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Figure 1- Geographical location of the Qarasu Watershed.
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Figure 3- Evidence of flooding in the study area (a) and (b) Qarasu River (c) and (d) Gorgan City.
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6- Soil Type

7- Average Annual Rainfall

8- Rainfall Intensity

9- Stream Frequency

10- Infiltration Number

11- Stream Power Index

12- Topographic Wetness Index
13- Topographic Position Index
14- Profile Curvature

15- Normalized Difference Vegetation Index
16- Distance to River
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Table 1- Basic maps used for the study area.

. . Information
Map Year Scale/pixel size Extracted Source
. . Geology and
Geological map of 2002 1:100,000 Different classes of o o1 Exploration
Golestan province geology M
Organization of Iran
. Iranian Surveying
Topography Map 1:50,000 Organization
!_andsat 8 satellite 2021 50%50 (m) NDVI Umt«::-d States
images Geological Survey
Golestan Province
Land use map of 2017 1:100,000 land use classes 7 gricultural and
Golestan province Natural Resources
Research Center
Annual Rainfall - ) Meteorological
Rainfall contour map 2000-2021 50*50 (m) Intensity of Daily orolog
) Organization
Rainfall
Aerial photos 1:40,000

Digital Elevation

12.5%12.5 (m)

Elevation-Slope-
Curvature-TPI-

Japan Space Agency

Model (DEM) TWI-SPI-SF-DD-
DFR-IN*
: * Classification of Soil map of
Soil type ] 50*50 (m) soil units Golestan Province

Do b 9, 5l abold ( iSa) (ST aal ] Sl waal ] g Gasls (ol i Cugb (s (ol g Susdge asli
*: Topographic Position Index, Topographic Wetness Index, Stream Power Index, Stream Frequency, Drainage Density, Distance to River,

Infiltration Number.
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Figure 4- Flood conditioning factors of the study area.
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Figure 8- Flood hazard zonation maps by implementing TCN, GRU and LSTM models.

Table 2- Area of hazard classifications and flood occurrence, FR and SCALI.

Flood Flood Flood Pixel of Pixel of Frequency Seed
Model hazard point point s0nes zones ratio (FR) (%) SCAI
Zones (%) (%)
Very low 2 3.39 59811 34.66 0.03 3.39 10.23
Low 1 1.69 5185 3.00 0.02 1.69 1.77
TCN Moderate 2 3.39 10399 6.03 0.03 3.39 1.78
High 5 8.47 19354 11.22 0.08 8.47 1.32
Very high 49 83.05 77799 45.09 0.83 83.05 0.54
Very low 0 0.00 11474 6.65 0.00 0.00 0.00
Low 2 3.39 47759 27.68 0.03 3.39 8.17
GRU Moderate 10 16.95 37988 22.02 0.17 16.95 1.30
High 45 76.27 58944 34.16 0.76 76.27 0.45
Very high 2 3.39 16383 9.49 0.03 3.39 2.80
Very low 3 5.08 64819 37.57 0.05 5.08 7.39
Low 3 5.08 16099 9.33 0.05 5.08 1.83
LSTM Moderate 6 10.17 19795 11.47 0.10 10.17 1.13
High 12 20.34 32493 18.83 0.20 20.34 0.93
Very high 35 59.32 39342 22.80 0.59 59.32 0.38




VED 5ul DAY ol 5)led ¥ 5.l ¥4 5,90

sladle ;0 o) 5,5 Al ig)0plil 05 o pas
gy ¥ s o)lgale 5l oolatwl LYY g YNV
)‘ ;S.a M u.‘>Lm.n u.ul...u‘ » oJ.a—‘ Cowddy Cul...a W)
2 el el olyy g (K Bble 4 bgye
9 S5 Bblio Cmluwe ili8l b aids slo Jlo
Pl e aihie Ko cdl o sl g el
9 S 6 pddeh oo Jdoar el)y slaiie;
Sllgy 51 (sd3u ohy jsba (65,0l Slles
shole 5 00,5 algio |y e olas, 5l oo LSS
ol @l &l p el Jow Sod 5l xS el sl
Gl a8l oS j8 65 ol Sl gl

AUSS 5 Y Jgoz)

T

Slawi plee Sgzge (ooed 9 it abal, plaly
sloag slr coipa b slbagy 5 Jow LIS
S o sl sl b RS LS s L

Wt Joho Colus axls 5 Sl (FR)
dgy 2l JLalS GesSae 5 a3 jsbay SCAD
w33l LSTM 5 TCN (sla Jas ;5 FR a5l
slaojll by ks 5 9b3) s laes; )3 9 39
SCAl o3ls alS Wy, 09 Jgd JB ]
el g Jow g0 opl e 0,8l busmolis
1, GRU Jue SCAI s FR a3ls g0, slao;lail
ST Jgaz) d9s Joud BB okl 6,
Ot Oeey S S ne Slosed oS bl
@ Slge DTS Ads) smbalie 2,
SleMbl 51 6,80y b oasas o wyls (S 4
h rmbple oMie Glgie ome) 628

YeVe g VY o lo )0 osdaalllas dibais slag )5 colune -Y Jou
Table 3- Land use area of the study area in 2017 and 2020.

Land use Area-2017 (km?) Percent-2017  Area-2020 (km?) Percent-2020
Water 1.84 0.11 3.173 0.19
Forest 566.63 33.93 559.45 33.50
Crops 857.55 51.35 852.869 51.07
Built Area 110.22 6.60 117.067 7.01
Bare Ground 1.17 0.07 0.501 0.03
Rangeland 132.60 7.94 136.94 8.20
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Figure 9- Distribution of different land uses in 2017 and 2020.
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Table 4- Specifications of Flood points (Village boundaries).

Village City X Coordinates Y Coordinates Yearsof Event  Number of Flood Events LSTM Class TCN Class GRU Class
Chapaghli Turkaman 240343.4601  4094039.54  1992-2010-2016 3 Low Very High  Moderate
Sejwal Turkaman 2429929336 4086180.688 2005-2010-2010 3 High Very High High
Deraznow Kurdkoy 245089.9309 4062058.652 1991-2010-2012 3 Very Low  Very Low Low
Khajehlor Turkaman  251327.666  4093047.907 2010-2012-2019 3 High Very High High
Kelasingal Gorgan  259997.249 4076636.17  2009-2010-2012 3 Very High  Very High High
Ziarat Gorgan  274752.8091 4065446.493  1992-2009-2016 3 Very Low  Very Low Low
Gharesu Turkaman 236788.7583 4079589.751 1996-2016 2 Very High  Very High High
Zaboli Mahalleh Alia  Turkaman 246624.7537 4084286.727 2001-2015 2 Very High  Very High High
Panjpeikar Turkaman 247020.7155 4092993.221 2010-2019 2 Very High  Very High High
Chahardeh Kurdkoy 248483.9749 4076149.027 2008-2015 2 Very High  Very High High
Gorji Mahalleh Kurdkoy = 252420.2122 4078186.303 1995-2015 2 High Very High High
Miander Kurdkoy 252433.9407 4073938.937 1994-1995 2 High Very High  Moderate
Dangalan Khajeh Kurdkoy 253484.6607 4076200.621 1995-2009 2 Very High  Very High High
Islamabad Kurdkoy 254401.8022 4076780.802 1998-1998 2 Very High  Very High High
Shamushk Sefli Gorgan  256670.8215  4073715.1 1991-2008 2 Very High  Very High High
Shamushk Alia Gorgan  256721.6967 4071417.124 1991-2008 2 Moderate ~ Moderate High
Nodije Gorgan  256837.8233 4080410.933 2009-2010 2 Very High  Very High High
Gamishlinezar Turkaman 257825.4829 4089181.611 2012-2014 2 High Very High High
Kafshgiri Gorgan  258137.6751 4076171.111 2012-2014 2 High Very High High
Nochman Gorgan  259463.2838 4072287.414 2008-2009 2 Very High ~ Moderate High
Qajar Kalajan Gorgan  259513.7298 4079348.402 2009-2012 2 High Very High High
Laddwin Gorgan  260632.8664 4083958.788 2012-2014 2 Very High  Very High High
Versen Gorgan  261439.5657 4080710.643 2012-2014 2 Very High  Very High High
Hashemabad Gorgan  263510.1259 4086210.227 2012-2014 2 Very High  Very High  Moderate
Sistani mahalleh Gorgan  266184.178  4088004.824 2012-2014 2 High Very High  Very High
Ojaben Gorgan  267628.7135 4083503.844 2012-2012 2 Very High  Very High High
Mamaee Gorgan  268078.1848 4086307.586 2012-2014 2 Very High  Very High High
Qurbanabad Gorgan  271874.2084 4090241.602 2012-2014 2 Very High ~ Very High High
Chaharchenar Gorgan  282031.7223 4087738.507 2012-2015 2 Very High ~ Very High High
Tuskastan Gorgan  284428.6017 4073389.346 1999-2015 2 Moderate Low Moderate
Niazabad Turkaman 239860.0426 4082916.471 2014 1 Low Very High  Moderate
Zaboli Mahalleh Sefli  Turkaman 245003.2564 4083338.651 2014 1 Moderate  Very High  Moderate
Ivanabad Turkaman 246223.9609 4086962.233 2016 1 Moderate  Very High High
Ghareghashli Turkaman 248120.2042 4087222.216 2016 1 Very High  Very High High
Zera Mahalleh Kurdkoy 251541.9095 4076670.823 1995 1 Very High  Very High High
Khorramabad Kurdkoy —251899.2717 4073370.745 2014 1 Very High  Very High High
Gharetappeh Turkaman 252299.1659 4086756.372 2014 1 Very High  Very High High
Mofid Abad Kurdkoy 252374.7581 4077491.216 2014 1 Very High  Very High High
Chagar Kurdkoy  253186.597  4072782.776 2008 1 Very High  Very High High
Dangalan Sadat Kurdkoy 253982.8568 4076274.988 1995 1 Very High  Very High High
Namen Kurdkoy 254461.1587 4074132.877 1999 1 Very High  Very High High
Kalajan Sadat Gorgan  258241.1164 4079215.344 2012 1 High Very High High
Esbomahleh Gorgan  258722.052 4076342.22 2012 1 Moderate  Very High High
Takhshi mahalleh Gorgan  259595.0915 4083575.394 2012 1 Very High  Very High High
Seddon Gorgan  261226.8251  4076702.61 2003 1 Low High Moderate
Seyed Miran Gorgan  261820.7543 4075375.732 2008 1 Very Low High Moderate
Touch Gorgan  262387.8743 4080731.359 2012 1 Very High  Very High High
Suleiman Tepe Gorgan  263296.6182 4088887.134 2010 1 Moderate  Very High Moderate
Kalu Gorgan  263415.7744 4077517.002 2002 1 Very High High Very High
Lamlang Gorgan  265463.771  4082722.216 2009 1 Very High  Very High High
Mahmud's Castle Gorgan  265777.2645 4085685.087 2012 1 Very High  Very High High
Saadabad Gorgan  266222.0673 4077996.068 1998 1 High High High
Zangian Gorgan  268113.7446  4082199.885 2014 1 Very High  Very High High
Shourhayat Gorgan  274005.5287 4093402.999 2012 1 High Very High High
Etrachal Gorgan  274723.8306 4087406.148 2016 1 Very High  Very High High
Sultanabad Gorgan  277573.5456  4088809.55 2012 1 High High Moderate
Nodeh Sharif Gorgan  283562.1783 4090871.566 2014 1 Very High  Very High High
Sarkhankelate Gorgan  283562.2087 4085835.689 2012 1 Very High  Very High High
Shamsabad Gorgan  285745.7945 4087952.288 2012 1 Very High  Very High High
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Figure 11 - ROC curve of hazard maps to flood events resulting from TCN, GRU, and LSTM models.
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Figure 12 - Cost curve of hazard maps to flood events resulting from TCN, GRU, and LSTM models.
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Extended Abstract

Introduction and Goal
Flooding is one of the most destructive natural disasters with social, economic and
environmental consequences. Therefore, machine learning methods have been developed to
model and predict it. The purpose of this research was to zone and predict flood hazard using
three deep learning models, including Gated Recurrent Unit (GRU), Long Short-Term Memory
(LSTM) and Temporal Convolutional Network (TCN) models, and to introduce the most
suitable ones in the Qarasu watershed of Golestan Province. The most important innovation of
this research was comparing its results with the results of other research related to susceptibility
zonation within the country, using new deep learning models, and considering the most flood
factors to determine the most efficient model and increase the accuracy of flood prediction
maps.

Materials and Methods
The research area of the Qarasu watershed in Gorganwas was selected. Then maps of the
effective factors were collected and prepared. In this study, 16 factors were selected as
independent variables and information received from the Ministry of Energy and field visits
were selected as dependent variable. Then, a flood event distribution map was prepared. To
model and predict flood susceptibility, the flood event distribution map was divided into two
groups of experimental points (30%) and training points (70%). After running the TCN, LSTM
and GRU models, the maps obtained from flood hazard zonation maps were classified into five
classes: very low, low, moderate, high and very high. Finally, the classification accuracy and
validation of the zonation and prediction maps were evaluated the flood susceptibility was
predicted, and the most appropriate model was selected.

Results and Discussion
To prepare a flood event zonation map, spatial data of 59 flood occurrence points (dependent
variable) were collected using available information and by analyzing radar images acquired
before and after flood events in Google Earth. Each of these locations experienced 10 recorded
and documented flood events during the 20- year study period (2004—2024).
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Of the total dataset, 70% were randomly selected and divided as training data and 30% as test
data for model implementation and validation, respectively. In the next step, 16 factors in the
form of environmental groups, hydrology, watershed topography along with climatic data (as
independent variables) for zonation and modeling. The classification accuracy of the models
was evaluated using two indices, frequency ratio (FR) and kernel cell area (SCAI). The results
showed that most flood areas were in the high-hazard class (high and very high) and the largest
share of the area of the region was also related to these areas. In addition, based on the area
under the relative operator curves and cost, it was determined that the most efficient,
appropriate, and cost-effective model was the TCN model compared to the LSTM and GRU
models. Among the models studied, the highest and lowest areas under the relative operator and
cost curves of the TCN model were 0.92 and 0.08, respectively. The results of this study showed
that, based on the TCN model, 45% of the area of the region was in the very high susceptibility
class, containing 83% oflood events. Also, based on the LSTM model, 23% of the region
contained 60% of the flood events, and based on the GRU model, 10% of the region contained
4% of the flood events. The flood hazard zonation maps obtained in this study can be the basis
for planning and crisis management caused by flood events, reducing flood hazard, and
managing it. Furthermore, based on the excellent performance of all three TCN, LSTM, and
GRU models, the results of this research are necessary and essential for the development of
future projects of various organizations operating in many developing countries.

Conclusion and Suggestions

After running all three TCN, LSTM, and GRU models, the AUC-ROC index results in both
training and testing step showed excellent performance of the mentioned models. The maps
prepared from flood hazard zonation using all three models indicated high accuracy in zone
classification and appropriate distribution of flood points in high and very high class. The fit of
the TCN model in predicting flood occurrence in the test phase was better compared to the other
two models. The evaluation of classification accuracy and validation of the models showed that
two TCN and LSTM models, having the appropriate thresholds for classification, are the
priority of their application for zonation and predicting the hazard of flooding. Finally, in this
study, the area under the value or cost curve index values for TCN, LSTM, and GRU models
were obtained as 0.08, 0.10, and 0.11, respectively. Based on the importance of morphometric
features in the zoning of flood hazard maps, it is suggested that future research should use these
metrics along with other common metrics in the preparation of zoning maps. Furthermore,
based on the findings of this study, the application of deep learning methods and their
combinations is recommended. It is also suggested that novel hybrid approaches and suitable
optimization algorithms be investigated and evaluated in other watersheds of Golestan Province.
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