Bl (ISl 5 398 o0 gune
anlpl ol (adld o (5l el)] (glo it 4 amd o (s Lol @l (IS psboar 35 00 s 89 2 S (s4lS
hol Belss lgisas ol plsice 5 428 o Wil 29305 )8 45> )3 Vs dxtas (sloaing (55 IS5 )3 |y BB (s
(Y US3) 25 oolisas] s Coplus (5ol g gl Bras 650k 9 mble 650k (gloJse drusgi

(538 39 bl 2 0 o) hamo (gl puiite i g5 9 gl (S (yje - Y Joua

Coodl ady (VG +) 558 059 (Cadsl 0j o 3,
) ) < INAAY i) )
\ <IAVAY -/-voy ol Y
Y - [ADYS <[+ anlyl g Gasls ¥
¥ <JAYYA o[vsY 2l g Lasls i
) <JANYY o[-V Cugb) padlud )
5 <IA-AY R o 5
Y < JA-Y- o[ ey osl> jl alols Y
A IANY ofeey S Cugby pasls A
a - /vavy —fe ¥ L] a
). - Ivasy —+[++YA S bS5 ).
) < /YA —/+-a8 w55, 3l alold 1)
Y < IV¥s- —/+¥aq o) ep)ls WY
W <IVeY¥ — /a4 Sl W
\F ofenn — VDA S edl, VF

CNN- (sl Jso 3)Skos bl jlas (sivaig 9 g > 03litl 390 (6loJio (Ul ) solaions aoldl

9 F1 jlxo « (Recall) colus « (Precision) i yiw <ds « (Accuracy)cds sla jasls 5l edlaw! L GMDH ssim
ol 033 1) (¥) Jpn 55 Jobs ol 28,5 15 sy 530 ROC (AUC) (o o5

Je & s gy 3o (b))l ol slapasls (oles > CNN-SIM. Juo o5 a3 o (Lt ol (o)

ablie SS& 55 Jao ol YL Hluw oles S5l CNN-SIM Juse (gl +/AYYF Ll AUC lide sl aslxGMDH

Jgb b > ,Shas oaimd ylis d 5148 0395 «/AFVE Ll GMDH Jus AUC jlaie a5 JIs p> fcum] (oMowr yué g oo

21y CNN-SImM e JS ¢ puizmad Cunl J10)95 5 (650l (dwpiw <538 5l CNN-SIM L auslie (5 Lol ccanl oo



GMDH 5 CNN Gree s 830 slada daslia g 2355

Jo vy LB oy Sl a5 sel cowd 4y +/5Y+Y g5 GMDH Juo (clys jlade cpl a5 Jboyd s duoloe +/AFFA L
ool Biges guono (ololid )3 Broe 650k p (e
<JOAYY Jlade LGMDH Jas & cons (a0 5,los +/AYAY jlade L CNN-SIM Jio 3.5 Precision sl s
CNN- o busgi (oM slodigy gt o ity Gblio Sl syt o> &8 cusl o jSils 9890 ol ol Ly
ol (2lyed Lol sl Recall (9333/0) jlde oy i sy GMDH s 4 51 .50 j1,8 oMew il > Llgsim
M dido 3 ol 4 35 1y oMuw e 3l 1 (0l i oS00 o &S s o oyl Precision ool jlade b e ls
cselio Jlan (2l Slgied g 039 OO e glallad (13BN 1 (2L Jue ol (VL Coplun o )3 el 03l )3

9 Gl Jae 3,8las o)l sl

curvature

=3

0

| >

v . 7
& (PNTY g Z
o — in
7 p
2 Value 5
& High: 1/},
72 7z
< I - £
L { 2
z [A B row:0 E
2 L)
'3 Kilometers

a1 o 5 10

L I

48°36'0"E 48°43'0"E 48°50'0"E 48°57'0".

shateo (s puiio o 6318 .Y IS




GMDH 5 CNN x84 e 4l g b5

e S o 2l 1y CNN-SIM Jiao (655 «cal Recall g Precision g Jobs ,5ks 48 FL jlas olie priocen
ool alss CNN-SIM 45 s23 oo 5Lis GMDH o (gl «/IVAVA Jlaio b duglie 5 Jao ol elys +/AYD b ol ,F1
&S Cawl O] )fuL.: C"L" O'.’.‘ LS )‘)5).3 d;...m...lo dl.a:Ua.& uu.a:lf 9 u"M"’“’ d.\oL.,o oo L;,L.:L.m uL.o d).’wl.m L‘,)‘b.'{
Fddee o 59 9 (Jame lajsie (e (b S g odomn by gl 3 Sl nas 4SS Gree S L
(Y Jgaz)oyls G jlad Sl (slagSl (g5l Je 53 (o yin cullB 5 00,5 Jos

e g yites ) ()l3s95 5 b CNN-SIM i o am3 e L5 3,Skos (slapmdli (o) 5| Jols ol o JS 5sbay
GMDH Jao 4y Cuus g 0352 39,5 S j asg 5D OMw Hhad canainy slp Jie el 8 FL jlee g 8> AUC
el Y1555 50 (@M Shble Cuate 5 (Sl 62 iyl (snte L3S ln VL Glisebl <ol ]

Fuzzy-WofE 3,59, 4 GMDH 3 CNN-SIM _gla e 3,Slos g o Lid dunglio . ¥ Jgun

GMDH CNN-sim ol
JEYY +JAFEA (Accuracy)css
- [oAYY “IAYAY (Precision) i cés
< JAYYY IASEY (Recall) cplis
SAAA -/ABYD F1,l
- JAYYS - [AvYE (AUC) o j elaws

F1 )lade .S 0 Wb Iy CNN-sim Jas (¢ 55 «cuol Recall 4 Precision o Jols ) Sily a5 F1 jlxe polde piccen
Oils5 Gl dtilss CNN-SIM oS and o 3L GMDH o gl +/VAVA Jlaie b duslio 13 o oyl sly +/ADYD b ol s
i3l &8l o] Sl s ol S 1,80 ganaib (slalls (ialS g (s 3ble oo ololid (e (5ol
03)5 Jos $38ge w589 5 (Jarme slojiie (e (St g o Lally) gl Sl 3 (B nas 4l Bres
(Y Jga)o)ls oM Hlas S sla oSl (g5l o )0 (g by cuils o
Fuzzy-WofE> S35, L GMDH g CNN-sim gl Juo 5 ySlos g s ld aglis Y Jou>

GMDH CNN-sim oadls
< I5Y-Y < [AYFA (Accuracy)cés
< [OAYY < [AYAY (Precision) o i <>
< [AYYY <[NPV (Recall) ol
DAAYA) < [AOYD F1,lxe

- IA¥YS < [AvYE (AUC) e pj aw

e i 3 o355 b NS Jao o8 and o ol 3,80as (slaaili (bl 51 Juols ol o IS b
GMDH o 4 o g 03¢ 39555 3ol adgn )3 OMaw ylad (caaigy (gl Jdo o 50el,l8 FL Jlxe 9 s AUC
el 513)98 5 (2o Sl o pde g (LS )l (shaytelin (e )l sl VL (lisebl culB
CNN- o 95 (S50 yom)> (i ple (2w i 9 (2w bl (gl )5 b Juo 3)Slas 5 Jj (wyp pslatosy
ool o @11 (F) gz 5 obs) opl ols 8,3 )8 bl 590 dlati OA ol 9051 (claosls (9, » GMDH gsim
03,5 bl tsyoay |, o V5 ¢l Moo dlaii ¥+ ggazeo ;] CNN-SIm o 45 4m3 o Uis (F) Jgds ol ooy
alais VY ¢ 28ly oMuw s alads YA 1 Jdo oyl puioron cCowl 03l Cawd JH(FN) GO aie (slos laica |y dlas ¥ s
Sl @l (el cunl 03,8 iy (2o Gblie (lgicds olindl 4y 1) dlad 8 s g 00> )18 (2w o il > w34y,
ol gadil glales Gials ) o) gllas (LUl5 g (oM é g (Do NS 93 o e ) Jle bl Jolss
O e sllad ¥ s g ST plelid twpdd |y (oMew dais ¥ 5l dlads YA ol diwilyy a5 ,STGMDH  Juo ¢ Jolao )



GMDH 3 CNN (g 5830 st dulia 5 b5

Iy oMo yus alads YA 3l alais Voo oo cplicanl ooy lis (o pcans 5)Slos  oMuw pe bl (aswis o bl wbl awsl
2 (FP) Qo8 cuzo slallas (oYL dlisw .l 03,87 (sainddlo o yday 1y dlads A lgis 5 0000 1,8 Mew adds ;5 olouil &
A3 oo Ui (S350 020 (i lo gl (S psboas Canl 0ad ey €83 5 (JS 0 pSeds (palS Cage Jio
CablB )il sla i (oYL &5 Lol cunl (oM bl Slolis » 65V cawlus 5l GMDH Jus 45 51 a8
oo cowlio y5l95 sloo) L CNN=sim. e ¢ Jalie )3 a3 o dgde (oMo il yble o pie g gjoya0bp 3 1y ol 5,18

Canl 031> &5l)) 39 515,83l asgs

(adails OA) 90531 s2315 59, 2 GMDH g CNN-sim g Jue Kidw ;02,0 o yilo — F Jou>

Hlg cute (TP)  ABly Lo (TN) O3 cute (FP) 03 Late (FN) Je
{72 vy ) ¥ CNN-sim
YA A Y. Y GMDH

Jae g 5 YL (68 paonad sladilin] oles ;3 CNN-sim Jiao ROC oo oS amd g0 Ui (V) UK ouwyp
CNN-sim Jao yidn oUlg )Slo gadge opl 0l (Hlad ad) 8olal Hasuis bs | g iy alold 48,5 | SGMDH
2l CNN-sim Jso (¢l (AUC) oo pj pdaw jlade .l (oM e blio 5| G dstinn 3bolis uors S5
/% 5l GYLAUC polie ¢ o obs)) ly slajlne wlol ol cows 45 +/A¥YE bl GMDH Jse (sl o +/AYVY L
it CablB 5 o 93 ,m el it o wsd 3,80as Sily +/A B /A s ppolie 5 el 5,Skas osim it
Ol eo 1y CNN-sim Jdo (55 0.l 03,5 &5l)) GMDH Jdo & Couss (55 0 3, los CNN-sim Judo Lol o35 y95 5 owlio
ol b S ame (slojyite e (S é Lily) 5 odmn clagSll gl 0 ol Ul 5 Bres 650k Lo oy
C8 b 1) O 989 » S50 Ol gl g (S S Shy cwl B (Sl daste Y Sl gpSope b Jue
G s s Lol oyl Jod B8 5 Slas o e bailgy (g5lo Jde 5 a5 SIGMDH Jaw ¢ Jolis p> a8 olwlid (g i
£89 2l p oSl ame g (olad sla Sa il 3 5eS 2UlF pedke il g Gllertix @y 4 i
e oy iy 5l (61555 5 L CNN=sim Jue oS aad o lis ROC oo Julow 5l Jols 2ol cggame p0 .0l oM
Olysar g il @Mewys 5 2w gblio SSE > VL UlF (holal jaseis kil iy alol 5 AUC
Dgdign (e 2955 8 i pl e 55 M jlad canaing sl Jo el

9 Precision y i « AUC YL L 5y Jae sy CNN-sim Juo ¥ S5 5 0 Jodo ol 4 a5g5 b
099y b 2l b )5 Ol 39558 s IS )0 OV las (canaing olod 4B W (sl o Slas o 5 ol
03 g (STt (L 5 STt ST ks T s o ol ) Jls (D15 D & (Quantile) LS iz (sabai
st M )0 (@pe yoghS YY) db g Colun 5l duo)d OF 1 i .Cal oads 1)1 D Jado 10 S 12 Colue xjg5 &5
Dbl o 59,55 ,8 ad e 1 O daitue 3blie s g b Carmg 0 LS oS Cuwl a8 )5 51,8 (0 M) SUylas LS
VY sgas L Wlooly olaisl 36 4y 1y colue I doyd W/oF o 11/+8 (i 5y Sbjlas Twd 5 SUlas cla oM
Ol &g o crla)hs JhE M jlas il el lulyd 5 (ladeS 5 skt o Sl M) Ades colue i Aoy
4 i b 4 )l 518 OMew 3L (L U hawgie jlad (15300 53 (3003 £ 5l i) 99555 adg lacl (yis o wmd oo
ol g5 B SIS e (g3 (sl b) (omell 5 (Cusdgls )3 o £ 0l ) (B Ssus5 bl



GMDH 5 CNN x84 e 4l g b5

Fuzzy-WofE 8 %3931 GMDH 9 CNN-sim JWROC s
1.0 - I & ,/,
0.8 | - //
’I
— /,’
z e
E L
- 2.6 o
'U //
® ,/,
:} ,//
= )41 e
|
- o= ’/
Z 2
024 //
] /”
| Rl —— CNN-sim (AUC = 0.927)
| -~ GMDH (AUC = 0.848)
0.0 A1 ¥ —== Random
0.0 0.2 0.4 0.6 0.8 1.0
. . & . .
(FPR) ol cumo & 9

Fuzzy-WOfE 3,59, 4 GMDH 5 CNN-sim glaJue ROC _sisie -¥ S

(Fuzzy-WofE 5,515, s CNN-5im) 25 Juta ;5 ¥t s i Corlno 22355 0 Jgao

woyd (e joghS) Colme  hd dib
Ve I5¥ vy/¥s Joe
WY AJ¥Y s S
W of A/AY Sl Trs
W/ vo/o¥ S s
F/¥Y ¥V /Yo Sbjhs s
Voo £45/00 E g0

Sbbas o WIS )3 btas adge (opfgia 5 ()E Glapise & s e olis (F JS)asis ol oS )y

opl Wload @dly ot oS g Jlad o sl WM > i (S Lo g (B (Sl ST b el 3108 STylad LS
s lyan g i) 45w 5 gy 55 ye3 cplisy) S| cdilate 51,5515 Ll L oS3



GMDH 5 CNN Gree s 830 slada daslia g 2355

48°35'30"E 48°40'30"E 48°45'30"E 48°50'30"E 48°5S'30"E 49°0'0"E
Z Wadly [~
2] — | 5
o ] Pl -9
g oo oS &
oy S6 ohad G |[
A
S | Ulos Ao [ 2
1: 1 O gﬂy-u blﬂ L &
| F o
~ 1 -~
] - 6N
Z ] K
=& o
- el
o L
l\ ) B l\
o 1 L en
Z -7,
:?, ] Kilometers ::3
g 6 0 5 10 |3
" T I B
48°35307E 45°80'30E, 4545 30"E 485030 48955 30"F, 4900 E

(Fuzzy-WofE 5,559, U CNN-sim) o bs Juo ;3 CWaw yhad guis aigy :f S

J9i2 03 (oo cnl s b ool Ll jlas 4l (69 o (Sl (o dlals 70l (plad €8> o))l yolatens
aat VW g SUyjlas LS oM 5 blas JS 5l o 3 0V/FF Jolee (s dlais ¥ s (ol bl .Canl sas 1)1 £
Alosds 28ly ST las T oS 5 (Lo VE/EV) dais Vo puiomen Llai8 )5 )18 SUjlas WM )3 do s YISV Jolae
Alas 318 las o WS 50 (o yd YIVY) dais ¥ g e (ST WS )0 (Mo yd FIFY) dai ¥ g ¢ blis )

NP «SLyhas Loy o «SUylas» WS 90 )3 sudcud (oMow blis 1 ao s YF/FY dgus &S s o i uls oy
Slosds 3 oo €S ylas  JA» 5 «SUylad» &S las L wMS dus ;> oMo bl 5l aojd Qe 1 iy 5 Slad 5
sl b (wlie 3llail jl g 4ndly O 989 daitune 3ble SS& 5 (2lolid )3 (2VL (2Ll CNN-sim. Jae cpl 2l
i8Sy g ansly Slgsead 35 (+/AYVE L pl0) AUC Lasls 5l Jols zls b laadl ol .cal j3y08 5 (So )b oM
ol s Sl o ppdo 5 (6505400 (gl Mo Jlad gladids ans ;3 Jde (sYL dleiel]

(ahis £+ wluol ) CNN-SIM aiiis yhas gla WS )3 (S )b (Mo bl @595 5 Jgia
aop oMo bl Saws  yhd WS

YI¥Y Y Jeo
sIsV ¥ s oS
\EIPY V. s s
vV/EY W Sbjhs
aV/ss ) Sbylas L

Yoo s E9oom0




GMDH 5 CNN x84 e 4l g b5

W2

¢« CNN=sim Jdo 03594 copblo (63530 (sl oKl b Fuzzy-WofE hs, 3.0l &S ol LS yobs i aols
2 5 Jolgs (230)jg dl>po )3 205 393055 550l adss 13 M dxts Gblio (suiaigy 9 alolid 2 YL 2Ulg
cnl 0l Ui O 689 2 1) b ytiir o5 (SPD) dnlpl ol (a3l g 0y eldy) (sl pito Mo g5
el g 3 ooy 3505 5 Mgy g5 o] 5 LS 5 Siapten 5 3Tt el kS s 285 Sy ol
O)&en 5 Kanani-Sadat 4 (Y+33) ,Kea g Arabameri «(2016),San g Rahmati Lingh zols b pols slaaisl
Comlas p Jho Sboysie (pnte 1) (Sigdorin Jolos g Alhsg) jl kol coud gyl a5 3> Sloean (V414)
Alod S B yme M

ol 8 Sl giladae 1158 51 Mes 5 392 s Jlaie 5 (5B (g cn e Sl S L piie ciaghy ol
el o35y A S gl Sig b Al 5 ol 5 3,5y Jolge (25 09155 adgo 3 o sm3e ol gpiee
i » cushipss jials 5 gleS Jeles Glo Gygps p b (YY) l)en g Azareh o8 b ases oy
b s ie 5l (SO palie sl o J82e5 Bls > Fuzzy-WofE gy Ul cpiomed )b cisllas (6318 (6 505 mnouas
P9d oo Cgme (B9 (S Slahs) 4 Cund 350, (vl

<JAYFA 8> ¢ «/AYVY¥ ] AUC jlade L CNN-sim Jdo &S 51> 5Lis GMDH g CNN-sim (sl o 3 Slos duslio
Goos il &5 w0 i ls pl iCal 03,8 1) < JAYYE )l AUC Hlade L GMDH Jae 4y G (6 it 3,Sas
2 e sbadie il e |y M g8 1 S5e (ame Jelss ple (Jad i85 odomy Laily) Casl 2B LSl slaasd
Caisllas Sioljgo |y adlaio j3 (Y+VY) o) Kon gRamayanti yizgh ol b pols glaabl .S gl ol glalessis xles
>,Slas +/AY |y AUC LGMDH o 4 cms /2% pl g AUC jlado LCNN Jao 15,8 (535 35 b 4 ¢ ygboas 30
2 CNN o e (g5 oS and o oLl (iagh 99 gl caalud Cul atdly O Cumlus dids apd ;3 (6,5 58
sl 53955 eolie ()lk J Bl oldlie slalae

Copss (2L88 0y SbogSl 653k 9 e sla Sy 095 gl el bl 4 Gl |) CNN-sim Jao (65
ol 8l 8 5 eSini plot m bl5n Sl Slallan )3 pne (55530 3lizal e (sl Sl 3 31
$2aSis g LSTM (CNN 05594) ¢ 3uas (6 p50b (sla Jdo a5 10587 Ly mols> (65950 dalllas S 53 (VYY) o) Ka 9Zhao
S3g e slaodls )3 39290 (lety SagSl g (ad ot Lallgy (lulid 5 gt 2Uly tw Sl Jse & G (5
Gy 2ely8 oyl5l laisay Wlgi o CNN-sim Juo oS s o LiS g 0391 fadge (pl WBe 50 pols idgh guld .yl
5 518 ekl 3)50 oy salame )3 (Mo Clible LS

ble olelis e awle Jols YU cd> 5 0gMe CNN=sim Jiao oS o LS 35 (SiSu o0y i yile awyp
i oL dlus s 4 Lol ccisly oYL Cumwlus 45 STGMDH i ¢ Jolis )3 .Cawl 03,8 )18 oMaw e 5 (oMeww
Precision « Accuracy jlai obj)l AlBuis sl yadls jl odlaiw] cuanl gasge oyl Db &l ciaS ISy (0
3 Sles 5l B ol Llgi b (adld S§ 4 T Gho g w2 0 lis O b Sldlles (> 1) AUC gRecall
S ) e

5 «SLslas» (gl oM ) (Fu)l (2w bUE 203 VI 1 i a5 0l (L5 35 M il oo 4l Jiloo
2l sl e Sl oy ol 5 Jse caslio blys il YU Gl olsse ol 0l S 15 €S las Loy
2o)> YA d9d oS gygbody i 5,155 (39l Keureuto ppl asgs ;3 (V+-Y5) 4 Ken ¢ Rizalihadi buwgs olie
FAHP- Jao (oYL ¢8> oaimd i «/AYY ply AUC Hjlade 9 8,5 )1)8 0L jlows 505 ylas sla (oM )3 abes coluw
gy oo i dslllas 90y Lol s olasiwl CNN g Fuzzy-WofE oS 5 jl pols (gl 5 Ais » 0o FTOPSIS
)b ST O sanaigy B> (il S o o5l oS s



GMDH 5 CNN Gree s 830 slada daslia g 2355

5, WSle 815 e5 Jelge Cusnl 35 g sl 8l )3 (Y+Y0) o IKen o Sibandze imgh zols 50 (gom )
oS 05 aslib Bhe Jale o pnre £5)) 35 pol hmgk )3 A8 e dul M (gt 52 |y HAND (jasls 5 (s
YLl 38ee (izmon (Cul (raw slagl 2 S 505 9 SUly) Colin 53 (e (Slas)lgenl (sulST GBS oamd LS
oSl glyzl 5 G soodly Jdow )3 (2iglgild nas claaSid (VL cud )b Sily cadlas 9 2 )5 CNN oo
ol (o b b o o o0y
15 S Ao

Fuzzy-WofE 2.4l 5,550, 3l eslawl b 39 55,5 o0l ases 13 OMaw Gl (sdding (idoh opl ol Gan
23059 b Cuslys Fuzzy-WofE g, a8 3l lis zuls .59 GMDH g CNN-sim yuiile (5,,55b Jdo 93 5,Slos duslio o
o0k i)l (sl puiite lis ool 35l ST agd e |y OVews 89 2 IS 1 Jalse i (oo (sl e 4 50
S bl e oS o eidd aslid adlaie 1> Maw 485 0155 1S olgs ot (SPI) dalyl i yasls o
A Bl (gl Jta 18 51,008 gt g 4ndls |y b (o yieS

»lp Fl-Score jlade 5 «/AYFA ¢ +/AVYY 4l AUC jlude L CNN-sim Jas oS o LS s Jae 5,Sles ob )]
as ol L | Ssy yemyd s pile guls picren (Cuwl 03,8 &SI GMDH e 4y Cond (g 5gllas jluws 3,Slas <7ADYD
5 sl J3y55 3 S st (slallas gl ) (g Ul 5l (oM sblie Laskts Y &5y 5y 0sMeCNN-sim
SIS s naSs Tl Ul S £090 ol A5 o gt ool 5 285 sl 3L olos s elio ol
el M £33 2 30 Jelse olos o 5 (et by gl il 3

9 «SLylasy gl WwMS > (Su,l oMew blE duo > VY 51 io a8 o lis 35 OMaw Gl ool il puwyp
«SLyls L3P 5 «SU sy «SU s [ oW 4w 0 bl cplasyd el i g wlas )3 )1,8 «STUylas s>
Bblio Ll 35 Jao £Vl llf 5 Mo Bl ol | ordadss 4t anlio U1 S0l g0l ) it 55 e
Ll Asgs Sy

el S laisdy Llgs o CNN-sim Juo b Fuzzy-WofE 5.4l a8 oy olis ols yiagh auls (IS jsb «
oiok crl jl ol laadd 55 )18 edlitul 3)90 su3ul slrades )3 O Colus gandiny ly 353 9 L)
Phb sl Gl gl lp! Gacagdyl pms (o2l 6 s5ael M Sy Copre > Wlgi e
Al sl 3 )8 O 1 (U Slhlus alS g m g i cbdilolu

b i cla Jde g o] eulsl claodly ¢ 3L S0 S )18 b (slaodly jl 39 o0 dloiin ST (slaidgt sl
5 i €85 1 98 ooliul cotas hen S 5 sbJie o ResNet CNN-LSTM LSTM tiilo Gooe (53l
Wb 1 S 5l e @M Slad Se 5 Sloj Sl JWlos
F]

$S3gpdan Jao 3l okl b (Sl o (iS5 dd g O 989 (saning (VF4Y) m2ye gDl g M conlpl )
AR (M PEYCN <l ybo b Copde ‘ GIS 5.l sWMS

https://doi.org/10.22059/jhsci.2024.374472.824

dalllas) (ol a8l g (80 s 55 (Sofelsge Sl oy (VFF) i) dian 5 mye gl O (ol LY
- AY-AY ()Y o5 S39959255 alxo  piiote wB-y, 18390
https://doi.org/10.22034/.2025.485368.1528

Capdo 3,500) b i pl o Gljss 40b gl ) (W) plusl s)s e 5 Lople  Sliaws (gulis 5515 (2Dl T
https://mag.iga.ir/article_246096.html Y¥a-Y¥'V (FY)VY dLdl s ¢

(SeSPsegs Walsd g Sdysags slapasls  edlitel b (S oyl asgs Jlb S5 )y (WWAR) maype bS] T
https://doi.org/20.1001.1.27172996.1399.18.3.10.9.\A0-\FA (SE)A Ll i



https://doi.org/10.22059/jhsci.2024.374472.824
https://doi.org/10.22034/.2025.485368.1528
.%20https:/mag.iga.ir/article_246096.html
https://doi.org/20.1001.1.27172996.1399.18.3.10.9

GMDH 5 CNN x84 e 4l g b5

Sl MQI g, oolizal b 29l wling, (Su55I58 909,00 bl il (1WAR) sl 25 5 aye gD .2
XAV (YN (obdls pole (63,8
s 389 Jpmsly (saiting 9 ot (VFV) Jljged csals 5 o ¢ Jste o poMe (o3l il tladlodlie (oaly .7
VA AN e e85 sl ase oo adlas) ol s clagn Sl sy
http://dor.net/dor/20.1001.1.27833739.1402.21.78.7.2.\v¥
OB By aly )3 29558 5ol ases Jub SgsS byl (W) Loy k) bs g Gigke (UL ) Sl )
IYENW (N Sigdshusegts  soiegh  de  (Sidpsegly bpasle Gl eslaul L (Elgyn)
https://doi.org/10.22034/gmpj.2020.109989
(oo Slae 5 S5yt slaions o ol (23 2 3o ol (oS (1¥R0) deio Bl g Lo yile e i) dljgile Y
. https://mag.iga.ir/article_254350.htmI¥y-¥y (5Y))F Lél s

Gy ol 4 s Gl siledse (VA1) ige ol i 5 sluo @9 lSl (g yol fpmetome pabo Loy A
https://sid.ir/paper/150180/fa .\YS-VEY (Y- JA cLél s copusiodin ygamw,S ) 3l o3kl b 3gynls

dgog)l d2lyyd dde )3 S bis 5 o plie oo slaille (VFF) plig (bS5 o3t gpalY (Sidom g 3
https://mag.iga.ir/article_718616.html.aa-¥) (AQ)VY Ll s

2 Slojlgnle yglas il oalisal b wlsg; sty o g Sloj Slyts (satrding (VF-F) prpo sl 5 jlige ¢ Slogles. ) *
VTN YNY (dhigegianin  mdieny Aldgy i63y90 Lged) ATCMAD  llay e
https://doi.org/10.22034/hyd.2025.64643.1766

s WMS (sla Jso 58l b oMo Jomsliy (sdhsaiag g (sl (VF+0) oo c0958 g o2y gDl £iliag (Slosbs. ) )

YEvys O (denmsST  (osSblow  olwgd  igdyse  adls)HEC-RAS

https://doi.org/10.22059/ije.2026.411871.1908

(VR i e e lallan 5 ilyo alds LI (g, )l (W) 4o (Sl 5 sl p S sl o 1g5. ) Y
https://mag.iga.ir/article_728544.html .yaa-yva

MNDWI ua>l.w 9 A Cansd dlb)bmln )J9LaJ )I odlawl l) 44./:9)‘ 4>L).) U‘j A .))9])) (\\c’\) Lo)..\.o.?u ‘L)""9) U.Qw?:.\ Al
http://dor.net/dor/20.1001.1.27833739.1401.20.74.9.9 \AS 150 (Y¥)Y+ bl i

References

1. Ahmed, A., Al Maliki, A., Hashim, B., Alshamsi, D., Arman, H. & Gad, A. (2023). Flood
susceptibility mapping utilizing the integration of geospatial and multivariate statistical
analysis, Erbil area in Northern Iraq as a case study, Scientific Reports, 13(1),
11919.https://www.nature.com/articles/s41598-023-39290-4

2. Ali, S. A, Parvin, F., Pham, Q. B., Vojtek, M., Vojtekova, J., Costache, R., Linh, N. T. T.,
Nguyen, H. Q., Ahmad, A. & Ghorbani, M. A. (2020). GIS-based comparative assessment of
flood susceptibility mapping using hybrid multi-criteria decision-making approach, naive
Bayes tree, bivariate statistics and logistic regression: A case of Topla Basin, Slovakia,
Ecological Indicators, 117, 106620.https://doi.org/10.1016/j.ecolind.2020.106620

3. Arabameri, A, Rezaei, K., Cerda, A., Conoscenti, C. & Kalantari, Z. (2019). A comparison of
statistical methods and multi-criteria decision making to map flood hazard susceptibility in
Northern Iran, Science of the Total Environment, 660, 443-
458.https://doi.org/10.1016/j.scitotenv.2019.01.021

4, Azareh, A., Rafiei Sardooi, E., Choubin, B., Barkhori, S., Shahdadi, A., Adamowski, J. &
Shamshirband, S. (2021). Incorporating multi-criteria decision-making and fuzzy-value
functions for flood susceptibility assessment, Geocarto International, 36(20), 2345-
2365.https://doi.org/10.1080/10106049.2019.1695958

5. de Brito, M. M. & Evers, M. (2016). Multi-criteria decision-making for flood risk management:
A survey of the current state of the art, Natural Hazards and Earth System Sciences, 16(4),
1019-1033.https://nhess.copernicus.org/articles/16/1019/2016/



http://dor.net/dor/20.1001.1.27833739.1402.21.78.7.2
https://doi.org/10.22034/gmpj.2020.109989
https://mag.iga.ir/article_254350.html
https://sid.ir/paper/150180/fa
https://mag.iga.ir/article_718616.html
https://doi.org/10.22034/hyd.2025.64643.1766
https://doi.org/10.22059/ije.2026.411871.1908
.%20https:/mag.iga.ir/article_728544.html
http://dor.net/dor/20.1001.1.27833739.1401.20.74.9.9
https://www.nature.com/articles/s41598-023-39290-4
https://doi.org/10.1016/j.ecolind.2020.106620
https://doi.org/10.1016/j.scitotenv.2019.01.021
https://doi.org/10.1080/10106049.2019.1695958
https://nhess.copernicus.org/articles/16/1019/2016/

GMDH 3 CNN (g 5830 st dulia 5 b5

6.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

Ekmekcioglu, O., Koc, K. & Ozger, M. (2021). District based flood risk assessment in Istanbul
using fuzzy analytical hierarchy process, Stochastic Environmental Research and Risk
Assessment, 35(3), 617-637.https://link.springer.com/article/10.1007/s00477-020-01924-8
Kanani-Sadat, Y., Arabsheibani, R., Karimipour, F. & Nasseri, M. (2019). A new approach to
flood susceptibility assessment in data-scarce and ungauged regions based on GIS-based hybrid
multi-criteria  decision-making ~ method, Journal of  Hydrology, 572, 17-
31.https://doi.org/10.1016/j.jhydrol.2019.02.034

llanloo, M. (2011). A comparative study of fuzzy logic approach for landslide susceptibility
mapping using GIS: An experience of Karaj dam basin in Iran. Procedia-Social and Behavioral
Sciences, 19, 668-676.https://doi.org/10.1016/j.sbspro.2011.05.184

Rahman, Z. U., Ullah, W., Bai, S., Ullah, S., Jan, M. A., Khan, M., & Tayyab, M. (2023). GIS-
based flood susceptibility mapping using bivariate statistical model in Swat River Basin,
Eastern Hindukush Region, Pakistan. Frontiers in Environmental Science, 11, 1-
18.https://doi.org/10.3389/fenvs.2023.1178540

Rahmati, O., Zeinivand, H. & Besharat, M. (2016). Flood hazard zoning in Yasooj Region,
Iran, using GIS and multi-criteria decision analysis, Geoenvironmental Disasters, 3(7), 1000-
1017.https://doi.org/10.1080/19475705.2015.1045043

Ramayanti, S., Nur, A. S., Syifa, M., Panahi, M., Achmad, A. R., Park, S. & Lee, C. W. (2022).
Performance comparison of two deep learning models for flood susceptibility map in Beira
area, Mozambique, The Egyptian Journal of Remote Sensing and Space Science, 25(4), 1025-
1036. https://doi.org/10.1016/j.ejrs.2022.11.003

Riche, A., Drias, A., Guermoui, M., Gherib, T., Boulmaiz, T., Souissi, B. & Melgani, F. (2024).
A novel hybrid deep-learning approach for flood-susceptibility mapping, Remote Sensing,
16(19), 3673. https://doi.org/10.1016/j.scs.2025.106140

Rizalihadi, M., Yulianur, A., Away, Y., & Meilianda, E. (2024). Flood susceptibility mapping
using GIS based on fuzzy AHP method in Keureuto River Basin, Aceh. In Proceedings of the
4th International Conference of Science and Information Technology in Smart Administration
(ICSINTESA) (pp. 765-760). IEEE.https://ieeexplore.ieee.org/abstract/document/10747983/
Rizalihadi, M., Yulianur, A., Away, Y. & Meilianda, E. (2026). GIS based hybrid multi criteria
decision making on the fuzzy environment to delineate flood susceptibility region in Kr.
Keureuto catchment area, North Aceh, Results in Engineering, 109064.
https://doi.org/10.1016/j.rineng.2026.109064. https://doi.org/10.1016/j.rineng.2026.109064
Saaty, T. L. (2008). Decision making with the analytic hierarchy process, International Journal
of Services Sciences, 1(1), 83-98. https://doi.org/10.1504/1JSSCI.2008.017590

Saravanan, S. & Abijith, D. (2022). Flood susceptibility mapping of northeast coastal districts
of Tamil Nadu, India using multi-source geospatial data and machine learning techniques,
Geocarto International, 37(27), 15252-15281.https://doi.org/10.1080/10106049.2022.2096702
Sibandze, P., Kalumba, A. M., Afuye, G. A. & Kganyago, M. (2025). Integrating remote
sensing data and fully connected CNN for flood probability and risk assessment in the Port St
Johns coastal town, South Africa, Remote Sensing Applications: Society and Environment, 39,
101630. https://doi.org/10.1016/j.rsase.2025.101630

Vaidya, O. S. & Kumar, S. (2006). Analytic hierarchy process: An overview of applications,
European Journal of Operational Research, 169(1), 1-
29.https://doi.org/10.1016/j.ejor.2004.04.028

Wang, G., Liu, Y., Hu, Z., Lyu, Y., Zhang, G, Liu, J,, Liu, Y., Gu, Y., Huang, X., Zheng, H.,
Zhang, Q., Tong, Z., Hong, C. & Liu, L. (2020). Flood risk assessment based on fuzzy synthetic
evaluation method in the Beijing—Tianjin—Hebei metropolitan area, China, Sustainability,
12(4), 1-22. https://doi.org/10.3390/su12041451

Yaseen, Z. M. (2024). Flood hazards and susceptibility detection for Ganga River, Bihar State,
India: Employment of remote sensing and statistical approaches, Results in Engineering, 21,
101-118.https://doi.org/10.1016/j.rineng.2023.101665

Zhao, X., Wang, H., Bai, M., Xu, Y., Dong, S., Rao, H. & Ming, W. (2024). A comprehensive
review of methods for hydrological forecasting based on deep learning, Water, 16(10), 1407..
https://doi.org/10.3390/w16101407



https://link.springer.com/article/10.1007/s00477-020-01924-8
https://doi.org/10.1016/j.jhydrol.2019.02.034
https://doi.org/10.1016/j.sbspro.2011.05.184
https://doi.org/10.3389/fenvs.2023.1178540
https://doi.org/10.1080/19475705.2015.1045043
https://doi.org/10.1016/j.ejrs.2022.11.003
https://doi.org/10.1016/j.scs.2025.106140
https://ieeexplore.ieee.org/abstract/document/10747983/
https://doi.org/10.1016/j.rineng.2026.109064
https://doi.org/10.1504/IJSSCI.2008.017590
https://doi.org/10.1080/10106049.2022.2096702
https://doi.org/10.1016/j.rsase.2025.101630
https://doi.org/10.1016/j.ejor.2004.04.028
https://doi.org/10.3390/su12041451
https://doi.org/10.1016/j.rineng.2023.101665
https://doi.org/10.3390/w16101407
https://doi.org/10.3390/w16101407

GMDH 5 CNN x84 e 4l g b5

Evaluation and Comparison of CNN and GMDH Deep Learning Models
for Flood Hazard Zonation Using a Fuzzy Weighting Approach
(Case Study: the Karganrud Watershed, Talesh)

Abstract

Flood susceptibility mapping is one of the most effective approaches for flood risk management and reducing
damages caused by flood events. The present study aimed to evaluate and compare the performance of the CNN-
sim and GMDH models integrated with the Fuzzy-Weight of Evidence (Fuzzy-WofE) approach for flood
susceptibility mapping in the Gorganrud watershed. Fourteen environmental factors, including elevation, rainfall,
slope, lithology, land use, soil texture, drainage density, distance from rivers, distance from roads, curvature,
Topographic Wetness Index (TWI), Stream Power Index (SPI), Normalized Difference Vegetation Index (NDVI),
and Normalized Difference Moisture Index (NDMI), were used as conditioning variables. The Weight of Evidence
(WofE) method was employed to determine the initial weights of the factors, and the resulting values were
normalized using the Min—Max fuzzy membership function. The weighted variables were then used as inputs for
the CNN-sim and GMDH models.

The results indicated that elevation, rainfall, and SPI were the most influential factors in flood occurrence, with
fuzzy weights of 1.000, 0.8793, and 0.8546, respectively, while soil texture had no significant contribution to flood
susceptibility prediction. Model evaluation demonstrated that the CNN-sim model outperformed the GMDH
model across all performance metrics. The CNN-sim model achieved an AUC of 0.9274, accuracy of 0.8448,
precision of 0.8387, recall of 0.8667, and F1-score of 0.8525, whereas the GMDH model yielded an AUC of
0.8476 and accuracy of 0.6207. Analysis of the flood susceptibility map generated by CNN-sim showed that
51.66% of historical flood locations were situated within the very high susceptibility class and 21.67% within the
high susceptibility class, confirming the strong predictive capability of the model.

Overall, the findings demonstrate that integrating the Fuzzy-WofE approach with deep learning techniques
significantly enhances flood susceptibility prediction accuracy. The CNN-sim model can therefore be considered
a reliable and efficient tool for flood risk assessment, watershed management, and spatial planning in flood-prone
regions.

Keywords: Flood Susceptibility Mapping; Fuzzy-Weight of Evidence (Fuzzy-WofE); Korganrud Watershed



