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Extended Abstract
Introduction
Developing countries are particularly vulnerable to floods due to inadequate infrastructure, limited financial resources,

and lack of advanced technology for mitigating flood impacts. Therefore, there is a critical need to develop high-
performance flood forecasting models to delineate flood-sensitive areas. The frequency, lethality, and economic
impact of floods have spurred the scientific community to create sophisticated algorithms and models to manage the
inherent complexity of these natural events. Data mining algorithms have revolutionized scientific research by
extracting patterns from vast, unstructured datasets and predicting future trends in complex natural phenomena.
Machine learning techniques, a vital subset of data mining methods, excel in making accurate predictions by
addressing data limitations and preventing overfitting with proper configuration. Previous studies have demonstrated
that machine learning algorithms significantly improve the speed and accuracy of mapping potential flood risks.
Consequently, this study aims to develop a flood susceptibility map for a region in Khuzestan province using
advanced machine learning algorithms. This region has experienced frequent floods, leading to substantial human
and financial losses. Notably, during the floods of 2018, villages near the Dez and Karkheh dams encountered severe
challenges.

Materials and Methods

The preparation of the flood risk map is based on two key hypotheses: (1) the past is indicative of the future,
implying that future hazards will occur under conditions similar to those of past events, and (2) flood risk
conditioning factors are spatially related and can be utilized in forecasting models. To test these hypotheses, the
locations of past floods were obtained from relevant authorities and verified through field visits. These locations
were randomly divided into two groups: a training group (70%) and a validation group (30%). Data on flood risk
conditioning factors, including topography, hydroclimatic conditions, and geological information, were collected
and used to create raster maps of these predictive factors. The locations of flood points were treated as dependent
variables. Machine learning algorithms, specifically Support Vector Machine (SVM), Generalized Linear Model
(GLM), Flexible Discriminant Analysis (FDA), and Random Forest (RF), were applied to generate the flood risk
map. The performance of the models was assessed using the area under the receiver operating characteristic curve
(ROC) with the validation group data (30% of the flood points), and the best-performing model was selected. The
final flood risk map was then produced based on this optimal model.

Results and Discussion

According to the collinearity analysis of the 13 factors influencing floods, all factors had tolerance thresholds greater
than 0.1 and variance inflation factors less than 5. Therefore, collinearity was not an issue, and no factors needed to
be removed. Flood susceptibility modeling was conducted using four models: SVM, GLM, FDA, and RF. The
resulting flood hazard maps from these models were classified into five risk categories: very low, low, medium, high,
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and very high. The results indicated that all four models identified flat lands and surface runoff margins as areas with
higher flood susceptibility. In all models, more than half of the study area was classified as having low and very low
flood risk. Specifically, the SVM, GLM, FDA, and RF models identified 73.9%, 69%, 72.6%, and 63.9% of the area,
respectively, as low and very low risk, with the remainder falling into medium to very high risk categories.
Additionally, the RF and GLM maodels indicated a larger portion of the region was at high to very high risk, with
4.7% and 3.9% of the area classified as high risk, respectively.Among the four models, the RF model demonstrated
the highest performance, with an area under the curve (AUC) value of 98.8%.

Conclusion

Predicting high-risk areas is crucial for guiding decisions and implementing preventive measures. This study
evaluated the performance of four machine learning models—SVM, GLM, FDA, and RF—in preparing a flood
hazard map for a part of Khuzestan province, using the area under the ROC curve as the evaluation metric. The
results revealed that the RF model achieved the highest accuracy, with an area under the curve of 98.8%, and was
identified as the most suitable model for predicting flood risk areas. According to this model, the areas classified
as very low, low, medium, high, and very high risk accounted for 34.2%, 29.7%, 18.9%, 12.4%, and 4.7% of the
region, respectively. Additionally, the GLM and FDA models demonstrated acceptable accuracy, with AUC values
of 76.3% and 75.2%, respectively. These results underscore the efficacy of machine learning models in predicting
flood risk areas. Given the increasing population, urban development, and infrastructure expansion in mountainous
areas and floodplains, it is essential to develop various hazard susceptibility maps and multi-hazard maps for
sustainable development. Future research should focus on evaluating different machine learning models and
creating hazard maps for other potential hazards in the region, ultimately leading to the development of
comprehensive multi-hazard maps. The findings of this research will assist decision-makers and policymakers in
making informed planning decisions for both current and future land use and infrastructure development.
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Figure 1- Land Use/Land Cover (LULC) map and the location of study area in Khuzestan province, Karkheh and Karoon Basins,

3 atly Jolse olgisds s LIS Cundye (e A 45
S5k bt oSl Jew jlad ik Ay (sl A8 485 L
i) s Js! (RFY g FDA® .GLM? SVMY) il
2oy Vo) omiwliel 09,5 (slaodly I ealinl b gyl I
A Collog 53 b s Je (e 9 €85 900 (- b

b Bl Jhe cp e olsly Jow £989 Sl (S STy

o £ Ui 1 25 g YY)
9 b @lie glojlu i adlaie > O g8y LIS Conbge
9 IS Al je o Al po pl oS oloml oAb ag ()50
Conoscenti et al., ) cul jlod Cowlus did dpd ;3 pho
Ll cuilyyy o bl ol 5 Sy Cusbes s b)) (2013
LB Y JSB b plosl 55 Gl laddjl b jl jlas ayae
YYY Jolis adds opl o i ) Juw go8g blas STy,

% Functional discriminate analysis
4 Random forest

Iran

o (g, Y-
Sy 0pdiee plxl ansyd 93 eluly Jow jhs A dgs
cov Sl albbe a8 xe cpl 4wl odb] IS alis
193 g M3l oo 3]l 03l Fy 4SS (> asl b e Loyl
Wlgi g 9 0351 Laiye i (S Jlas Sl s 589 2 he Jelos
Reichenbach et al., ) wgu solitul i s Slas )
ale plojlo jl bl claoMuws g8y Joo (plply (2018
g om e slodjl bl g )98 (50350l 5 (xnbo
09,5 5 (103 Ve ) Uhjoel 09,5 atd g5 &y (Balai & g0y
4 boye GleMbl jups A ppndd (o pd ¥o)  uwylzel]
(SSny Sl dex I e by 2 S5 Jelss
Sy M8 g (yglaer opb g wlidine) «saslily)rn
(Jitaws) 048" sty Jolse clgisas ol bgrye (sloyial)ly

1 Support vector machin
2 Generalized linear model



YYY

e Ol (6150 (S g, (b))

;Y (Nachappa et al., 2020) c8,5 |3 oslatwl 3)50 ouis

walacYJSw)))J:deﬁwy@)J)bgwl)fbdu
ol 038 3l851 CumBgo S yo b i

bli cpl 5l aops Ve o sl o ggbgpic g 99 Cusbge
4 g3l se 2] 8 )3 diusly o lsisay (ol &)gon,
Ay il Como u.;l.g‘))‘ LS‘)’. o..\.'sl.ouélg Joyd Ve 9 W) M)f

33°0'0"N

*\\. ~

T

T
32°0'0"N

31°0'0"N

30°0'0"N

T T
48°0'0"E 49°0'0"E

0 12.525 50 75 100

48°U:0"E 49°0.'0"E

T
50°0"0"E

33°0'0"N

32°0'0"N

31°0'0"N

Km

30°0'0"N

50°0|'0"E

adllle 3,90 Akt ;> M E9Bgac 9 989 LU ISy -F JSS

Figure 2- Distribution of flood occurrence and non-occurrence points in the study area
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Figure 4 - Flood susceptibility map of a part of Khuzestan province based on the SVM, GLM, FDA, and RF models
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