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Abstract 9 

Recurring urban Ňooding in large urban areas with drainage basins is one of the most serious 10 

crises requiring study due to its grave risks to life and property. the urban development of 11 

Riyadh is aīected by the frequent Ňooding of the Wadi Hanifa basin which covers the western 12 

and central parts of the city. The city has been impacted by numerous Ňash Ňoods leading to 13 

the inundaƟon of large areas. This study presents an integrated methodology based on 14 

machine learning (ML), geographic informaƟon systems (GIS), and remote sensing (RS) for 15 

Ňood suscepƟbility mapping (FSM). The methodology relies on Įve data sources: Landsat 8 16 

(OLI/TIRS) satellite, SenƟnel-1 SAR VH, SRTM DEM, CHIRPS Rainfall, and OpenStreetMap 17 

(OSM), in addiƟon to Įeldwork. A random forest algorithm (RF) was employed with historical 18 

Ňood maps being generated in Google Earth Engine (GEE) to train the random forest model in 19 

the Google Colab environment. The model results demonstrated the impact of drainage 20 

density, land use Land cover, and rainfall on urban Ňooding suscepƟbility. The model exhibited 21 

high discriminatory power with an area under the curve (AUC) of 0.90 and an overall accuracy 22 

of 0.90. The resulƟng Ňood suscepƟbility map indicates that 6.1% of the basin areas show very 23 

high Ňood suscepƟbility, 14.2% high suscepƟbility, and 25.6% moderate. The results also show 24 

that the neighborhoods of Center Uraija, Uraija, Derab, Ukaz, Marwwah, Uraid, Twaeeq-25 

Etaigah, and Hejrat Wadi Leban are highly suscepƟbility to urban Ňooding . The Ňood-26 

suscepƟbility maps are valuable tools for decision-makers as they oīer criƟcal insights into 27 

idenƟfying priority areas that require eīecƟve Ňood-miƟgaƟon management in vulnerable 28 

regions. 29 

Keywords: Urban Flood suscepƟbility; Machine Learning; Geographic InformaƟon System; 30 

Remote Sensing; Wadi Hanifa. 31 
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1. Introduction 39 

Floods are among the most devastaƟng natural disasters globally, causing signiĮcant loss of 40 

life and property damage, especially in arid regions due to unusual rainfall events (Jonkman, 41 

S.N., 2005; Yu, Q., et al., 2020; Tanoue, M., et al., 2021; Alharbi, T., 2024). Due to increased 42 

urbanizaƟon, climate change, insuĸcient drainage systems, increased extreme rainfall and the 43 

prevalence of impervious surfaces urban Ňooding—also known as urban deluge—is a rapidly 44 

expanding problem in modern ciƟes (D. Sowmya., et al., 2005; Park, K. & Choi, S, H., 2025). the 45 

global urban area inundated by Ňoods between 2000 and 2018 reached approximately 2.23 46 

million km2, aīecƟng about 255 to 290 million people annually (Tellman et al., 2021). 47 

AddiƟonally, Ňooding accounts for almost 30% of yearly natural disaster damages (Rodriguez, 48 

E. et al., 2021). Due to climate change, deforestaƟon, sea level rise, and populaƟon growth, an 49 

esƟmated two billion people will reside in Ňood-prone areas; this Įgure is predicted to double 50 

or rise within two generaƟons (Collins, T., 2004). the Sixth Assessment Report of the 51 

Intergovernmental Panel on Climate Change (IPCC) indicated that an 1∘C increase in global 52 

temperature would have a clear impact on rainstorm intensity, increasing it by up to 7% (IPCC., 53 

2023). StaƟsƟcs from the World Meteorological OrganizaƟon also show that urban Ňoods 54 

caused an average annual economic loss of 40 billion US dollars over the past decade, aīecƟng 55 

more than 150 million people, with over 80% of these losses occurring in developing countries 56 

(World Meteorological OrganizaƟon, 2021). The consequences of urban Ňooding are severe, 57 

encompassing loss of life, infrastructure and property damage, economic downturns, health 58 

hazards, and environmental polluƟon worldwide (Youssef, A.M. et al., 2016; Ramkar, P. & 59 

Yadav, S.M., 2021). The intensity and frequency of rainstorms have increased dramaƟcally due 60 

to human acƟvity, rapid urbanizaƟon, and rising temperatures and Ledes to an increase in 61 

impervious surfaces, which ampliĮes surface runoī and stresses sewage networks during 62 

heavy rainfall events (Mahmoud, S.H. & Gan, T.Y., 2018; Daksiya, V. et al., 2021; Gupta, L. & 63 

Dixit, J., 2023). This has made urban Ňood hazards worse and highlighted the necessity of 64 

understanding city suscepƟbility to Ňoods for successful damage miƟgaƟon eīorts (Zhang et 65 

al., 2025; Rogers et al., 2025; Tang et al., 2024; Yin et al., 2023). Concurrently, the massive and 66 

rapid urbanizaƟon witnessed in certain regions of the world—including Riyadh City—has 67 

substanƟally increased impervious surface areas. This weakens the soil's capacity to absorb 68 

rainwater naturally, leading to increased runoī rates within watersheds and subsequently 69 

creaƟng severe problems due to this Ňow (Bai et al., 2025). 70 

Urban Ňooding, while a natural occurrence, is signiĮcantly inŇuenced by human acƟviƟes. 71 

Recent decades have seen dramaƟc changes in land use and cover (LULC), including the 72 

reducƟon of green spaces and wetlands and the expansion of built-up areas, which have 73 

exacerbated the severity of urban Ňoods. (Boller, D. et al., 2019; Zhang, W. et al., 2018). 74 

SubstanƟal populaƟon growth in urban areas has worsened urban Ňooding, making it a 75 

signiĮcant global challenge (Kumar, M. et al., 2023). Given that more than half of the world's 76 

populaƟon resides in urban environments, high-density areas suīer from the Urban Heat 77 

Island (UHI) eīect and a relaƟve rise in aerosol concentraƟons, leading to noƟceable increases 78 

in precipitaƟon and consequently increasing Ňood risks (Sui, X. et al., 2024; Hirwa, H. et al., 79 

2023). By 2050, it is projected that 65% of the world's populaƟon will migrate to urban areas, 80 

driving further commercial and economic growth, which may exacerbate urban Ňooding 81 

(Dano, U.L. et al., 2019). Flood Risk Mapping (FRM) is essenƟal for assessing and miƟgaƟng 82 

Ňood risks caused by rainfall and dam overŇows, aiming to minimize damage to human life 83 

and property in Ňood-prone areas (Farhadi, H., & Najafzadeh, M., 2021). Three key factors 84 



 

 

make mapping urban Ňood events diĸcult: the urban landscape is extremely complicated with 85 

rivers at submeter resoluƟons; the Ňooding will be transient and shallow; and ponding will 86 

cause the Ňooding area to be disconƟnuous (Tanim, A. H., et al., 2022). 87 

Flood suscepƟbility concept refers to the probability of a speciĮc area being exposed to 88 

Ňooding, an inclinaƟon inŇuenced by environmental, topographic, and climaƟc factors, as 89 

previously menƟoned (Miranda, F., et al., 2023; Khan, T.I., et al., 2026; Bouchikhi, S., et al., 90 

2026). Given the severity of urban Ňooding as outlined, it is of paramount importance to focus 91 

on Ňood suscepƟbility mapping, parƟcularly in dense urban zones where Ňooding can result in 92 

massive losses of life and property (Hammond, M. J., et al., 2015; Shokouhifar, Y., et al., 2022). 93 

Flood suscepƟbility mapping represents an eīecƟve strategy for Ňood prevenƟon and 94 

miƟgaƟon, as it helps idenƟfy the most vulnerable zones and their probability of inundaƟon, 95 

thereby providing an opportunity for early prevenƟve intervenƟon (Vojtek, M.; Vojteková, J., 96 

2019; Burgan, H. I., & Icaga, Y., 2019; Shokouhifar. Y., et al. 2022). Notably, mapping urban Ňood 97 

suscepƟbility requires integraƟng geographical data sources—such as topographic maps, 98 

satellite imagery, and Digital ElevaƟon Models (DEMs)—with meteorological data and Įeld 99 

measurements, relying on soŌware and algorithms that synthesize these datasets to output 100 

results that help idenƟfy hazard zones and formulate preventaƟve soluƟons (Al-Abadi, A.M., 101 

et al., 2016; Tariq, A., et al., 2022; Kaya, C. M., & Derin, L., 2023). 102 

GIS has emerged as a widely adopted tool in Ňood hazard analysis due to its eĸciency in 103 

processing and analyzing spaƟal data, it plays a pivotal role in urban planning and 104 

environmental management by providing a spaƟal dimension for data analysis, which 105 

facilitates gaining more accurate and comprehensive insights (Alves, R.A., et al., 2024; 106 

Elkhrachy, I., 2015; Khoirunisa, N., et al., 2021). This methodology has proven its importance 107 

in achieving a more comprehensive understanding of Ňood risks by accounƟng for the various 108 

contribuƟng factors (Alharbi, T., 2024). MulƟ-Criteria Decision Analysis (MCDA) is one of the 109 

most prominent methods used to calculate urban Ňood suscepƟbility, helping decision-makers 110 

select the opƟmal alternaƟve when evaluaƟng oŌen compeƟng and conŇicƟng criteria 111 

(Mardani, A. et al., 2015; Zavadskas, E. K. et al., 2014; Siahkamari, S., et al., 2018; Souissi, D., 112 

et al., 2020; Nachappa, T.G., et al, 2020; Ozkiper, O. et al., 2024). The AnalyƟc Hierarchy Process 113 

(AHP), proposed by (Saaty, T. L., 2004), is the most common technique in this Įeld (Ahmed, F., 114 

& Kilic, K., 2019; Vaidya, O. S., & Kumar, S., 2006; Baalousha, H.M., et al., 2024; Mokhtari, E., 115 

et al., 2024; Sadek, M., & Li, X., 2019). It relies on expert opinions through pairwise 116 

comparisons, then derives relaƟve scales from comparison matrices, indicaƟng the decision-117 

maker’s preferences among diīerent alternaƟves regarding the criteria, alongside the weights 118 

of these criteria (Hammami, S., et al., 2019; Cikmaz, B., et al., 2022; Hosseini Sabzevari, S.A., 119 

et al., 2024). Both methods have contributed to the clear uƟlizaƟon of geographical inputs 120 

toward a deĮniƟve formulaƟon of hazard zones (Khoshkonesh, A. et al., 2024). AddiƟonally, 121 

Weighted Overlay Analysis (WOA) represents a powerful GIS technique that combines mulƟple 122 

informaƟon layers to produce a composite result (Kyne, D., 2023; Chen, Y., et al., 2023). It 123 

assigns speciĮc weights to each data layer based on its relaƟve importance, and then overlays 124 

these weighted layers to produce a single integrated analysis (Merchán, L. et al., 2023). As Ɵme 125 

progressed, the limitaƟons of tradiƟonal staƟsƟcal techniques in addressing Ňood 126 

suscepƟbility assessments led to the extensive adopƟon of various machine learning (ML) 127 

algorithms (Saha, A., et al., 2021). These algorithms have gained signiĮcant aƩenƟon due to 128 

their capacity to predict Ňood suscepƟbility and develop robust models tailored for this 129 

purpose (Wang, Y., et al., 2021; Ganjirad, M., & Delavar, M. R., 2023). Commonly uƟlized ML 130 

models in this domain include Random Forest (RF), Naive Bayes (NB), decision trees, ArƟĮcial 131 



 

 

Neural Networks (ANN), Support Vector Machines (SVM), K-Nearest Neighbor, and the index-132 

of-entropy (Liu, S., et al., 2021; Pham, B. T., et al., 2021; Ghosh, A., et al., 2022; Islam, S., et al., 133 

2022; Hasanuzzaman, M., et al., 2022; Sud, A., et al., 2023; ChakraborƩy, R., et al., 2023; 134 

Chowdhuri, I., et al., 2023). Each model brings unique advantages in eīecƟvely analyzing and 135 

forecasƟng potenƟal Ňood risks, thereby improving the reliability of Ňood management 136 

strategies (Seydi, S.T., et al., 2022; Gharakhanlou, N. M. & Perez, L., 2023; Debnath, J., et al., 137 

2024; Sun, J. Q., et al., 2026). Recent advancements in ArƟĮcial Intelligence (AI) and remote 138 

sensing technologies have transformed Ňood suscepƟbility assessments by enabling high-139 

precision predicƟons and near real-Ɵme monitoring (Deng, W., Zhou, J., 2013; Soltani, K., et 140 

al.m 2021; Maddodi, B.S., et al., 2026; Chang, D.L., et al., 2020). Despite advances in GIS, RS, 141 

geospaƟal datasets and machine learning, urban planning and Ňood control frequently depend 142 

on small datasets and convenƟonal analysis (Danumah, J. H., et al., 2026; Zhao, G., et al., 2019; 143 

Dodangeh, E., et al., 2020). The GEE is a Cloud CompuƟng Plaƞorm that facilitates the storage 144 

and processing of global Ɵme-series satellite images, aiding in analysis and decision-making 145 

(Gorelick, N., et al., 2017). 146 

Riyadh City, the capital of the Kingdom of Saudi Arabia and its largest urban center, holds 147 

immense urban weight, to the extent that it has become the largest city in Western Asia in 148 

terms of area and populaƟon (Rahman, M.T, et al., 2016; Khraif, R., et al., 2018). The city's 149 

locaƟon atop the Najd Plateau and east of the Tuwaiq Mountains has clearly contributed to 150 

the volume of water the city receives, despite its locaƟon reŇecƟng an arid desert climate 151 

characterized by high temperatures and scarce rainfall (Alghamdi, A.S., 2022; Alrasheedi, K.G., 152 

et al., 2023; Alharbi, T.; El-Sorogy, A.S., 2023). Riyadh's urban landscape has evolved 153 

tremendously, becoming one of the fastest-growing urban agglomeraƟons, driven by the 154 

developmental boom witnessed by the Kingdom in general, and parƟcularly over the past 155 

decade (Aina, Y.A., et al., 2019; Alotaibi, A., et al., 2022). Within half a century, Riyadh 156 

transformed from a small, walled old town into a modern city that has grown to over a hundred 157 

Ɵmes its original size, spanning an area of 2,435 km2 (ArRiyadh Development Authority (ADA), 158 

2016; Alqahtany, 2014; Al-Qahtany, A. M., & Walker, G., 2015). The valley basin occupies about 159 

55% of the city's total area, encompassing the western districts of the city alongside future 160 

urban expansion zones in the west and the slopes of the Tuwaiq Mountain. Riyadh's urban 161 

transformaƟon comprises Įve stages: The Įrst stage iniƟated by King Abdulaziz with the 162 

Murabba complex, followed by modern designs in the mid-1960s. The third stage featured the 163 

Dioxides urban master plan in the late 1960s. The fourth stage aligned with the oil boom in 164 

the mid-1970s and updates to the Riyadh Master Plan. The ĮŌh stage involved urban growth 165 

management, starƟng in late 1989 under the Ministry of Municipal and Rural Aīairs (Mubarak, 166 

F. A., 2004; Al-Hathloul, 2017; Altuwaijri, H., 2018 Amer, M., et al., 2021). The main objecƟves 167 

of the urban growth boundary project were: controlling haphazard urban sprawl by 168 

encouraging internal urban development, reducing the cost of providing infrastructure and 169 

faciliƟes for new developments through improved coordinaƟon, and ensuring the 170 

sustainability of the natural environment surrounding the city through appropriate 171 

conservaƟon measures (Sharif, H.O., et al., 2014; Nahiduzzaman, K.M., rt al., 2015; 172 

Abdelkarim, A., et al., 2019). 173 

The research's main goal is to locate and map Riyadh's Wadi Hanifa watershed's Ňood-prone 174 

zones. It uses an integrated framework that blends Earth observaƟon data with machine 175 

learning methods. This work improves knowledge of urban Ňood dynamics, parƟcularly in 176 

Riyadh, and provides a strong, data-driven basis for proacƟve urban planning and successful 177 

catastrophe risk reducƟon techniques. 178 



 

 

2. Study Area 179 

The study area is located in the western part of Riyadh City, speciĮcally within the catchment 180 

basin of Wadi Hanifa. Wadi Hanifa is one of the valleys of the Najd Plateau, whose tributaries 181 

originate from the Tuwaiq Mountains west of Riyadh, sloping downwards with the general 182 

terrain towards the east and southeast, ulƟmately terminaƟng at Wadi AS SAHBAA, north of 183 

Al-Kharj city. The valley extends west of Riyadh along a northwest-southeast axis with a length 184 

of up to 110 km, stretching between laƟtudes 24∘23′19′′ and 24∘57′40′′ N, and longitudes 185 45∘59′06′′ and 46∘53′53′′ E. The valley spans an area of 2,950 km2 west of Riyadh City, 186 

running across the eastern slopes of the Tuwaiq Mountains. In certain sectors, the valley basin 187 

is characterized by ferƟle soil, which fostered agricultural acƟvity in western Riyadh, 188 

historically serving as a center for human seƩlement in that region (Figure 1). The Wadi Hanifa 189 

basin consists of 2,392 streams and includes a group of important tributaries, such as Al-190 

Baqrah, Namar, Laban, Mahdiyah, Saīar, Mzair'ah, Al-Yusra, and Al-Ainiyah—all located in the 191 

western porƟon of the valley. Wadi Hanifa has long been a focal point for the Kingdom of Saudi 192 

Arabia due to its historical and environmental signiĮcance. An environmental rehabilitaƟon 193 

program was established to transform the valley into a natural park, in addiƟon to fostering 194 

other economic acƟviƟes within its basin; this is likely what prompted this study to monitor 195 

the Ňood suscepƟbility of urban areas inside the basin. The Wadi Hanifa basin contains the 196 

western porƟon of Riyadh's urban footprint; within its basin boundaries lie approximately 132 197 

residenƟal districts out of the 207 districts that make up the enƟrety of Riyadh. About 114 198 

residenƟal districts are fully located within the basin boundaries, while roughly 18 districts are 199 

parƟally located within it. 200 

 201 

 202 

Figure 1. location map of The Study Area . 203 



 

 

At the municipal level, around 14 of Riyadh's municipaliƟes fall within the boundaries of Wadi 204 

Hanifa, with 8 municipaliƟes enƟrely inside the basin and 6 parƟally within it. Furthermore, 205 

some of Riyadh's most densely populated districts lie within the basin's boundaries, such as 206 

Manfuha, Al-Marqab, Umm Salim, among others. In short, Wadi Hanifa served historically as 207 

one of the most vital hubs of human and cultural concentraƟon in the Najd Plateau region, 208 

beneĮƟng from the valley's waters that Ňowed strongly during Ňoods. While that was the past, 209 

the districts within its basin—especially the western part—represent future expansion zones 210 

for the city's western sector. Therefore, it is of paramount importance to idenƟfy the potenƟal 211 

exposure of these areas to urban Ňoods in light of changing climaƟc condiƟons in general, and 212 

rainfall paƩerns in the region in parƟcular. 213 

3. Material and Methods 214 

The study methodology focuses on mapping urban Ňood suscepƟbility in Wadi Hanifa through 215 

Ňood suscepƟbility modeling using inŇuencing factors. The proposed method of Flood 216 

SuscepƟbility Modeling (FSM) involves Įve main steps: (1) Data collecƟon and preparaƟon 217 

from datasets like USGS, COPERNICUS/S1, CHIRPS, and OSM; (2) ExtracƟon of 12 Ňood 218 

suscepƟbility indicators; (3) PreparaƟon of a Ňood inventory map and training dataset through 219 

change detecƟon algorithms; (4) ImplementaƟon of the Flood SuscepƟbility Model (FSP) 220 

across six stages; and (5) EvaluaƟon of model performance using a confusion matrix and four 221 

evaluaƟon metrics (Table. 1) (Figure 2). 222 

3.1.  Data collection and data preparation 223 

This study combined machine learning (ML), geographic informaƟon systems (GIS), and 224 

remote sensing (RS) to assess Urban Flood SuscepƟbility of the Wadi Hanifa Basin. It sought 225 

to determine Ňood-prone locaƟons and assess Ňood-condiƟoning elements crucial for urban 226 

design in the face of increasing Ňood threats. Urban Ňood SuscepƟbility was evaluated using 227 

twelve indicators, which were obtained from mulƟple datasets and are as follows: 228 

3.1.1. Landsat 8 (OLI/ TIRS) Satellite: In this study, the L8 satellite with OLI sensor, featuring 229 

nine spectral bands including panchromaƟc, visible, and near-infrared bands at a 230 

spaƟal resoluƟon of 30 m, was uƟlized for Ňood risk mapping (Al-Abadi, A.M., et al., 231 

2016; Ahmed, I.A., et al., 2022; Danso, S.Y., et al., 2024). The satellite data, accessible 232 

for analysis via Google Earth Engine (GEE) and downloadable from the USGS website, 233 

presents a challenge with cloud coverage. Consequently, images with less than 5% 234 

cloud cover were selected to enhance data accuracy as higher spaƟal resoluƟon 235 

contributes to improved map quality and reliability of risk indices. Three indices are 236 

generated using Landsat 8 satellite images: LU, NDVI, and NDWI. 237 

3.1.2. SenƟnel-1 SAR VH: The COPERNICUS/S1 collecƟon's SenƟnel-1 SyntheƟc Aperture 238 

Radar (SAR) images were used to analyze land surface features and idenƟfy Ňood-239 

prone zones. These images, which have a spaƟal resoluƟon of 10 m and verƟcal-240 

horizontal (VH) polarizaƟon, are very useful for mapping Ňoods, especially in regions 241 

that frequently observe cloud cover (Chini, M., et al., 2018; Vanama, V. S. K., &  Rao, Y. 242 

S., 2019; Lin, Y. N., et al., 2019; Liu, W., et al., 2021; PaƟ, A.; Sahoo, B., 2022; Islam, 243 

M.T.; Meng, Q., 2022; Duwal, S., et al., 2023). 244 

3.1.3. SRTM DEM: The SRTM DEM is an internaƟonal iniƟaƟve led by NASA and the NGA, 245 

uƟlizing a modiĮed radar sensor aboard the Space ShuƩle Endeavour during the STS-246 

99 mission in February 2000. It oīers a spaƟal resoluƟon of 30 m and height accuracy 247 

of 16 m (Zhang, K., et al., 2019; Aldiansyah, S.; Wardani, F., 2023; PanĮlova, T., et al., 248 



 

 

2024). The data, collected over a 10-day period from February 11 to 22, 2000, is freely 249 

accessible via GEE and the USGS website, hƩps://earthexplorer.usgs.gov/. Digital 250 

elevaƟon model data were used to derive the drainage network of the Wadi Hanifa 251 

basin, along with calculaƟng hydrological and geomorphological indicators such as 252 

elevaƟon, slope, aspect, curvature, Topographic Wetness, Topographic Roughness, 253 

Sedimentary Transport, and Stream Power. 254 

 255 

Table 1. Flood SuscepƟbility Datasets used in the Study. 256 

Dataset Data type 
Data 

Source 
Band Name ResoluƟon Usage 

MulƟ Spectral 
Satellite Data 

Landsat 8 
(OLI/TIRS) USGS 

Band-1 
Band-2 
Band-3 
Band-4 
Band-5 
Band-6 
Band-7 
Band-8 
Band-9 

Band-10 
Band-11 

Coastal/Aerosol 
Blue 

Green 

Red 

Near Infrared (NIR) 
Shortwave Infrared (SWIR) 1 

Shortwave Infrared (SWIR) 2 

PanchromaƟc 

Cirrus 

Thermal Infrared (TIRS)1 

Thermal Infrared (TIRS) 2 

30 

30 

30 

30 

30 

30 

30 

15 

30 

100 

100 

Produced a land use and 
land cover (LULC) map of the 

watershed. 
EsƟmate NDVI, NDBI. 

Radar Satellite 
Data 

SenƟnel-1 SAR 
VH 

COPERNICUS SLC 10 

uƟlized to map Ňoods by 
detecƟng surface water, 
even when there is cloud 

cover. 

Topographic 
Data 

SRTM DEM USGS SRTM DEM 30 

DerivaƟon of the drainage 
network and calculaƟons of 

hydrological and 
geomorphological indicators. 

Rainfall Data CHIRPS CHIRPS CHIRPS 5.0 Km 

Provide comprehensive and 
reliable rainfall data sets, 

integrated with in-situ 
meteorological records, to 

assess historical Ňood events 

Infrastructure 
Data 

Road Network 
Data 

Open Street 

Map (OSM)                          Polyline ShapeĮle 

assess exposure and 
accessibility during Ňood 

events. 
 257 

3.1.4. CHIRPS Rainfall:  CHIRPS was created in collaboraƟon with scienƟsts at the USGS Earth 258 

Resources ObservaƟon and Science (EROS) Center in order to deliver complete, 259 

reliable, up-to-date data sets for rainfall. CHIRPS database provides gridded 260 

precipitaƟon datasets with a 0.05° spaƟal resoluƟon over a span of more than 35 years 261 

(1981–2024) (Ren, H., et al., 2024). By integraƟng these datasets with in-situ 262 

meteorological records, high-resoluƟon precipitaƟon Ɵme series were reconstructed, 263 

vital for assessing historical Ňood events and seasonal rainfall variability. 264 

3.1.5. OpenStreetMap (OSM): In order to idenƟfy the most vulnerable sectors and direct 265 

response planning, OpenStreetMap (OSM) was uƟlized to evaluate infrastructure 266 

exposure to Ňood suscepƟbility and accessibility of Ňooded areas. 267 

Data processing and analysis were done using a variety of computer techniques. The 268 

creaƟon of Python scripts for staƟsƟcal analysis, machine learning, and data 269 

preprocessing—parƟcularly for Random Forest model training—was made easier by 270 

Google Colab. By integraƟng mulƟ-temporal data, Google Earth Engine (GEE) improved 271 

Ňood suscepƟbility mapping by providing access to satellite imagery and geographical 272 

analysis (Li, W., et al., 2022). ThemaƟc maps and topographic and hydrological indicators 273 

were produced using the SRTM DEM using ArcGIS. 274 



 

 

 275 

Figure 2. proposed methodology of the study. 276 

 277 

 278 

 279 

 280 



 

 

3.2. Flood Susceptibility indicators extraction  281 

Twelve indicators were used to assess urban Ňood suscepƟbility; these indicators were 282 

extracted using a variety of datasets and techniques, including the following: - 283 

3.2.1. AlƟtude: The SRTM DEM model used to extract point elevaƟon data in meters across 284 

the study area, ranging from 511 to 1063m. Higher elevaƟon points are less vulnerable 285 

to Ňood risk compared to lower ones, with summits having lower risk than hillside 286 

locaƟons. this map represents the terrain relaƟve elevaƟon of points and helps idenƟfy 287 

low-lying areas. 288 

3.2.2. Slope: The slopes, which derived from the SRTM DEM, ranges from 0–100 percent and 289 

is criƟcal for Ňood monitoring. In the case study, slope values were between 0–47.2%. 290 

Because steeper slopes enhance runoī velocity and decrease water accumulaƟon 291 

while ŇaƩer places promote Ňood retenƟon, this parameter is crucial for Ňood 292 

modeling. 293 

3.2.3. Aspect: This index, which is based on the SRTM DEM, improves the precision of Ňood 294 

risk mapping by calculaƟng pixel direcƟons per degree. It uses slope direcƟon and 295 

height to simulate the shape of the earth.  it determines the direcƟon of the slope, 296 

which has a major impact on paƩerns of water Ňow and accumulaƟon. 297 

3.2.4. Curvature: This index extracted using the Curvature Tool from SRTM DEM to Įnd 298 

concave regions that are suscepƟble to water accumulaƟon. 299 

3.2.5. Topographic Wetness Index (TWI): This indicator is calculated based on the digital 300 

elevaƟon model, which uses surface saturaƟon potenƟal analysis to idenƟfy regions 301 

that are vulnerable to water accumulaƟon. The following equaƟon is used to calculate 302 

it: 303 ܹܶܫ = ஺௦ఉ) ݊ܫ ) (1) 304 

 305 

where "β" is the tan slope and "As" is the Ňow accumulaƟon.   306 

 307 

3.2.6. Topographic Roughness Index (TRI): The Terrain Roughness Index gauges the 308 

irregularity of the terrain, which has an impact on Ňoodwater dispersion and water 309 

Ňow resistance. It is computed using the following formula: 310 

ܫܴܶ 311  = ( ஺௩௚ − ெ௜௡ெ௔௫ − ெ௜௡.) (2) 312 

 313 

where "Avg," "Min," and "Max" stand for the average, lowest, and highest alƟtude 314 

values inside a given neighborhood framework. 315 

 316 

3.2.7. Sedimentary Transport Index (STI): this indicator evaluates the capacity of the streams 317 

to transport the sediment which eīect greatly in drainage system eĸciency and 318 

determine the basin's suscepƟble to erosion regions. This indicator can be esƟmate 319 

using the following formula: -  320 

ܫܶܵ 321  = ( ஺௦22.13)0.4 ) ܆ ௌ௜௡ ఉ0.0896)1.3
 (3) 322 

 323 

where "β" is the tan slope and "As" is the Ňow accumulaƟon.   324 



 

 

3.2.8. Stream Power Index (SPI): This indicator quanƟĮes the potenƟal energy for erosion 325 

and sediment transport in a watershed, combining Ňow accumulaƟon and slope data 326 

to highlight areas with high erosive potenƟal. This indicator can be esƟmate using the 327 

following formula:  328 

ܫܲܵ 329  = ݏܣ)) ݊ܫ + ) ܆ (0.001 ఉ100) + 0.001) (4) 330 

 331 

where "β" is the tan slope, "As" is the Ňow accumulaƟon, and the constant "0.001" 332 

avoids problems with a zero logarithm. 333 

 334 

3.2.9. Land Use and Land Cover (LULC): Land Use and Land Cover data were derived from 335 

Landsat 8 satellite imagery, with over 98% of the area within the 166/43 scene and 336 

about 2% in the 165/43 scene. The Landsat 8 satellite image dated 3 April 2026 was 337 

used in the classiĮcaƟon with a cloud cover of 7.85%. A random forest algorithm 338 

classiĮed the images aŌer mosaicking, precedes preprocessing that included color, 339 

radiometric, and spectral enhancements, along with atmospheric correcƟon via the 340 

FLAASH applicaƟon. Biophysical indices, such as Normalized Diīerence VegetaƟon 341 

Index (NDVI) and Normalized Diīerence Built-Up Index (NDBI) (Fu, S., et al., 2022; 342 

Wang, C., et al., 2023), were calculated to enhance segmentaƟon accuracy based on 343 

the following EquaƟons: 344 

 345 

ܫܸܦܰ  = (ேூோ − ோேூோ+ ோ ܫܤܦܰ 346  (5)  ( = (ௌௐூோ − ேூோௌௐூோ+ ேூோ ) (6) 347 

where SWIR stands for short infrared, NIR for near-infrared, and R for red. VegetaƟon 348 

values can be extracted using NDVI values ranging from +1 to −1. Values between 0.2 349 

and +1 are classiĮed as vegetaƟon (Goward, S. N., et al., 1991; de Moraes, R.B.F.; 350 

Gonçalves, F.V., 2024; Zhu, X., et al., 2024). 351 

3.2.10. PrecipitaƟon:  The Climate Hazards Group InfraRed PrecipitaƟon with StaƟon data 352 

(CHIRPS) was used to extract precipitaƟon in the study area. About the 161-point 353 

coverage of the Wadi Hanifa basin, data was processed using the IDW algorithm to 354 

generate rainfall maps. Vector data was managed in the WGS 1984 coordinate system, 355 

zone 39 north, with an output cell size of 250 meters, where pixels with no rain data 356 

were assigned a value of zero. 357 

3.2.11. Drainage Density: The Wadi Hanifa basin's drainage network was taken from the 358 

SRTM DEM, and Arc GIS's Line Density algorithm was used to determine the surface 359 

water drainage pathways. Drainage Density is crucial to understand the watershed’s 360 

capacity to evacuate Ňood water. 361 

3.2.12. Distance to Roads: The Open Street Map (OSM) database is used to calculate the 362 

distance to roads using the Euclidean Distance Tool. This illustrates how the road 363 

system may serve as a conduit or a barrier for Ňoodwater. 364 

 365 

 366 

 367 

 368 



 

 

3.3. Flood inventory map preparation and training data-set 369 

3.3.1. Inventory Map preparation 370 

SenƟnel-1 SAR data were processed by Įltering and clipping to the relevant research area for 371 

model training. A binary raster was created through change detecƟon analysis comparing pre- 372 

and post-Ňood mosaics, where Ňooded = 1, and non-Ňooded = 0, with a detecƟon threshold 373 

set at 2.0. Water change detecƟon uƟlized SenƟnel-1 imagery through GEE code, comparing 374 

images from Ňood occurrence and non-Ňooded days. Data related to the Ňoods that happened 375 

on July 22, 2021 (lower risk), February 12, 2017 (medium risk), December 10, 2022 (greater 376 

risk), and April 12, 2026 (highest risk) were included in this study. The Ňooded area included 377 

all of the sample data at the risk state. Based on the staƟsƟcs, the places with the lowest risk 378 

level are those samples where Ňoods did not occur. 379 

3.3.2. Collection of Training Data 380 

The quality and dependability of the Įnal map are greatly impacted by the performance of the 381 

tesƟng and training sets, so collecƟng sample data is crucial when mapping the Ňood risk. A 382 

dataset of 200 training points was randomly selected, comprising 100 Ňooded points (labeled 383 

1) and 100 non-Ňooded points (labeled 0) (Figure 3). Random Ňood points were manually 384 

created based on Įeld knowledge of Ňood-prone areas and compared with Ňood raster data 385 

from GEE. Non-Ňood points were established in areas not prone to Ňooding, considering 386 

locaƟon, slope, and elevaƟon. To eliminate isolated misclassiĮed Ňood pixels, ConnecƟvity 387 

analysis was applied. 388 

 389 

Figure 3. Model training data location map.  390 



 

 

 391 

3.3.3. Flood Factor Extraction for Sampling Points 392 

The values of the twelve Ňood condiƟoning factors were extracted at the 200 sampling points 393 

during the data preparaƟon stage. In order to assign the precise Ňood factor values to each 394 

Ňooded and non-Ňooded locaƟon, the point dataset and the accompanying theme layers were 395 

spaƟally intersected. Each sampling point is linked to an enƟre set of Ňood condiƟoning 396 

variables in the feature matrix (organized aƩribute table) that is produced as a result of this 397 

procedure. The Random Forest model is trained and validated using this processed dataset as 398 

input. 399 

3.4. Implementation of the (FSP) Model 400 

Flood suscepƟbility mapping (FSM) is essenƟal for prevenƟng disasters, but it is sƟll diĸcult in 401 

areas with liƩle data since hydrodynamic models need extensive geophysical inputs. The 402 

dataset obtained from the extracƟon of Ňood condiƟoning factors was used for Ňood 403 

suscepƟbility modeling. Variable deĮniƟon, dataset parƟƟoning, and model preparaƟon for 404 

training and validaƟon are the main tasks of the workŇow. Figure 3 provides an overview of 405 

the overall scienƟĮc approach uƟlized to idenƟfy the Ňood-prone locaƟons. The 406 

implementaƟon of the model went through six consecuƟve stages, which are as follows: 407 

3.4.1. Defining Variable: The model was deĮned using training samples collected from 408 

Ňood-prone and non-Ňood-prone locaƟons in the study area, where those samples were 409 

used as dependent variables and the sixteen variables were used as independent 410 

variables. 411 

3.4.2. Partitioning Dataset: In this step, the training sample groups that were randomly 412 

collected were divided so that 75% of them amounƟng to 150 samples, were used as a 413 

training group for the model while 25% of them amounƟng to 50 samples were 414 

designated as test samples. This step aims to evaluate the model's performance. 415 

3.4.3. Selecting Model: In this step, the Random Forest (RF) classiĮer was chosen because 416 

of its resilience and eīecƟveness in handling intricate, non-linear geographic data. 417 

Despite the training sample size's small size (200 points), it was judged adequate 418 

because the sampling approach guaranteed representaƟve coverage of the watershed's 419 

varied hydrological and environmental condiƟons. The RF model is a renowned 420 

supervised classiĮcaƟon method that combines predicƟve trees. Each tree depends on 421 

a random input vector and is equitably distributed among all trees in the forest. It is 422 

widely uƟlized for classifying high-dimensional and mulƟ-modal data (Breiman, L., 2001; 423 

Wang,Z., et al., 2015; Yu,P.S., et al., 2017).  424 

3.4.4. Training and Validation: AŌer being trained on the training subset, the model was 425 

assessed on the test subset. Overall Accuracy and the Receiver OperaƟng CharacterisƟc 426 

(ROC) curve, whose area under the curve (AUC) enables evaluaƟon of the model's 427 

capacity to disƟnguish between Ňooded and non-Ňooded areas, were used to quanƟfy 428 

its performance. 429 

3.4.5. Prediction and Mapping: To forecast Ňood suscepƟbility for every pixel in the 430 

research region, the trained and veriĮed Random Forest model was applied to the enƟre 431 

watershed at a resoluƟon of 30 m. The Flood SuscepƟbility Map (FSM), which oīers a 432 

conƟnuous spaƟal representaƟon of Ňood risk, was created using these probabiliƟes. 433 

3.4.6. Exporting and Post-processing: The results were exported in shapeĮle and 434 

GeoTIFF formats, compaƟble with geographic informaƟon systems for spaƟal analysis. 435 



 

 

PredicƟon results in GeoTIFF were integrated into ArcGIS for post-processing. For urban 436 

planning and disaster management, conƟnuous probability values were reclassiĮed into 437 

Įve categories: Very Low, Low, Medium, High, and Very High, using the natural break 438 

(Jenks) method to opƟmize value grouping. 439 

 440 

3.5. Model Performance Evaluation 441 

Several staƟsƟcal indicators were used to evaluate the classiĮcaƟon models' performance in 442 

order to determine the accuracy and dependability of the predicƟons. To gain a local and 443 

global assessment of the model's discriminaƟve capability, these metrics are obtained from 444 

the confusion matrix and then enhanced by the study of the ROC curve and the area under 445 

the curve (AUC). 446 

3.5.1. Confusion Matrix: The essenƟal instrument for assessing classiĮcaƟon models is 447 

the confusion matrix. It classiĮes events into four primary outcomes by comparing the 448 

model's predicƟons with observaƟons in a conƟngency table (Table 2). Pixels that are 449 

accurately categorized as posiƟve, or Ňood pixels (P), or negaƟve, or non-Ňood pixels 450 

(N), in the machine learning method for Ňood suscepƟbility are known as True PosiƟves 451 

(TP) or True NegaƟves (TN), respecƟvely. Similarly, falsely recognized Ňood pixels and 452 

non-Ňood pixels are called False PosiƟves (FP) and False NegaƟves (FN). 453 

 454 

Table 2. Flood SuscepƟbility Confusion Matrix. 455 

 456 

Predicted Values 

Observed values 

 P N 

P TP FN 

N FP TN 

 457 

3.5.2. EvaluaƟon Metrics: Four evaluaƟon metrics are calculated from confusion matrix as 458 

following: 459 

Precision or User Accuracy, which quanƟĮes the raƟo of correct posiƟve predicƟons to the 460 

total posiƟve predicƟons made by a model, represented by a speciĮc equaƟon:  461 

 462 

݊݋݅ݏ݅ܿ݁ݎܲ 463  = ( ்௉்௉+ ி௉)  (7) 464 

 465 

 466 

Recall or Producer Accuracy, which illustrates the model's capacity to accurately idenƟfy every 467 

instance that is truly posiƟve, represented by the following equaƟon: 468 

 469 

 470 ܴ݈݈݁ܿܽ = ( ்௉்௉+ ிே)  (8) 471 

 472 

F1-score, which integrates recall and precision into a single staƟsƟc, oīering a fair assessment 473 

of these two metrics and correlates to their harmonic mean. It is computed using the following 474 

formula: 475 

 476 



 

 

1ܨ − ݁ݎ݋ܿܵ = (2 (௉௥௘௖௜௦௜௢௡ ௑ ோ௘௖௔௟௟௉௥௘௖௜௦௜௢௡ + ோ௘௖௔௟௟ )  (9) 477 

 478 

Overall Accuracy (OA), which is the proporƟon of accurate forecasts to total observaƟons. It is 479 

provided by the equaƟon 480 

ݕܿܽݎݑܿܿܣ ݈݈ܽݎ݁ݒܱ 481  = ( ்௉+்ே்௉+்ே+ ிே+ி௉)  (10) 482 

 483 

3.5.3. ROC & AUC: the Receiver OperaƟng CharacterisƟc (ROC) is a curve that shows a 484 

classiĮer technique's performance across all classes and illustraƟng how the True 485 

PosiƟve Rate (TPR) and False PosiƟve Rate (FPR) relate to one another at various 486 

categorizaƟon criteria. the x-axis represents the FPR and the y-axis represents the TPR. 487 

The TPR and FPR rates are obtained from the following EquaƟons:  488 

 489 

 490 ܴܶܲ = ( ்௉்௉+ ிே)   (11) 491 ܴܲܨ = ( ்ே்ே+ ி௉)  (12) 492 

 493 

 494 

AUC is a staƟsƟcal metric that may be used to summarize the ROC graph and evaluate a 495 

classiĮer model's ability to diīerenƟate between classes. The computaƟon of these 496 

parameters is:  497 ܥܷܣ = (்௉+்ே௉+ ே )  (13) 498 

 499 

where N is the number of non-Ňooded points and P is the number of Ňooded posiƟve points. 500 

4. Results 501 

4.1. Flood susceptibility indicators  502 

Twelve elements that aīect urban Ňoods were used in the study; these factors were taken 503 

from four major databases. From very low to very high, nine of these characterisƟcs were 504 

categorized into Įve levels of suscepƟbility (Figure 4). The other three factors are an aspect 505 

map classiĮed by cardinal and intermediate direcƟons (north, south, east, west, northeast, 506 

northwest, southeast, southwest, and Ňat); a curvature map that disƟnguishes between 507 

concave, convex, and Ňat surfaces in order to ascertain how topography aīects water 508 

accumulaƟon and runoī; and a land use map that oīers a comprehensive classiĮcaƟon, 509 

diīerenƟaƟng between vegetaƟon, bare soil, urban areas, and water bodies areas. 510 

The Wadi Hanifa basin AlƟtude gradually from northwest to southeast, resulƟng in a network 511 

that primarily Ňows northwest to southeast. Low-lying areas (very high) comprise 18.5% of the 512 

basin's area and are the most suscepƟble to water accumulaƟon and Ňooding, while higher-513 

lying areas (very low) cover 13.7% and are also the least prone to Ňooding, as the higher 514 

elevaƟons accelerate water movement and prevent accumulaƟon. 515 

 516 



 

 

 517 

 518 

Figure 4. Flood susceptibility indicators map.  519 



 

 

 520 

Slope aīects urban Ňooding suscepƟbility. Water accumulaƟon is lower in the high-slope 521 

areas, which cover 2.5% of the basin's area, while it is higher in the low and Ňat slopes, which 522 

cover 56.6%. Slopes are steeper in the western mountainous part of the basin including the 523 

Tuwaiq Mountains, and gentler in the southeastern and eastern parts.  524 

Aspect reŇects the inŇuence of both elevaƟon and slopes. Certain slope paƩerns strongly 525 

aīect the Ňow and accumulaƟon of surface water, parƟcularly in Ňat areas or those sloping 526 

southeast, east, and south, covering 1.7%, 15%, 16.1%, and 12.7%, respecƟvely. 527 

The curvature map consists of three categories: concave, convex, and Ňat, the curvature 528 

exacerbates this risk. Flat areas covering about 12.1% provide limited natural drainage network 529 

while concave areas covering 41.5% are potenƟal water accumulaƟon hotspots increasing the 530 

risk of Ňooding. 531 

The Stream Power Index (SPI) reŇects the ability of drainage network to Ňow and carry 532 

sediment, resulƟng in higher erosion rates and increased water velocity. Very High levels cover 533 

about 3.1% of the basin and are concentrated within drainage network and their Ňow zones 534 

as indicated by the blue color covering the western part of the basin. Areas where drainage 535 

network are not present are Very Low levels covering 51.6% and appearing densely in the 536 

eastern and southern parts of the basin. 537 

The high Sedimentary Transport Index (STI) in the western areas indicates high sediment 538 

movement, which can obstruct drainage channels, exacerbate Ňooding, and increase erosion 539 

rates, covers 19.7% of the basin. The low levels in the eastern and southern parts of the basin 540 

are inŇuenced by the low slopes and fewer drainage network. 541 

The low Topographic Roughness Index (TRI) in 11.1% of the basin indicates the Ňat topography 542 

and the lack of natural obstacles aīecƟng water movement in the eastern part. The western 543 

part is characterized by high TRI values covering 12.1%, due to the inŇuence of topographic 544 

condiƟons, resulƟng in rough terrain and irregular surfaces, which in turn resist and disperse 545 

Ňoodwater Ňow.  546 

The high Topographic Wetness Index (TWI) in the west reŇects high saturaƟon levels and 547 

therefore a high probability of Ňooding, covering 18.2% of the area. Conversely, the lower-548 

lying areas in the east, covering 23.5%, have a lower probability of Ňooding. 549 

Drainage density is high in the central and southern parts of the basin due to the extensive 550 

network of canals, which eĸciently drain Ňoodwaters under normal condiƟons but lead to 551 

water accumulaƟon and Ňooding during peak rainfall. It is noted that 10.4% of the basin has a 552 

high drainage density increasing the probability of Ňooding during peak rainfall. The lower-553 

lying areas covering 7.6% are located along the basin margins. 554 

The rainfall map shows high precipitaƟon rates during the study period (2000–2023) 555 

parƟcularly in the southern and eastern parts of the basin ranging between 123 mm and 172 556 

mm. There were periods of high rainfall exceeding these averages highlighƟng the region's 557 

suscepƟbility to heavy rainfall events. SpaƟal variaƟons decrease across most of the basin with 558 

concentraƟon in the east and south thus exacerbaƟng downstream Ňood risks. This increased 559 

local rainfall combines with accumulated surface runoī from the upper northwest resulƟng in 560 

a mulƟplier eīect of Ňooding. 561 



 

 

Roads are densely concentrated in the eastern part of the basin in areas of high drainage 562 

density. This increases Ňood risk and impedes the natural drainage system when roads 563 

intersect with them and acƟng as barriers or becoming waterways when running parallel to 564 

them especially at low levels. It is esƟmated that 55.1% of the basin has a high road density 565 

while 27.5% has a low density. 566 

The land use land cover map clearly reŇects its impact on Ňooding. Impermeable surfaces in 567 

built-up areas covering 23.5%, signiĮcantly reduce water inĮltraƟon, thus increasing the 568 

volume and velocity of surface runoī. Green spaces and bare soil covering 2.4% and 73.1% 569 

respecƟvely, also miƟgate Ňooding potenƟal by facilitaƟng water inĮltraƟon and impeding its 570 

advance. 571 

4.2. Importance of Flood indicators  572 

Analysis of the relaƟve importance of Ňood indicators, based on a random forest model, 573 

reveals the speciĮc contribuƟon of each indicator to Ňood suscepƟbility within the Wadi Hanifa 574 

basin west of Riyadh (Figure 5). The analysis indicates that drainage density, land use, rainfall, 575 

and TRI are the four most signiĮcant factors in determining Ňood occurrence in the study area, 576 

accounƟng for 14.2%, 12.9%, 12.3%, and 10.3%, respecƟvely. 577 

Drainage density is the most inŇuenƟal factor in predicƟng Ňood suscepƟbility and thus 578 

reŇects the crucial role of surface water networks. High drainage density indicates areas of 579 

concentrated water networks and consequently concentrated surface runoī especially during 580 

heavy rainfall. This leads to these channels reaching their maximum capacity resulƟng in 581 

backwater eīects and overŇow. Given the concentraƟon of surface water networks in the 582 

middle and lower parts of the basin, which are linked to dense urban areas and acƟviƟes, this 583 

Įnding highlights the urgent need to expand and maintain drainage infrastructure in these 584 

hydrologically densely networked areas. 585 

Figure 5. Flood susceptibility indicators Importance.  586 



 

 

Land use ranks second in importance, highlighƟng the impact of impermeable water surfaces 587 

on Ňooding parƟcularly in the central, southern, and eastern parts of the basin. This Įnding 588 

underscores the dangers of urban expansion in basins and reŇects the importance of ensuring 589 

that buildings and structures are compaƟble with water Ňow condiƟons, so as not to impede 590 

the Ňow of water networks or contribute to their saturaƟon and subsequent Ňooding. This 591 

result indicates the strong correlaƟon between urbanizaƟon and Ňooding, thus necessitaƟng 592 

the adopƟon of future urban development plans that do not negaƟvely aīect the dynamics of 593 

basins and surface water networks. 594 

Rainfall is the third most important factor, highlighƟng the direct impact of rainfall intensity on 595 

Ňooding. Although the total annual rainfall in the region ranges between 123 and 173 mm, 596 

sudden Ňash Ňoods are a deĮning characterisƟc. The region may experience prolonged periods 597 

without rain followed by sudden intense downpours that generate large quanƟƟes of surface 598 

runoī exceeding the capacity of surface water networks resulƟng in devastaƟng Ňoods. This 599 

underscores the need for Ňood management to prioriƟze rainwater capture and drainage 600 

along with land-use regulaƟon to encourage inĮltraƟon and urban drainage parƟcularly in the 601 

eastern and southern regions where rainfall-induced Ňooding is exacerbated by surface runoī 602 

from the northwest. 603 

The TRI index ranks fourth in relaƟve importance for Ňooding reŇecƟng the impact of surface 604 

regularity on Ňooding within the basin especially in the western part. This results in a steady 605 

Ňow of water towards the central, eastern, and southern regions, which have impermeable 606 

surfaces and mulƟple runoī obstacles leading to signiĮcant Ňooding. This highlights the 607 

necessity of conƟnuous dredging of the main wadi channel and the importance of a robust 608 

arƟĮcial drainage network capable of handling excess Ňoodwater to prevent Ňooding. 609 

Secondary factors, such as aspect, curvature, SPI, and alƟtude have a moderate impact on 610 

Ňood suscepƟbility, accounƟng for 8.8%, 8.8%, 7.3%, and 6.2%, respecƟvely. These factors 611 

include three topographical factors that reŇect the importance of surface shape and 612 

topography in Ňooding parƟcularly aspect and curvature. Aspect inŇuences the direcƟon of 613 

surface water networks, concentraƟng water Ňow and thus increasing the likelihood of 614 

Ňooding. Curvature, on the other hand, contributes to water accumulaƟon and concentraƟon 615 

in speciĮc areas further increasing Ňood risk and leading to land inundaƟon in conjuncƟon 616 

with other factors. The SPI index also reŇects the strength of the water current and its erosive 617 

potenƟal, increasing water speed and consequently contribuƟng to Ňooding. Given the low 618 

topographical range of the basin, which is 525 meters with elevaƟons ranging from 511 to 619 

1036 meters, the alƟtude index plays a signiĮcant role in Ňood probability due to the gradual 620 

elevaƟon gradient from northwest to east and southeast. 621 

In contrast, variables such as Distance to Roads, Slope, TWI, and STI show a relaƟvely smaller 622 

impact, at 5.5%, 5.0%, 4.9%, and 3.8%, respecƟvely. While these factors contribute to local 623 

variaƟons, their overall impact is diminished by other parameters. Although the Distance to 624 

Roads index is important because impermeable road surfaces impede natural water inĮltraƟon 625 

and direct surface runoī, its concentraƟon within a limited area somewhat reduces its 626 

signiĮcance. Similarly, the low local variaƟon in the Slope index also diminishes its importance 627 

as the basin is predominantly gently sloping (56.5%), which strongly inŇuences Ňooding. The 628 

low weighƟng of TWI, despite its role in surface saturaƟon potenƟal, is likely due to its high 629 

values being concentrated in the western part of the basin, which does not spaƟally intersect 630 

with Ňooding sites. The same applies to the STI index, which reŇects sediment transport 631 

capacity, erosion, and increased water velocity. 632 



 

 

4.3. Random Forest Model Performance 633 

4.3.1. Confusion Matrix Analysis 634 

The Random Forest model's confusion matrix provides a comprehensive evaluaƟon of the 635 

accuracy of its Ňood classiĮcaƟon. It features a verƟcal axis represenƟng actual values—0 636 

indicaƟng no Ňooding and 1 indicaƟng Ňooding—and a horizontal axis depicƟng the predicted 637 

values based on the same coding. In the analysis involving 50 tesƟng observaƟons, the model 638 

successfully idenƟĮed 24 actual Ňooded regions as Ňooded (True PosiƟves) and accurately 639 

classiĮed 21 non-Ňooded regions as not Ňooded (True NegaƟves). However, it misclassiĮed 640 

one Ňooded area as not Ňooded (False NegaƟve) and erroneously predicted four non-Ňooded 641 

areas as Ňooded (False PosiƟves). 642 

4.3.2. Performance Indicators  643 

As shown in (Table 3), the performance measures highlight the classiĮcaƟon model's eĸcacy 644 

through both class-speciĮc and overall indicators. The model's precision for the "Not Flooded" 645 

class is 0.96, which indicates that 96% of the locaƟons classiĮed as not Ňooded are accurate. 646 

Nevertheless, an F1-score of 0.90 resulted from the recall score of 0.84, which shows that 16% 647 

of real non-Ňooded areas were mistakenly labeled as Ňooded. In contrast, the model achieves 648 

a high recall rate of 0.96 for the "Flooded" class, correctly recognizing 96% of Ňooded locaƟons; 649 

however, the precision is somewhat lower at 0.86 because to false posiƟves, resulƟng in an 650 

F1-score of 0.91. The model's overall accuracy is 0.90, meaning that out of 50 test samples, 651 

90% of the predicƟons were accurate. Both weighted averages (precision = 0.94, recall = 0.87, 652 

F1-score = 0.91) and macro averages (precision = 0.91, recall = 0.90, F1-score = 0.91) show a 653 

robust and balanced performance across classes, demonstraƟng the model's strong predicƟve 654 

ability while taking the real distribuƟon of observaƟons into account. 655 

 656 

Table 3. Flood SuscepƟbility Model Performance Metrics. 657 

 precision Recall F1-score Overall 
Non-Ňooded 0.96 0.84 0.90 25 

Flooded 0.86 0.96 0.91 25 

Overall Accuracy   0.90 50 

Macro Average 0.91 0.90 0.91 50 

Weighted Average 0.94 0.87 0.91 50 

 658 

 659 

4.3.3. ROC Analysis and AUC 660 

The Random Forest model's Receiver OperaƟng CharacterisƟc (ROC) curve produced an Area 661 

Under the Curve (AUC) of 0.90. This outcome shows that the test dataset has a strong ability 662 

to disƟnguish between Ňooded and non-Ňooded classes. As seen in (Figure 6), the high AUC 663 

value highlights the model's dependability in precisely detecƟng Ňood-prone areas, displaying 664 

both high precision and minimum error. 665 

 666 

 667 

 668 



 

 

 669 

Figure 6. Random Forest model ROC-AUC curve. 670 

 671 

4.4. Flood Susceptibility Map 672 

The Wadi Hanifa watershed's Įnal Ňood suscepƟbility map shows a varied spaƟal distribuƟon 673 

of Ňood risk across diīerent zones (Figure 8). The greatest percentage, 27.7%, is categorized 674 

as Very Low suscepƟbility, meaning that there is liƩle risk to infrastructure components. On 675 

the other hand, places classiĮed as Low suscepƟbility (26.4%) present a manageable danger, 676 

whilst areas classiĮed as medium suscepƟbility (25.6%) require careful management and 677 

hydrological control because they are at a transiƟonal risk level. Because high vulnerability 678 

zones (14.2%) are frequently associated with dense urban development and extensive 679 

drainage systems, they necessitate increased aƩenƟon and the applicaƟon of unique Ňood 680 

prevenƟon and miƟgaƟon techniques. Because of their increased impermeable surfaces and 681 

decreased inĮltraƟon, these variables enhance the risk of Ňooding caused by runoī. 682 

In addiƟon, areas classiĮed as Very High suscepƟbility, which account for 6.1% of the total 683 

area, require ongoing surveillance and prompt Ňood risk reducƟon measures to protect people 684 

and infrastructure. These crucial hotspots, which are shown in blue on the map, are mostly 685 

found in low-lying urban areas such Center Uraija, Uraija, Derab, Ukaz, Marwwah, Uraid, 686 

Twaeeq-Etaigah, and Hejrat Wadi Leban, as well as close to important drainage routes. These 687 

locaƟons are especially vulnerable to Ňash Ňoods, possible infrastructure damage, and the 688 

possibility of having to relocate populaƟons during extreme weather events due to their 689 

geographic locaƟon and fast urbanizaƟon. The necessity of customized Ňood management 690 

strategies based on vulnerability levels across various watershed areas is highlighted by this 691 

thorough invesƟgaƟon. 692 



 

 

 693 

Figure 7. Wadi Hanifa Flood susceptibility map. 694 

 695 

5. Discussion  696 

This research explores a novel approach to assessing urban Ňood suscepƟbility by leveraging 697 

the capabiliƟes of machine learning algorithms, geographic informaƟon systems (GIS), and 698 

remote sensing technologies (RS). Central to this methodology is the use of Google Earth 699 

Engine (GEE), idenƟĮed as an advanced tool that facilitates the rapid and eĸcient generaƟon 700 

of diverse parameters necessary for Ňood suscepƟbility analysis. The research is speciĮcally 701 

applied to Riyadh, a major city in West Asia, where the Wadi Hanifa river system traverses the 702 

western and central regions, highlighƟng the study's relevance to rapidly urbanizing areas 703 

facing Ňood risks. 704 

This study employed a combinaƟon of twelve carefully selected indicators, aligned with 705 

previous Ňood suscepƟbility analysis methodologies such as those of (Seydi, S.T., et al., 2022; 706 

Danumah, J. H., et al., 2026), which uƟlized machine learning algorithms to study Ňood 707 

suscepƟbility. These indicators were divided into three main categories: topographical 708 

(alƟtude, slope, aspect, and curvature), hydrological (rainfall, SPI, STI, TWI, TRI, and drainage 709 

density), and human (LU/LC and distance to roads). The quality of the input parameters has a 710 

direct impact on how reliable these classiĮcaƟons are. Previous studies highlight the 711 

signiĮcance of various indicators in assessing urban Ňooding. For instance, (Youssef, A.M., et 712 

al., 2016) uƟlized seven indicators for their invesƟgaƟon into urban Ňooding in Jeddah. 713 



 

 

Similarly, (Hammami, S., et al., 2019) applied eight indicators in their research focused on 714 

northeastern Tunisia. Furthermore, (Sadek, M., & Li, X., 2019) employed Įve indicators to 715 

analyze Ňooding in Ras Gharib, Egypt. These studies collecƟvely underscore the diverse 716 

methodologies adopted in urban Ňooding research across diīerent geographical contexts. 717 

The study examined urban Ňood suscepƟbility using Įve established data sources, from which 718 

twelve criteria were extracted. IniƟal processing of the data aimed to recƟfy errors that could 719 

compromise the accuracy of the outcomes. The algorithms implemented for data processing 720 

and result generaƟon received posiƟve evaluaƟon; nonetheless, it is important to note 721 

potenƟal error margins, especially concerning rainfall data sourced from CHRIPS (Climate 722 

Hazards Group InfraRed PrecipitaƟon with StaƟon data). A signiĮcant limitaƟon idenƟĮed was 723 

the lack of a historical Ňood database for the speciĮed study area. To counter this gap, the 724 

study adopted the use of SenƟnel-1 radar imagery, reŇecƟng methodologies previously 725 

uƟlized by researchers such as (Chini, M., et al., 2018; Vanama, V. S. K., & Rao, Y. S., 2019; 726 

Duwal, S., et al., 2023). This approach highlights the innovaƟve eīorts to leverage advanced 727 

imaging technology in unearthing historical Ňood data, providing a foundaƟonal framework 728 

for assessing Ňood risks in urban environments. 729 

The study employed the random forest model to evaluate Ňood suscepƟbility achieving 730 

notable accuracy in disƟnguishing between Ňooded and non-Ňooded regions. The 731 

performance was quanƟĮed using the ROC curve and confusion matrix reŇecƟng the model's 732 

robust ability to accurately locate Ňood zones with an impressive AUC value of 0.9. This 733 

indicates that the model eīecƟvely diīerenƟates these areas based on criƟcal analyƟcal 734 

indicators supported by a well-structured training and validaƟon dataset.  735 

Despite its strong performance the AUC value of 0.9 is slightly lower than those reported in 736 

previous studies: (Danumah, J. H., et al., 2026) with 0.94, (Farhadi, H. & Najafzadeh, M., 2021) 737 

at 0.91, (Duwal, S., et al., 2023) with 0.91, and the notably high AUC of 0.9935 by 738 

(Gharakhanlou, N. M. & Perez, L., 2023). Conversely the model outperformed the Įndings of 739 

(Sun, J. Q., et al., 2026), who reported an AUC of 0.856, and (Debnath, J., et al., 2024) with an 740 

AUC of 0.893. The variances in AUC values can be associated with local environmental 741 

condiƟons and the speciĮc predicƟve variables uƟlized which include drainage intensity, land 742 

use, and rainfall—idenƟĮed as crucial elements impacƟng Ňooding events. The model 743 

demonstrated remarkable eĸcacy in idenƟfying Ňooded areas evidenced by a low rate of false 744 

negaƟves recording only one out of 50 samples misclassiĮed. A minor occurrence of false 745 

posiƟves (four instances) indicates a slight overesƟmaƟon of Ňood risk. Overall, the model 746 

showcases balanced performance metrics including accuracy, recall, and F1 scores, 747 

culminaƟng in an overall accuracy rate of 0.90. The stability of these Įndings is further 748 

corroborated by the convergence of both overall and weighted average, reinforcing the 749 

reliability of the random forest model in Ňood suscepƟbility assessment. 750 

Overall, the results are reliable and provide a strong scienƟĮc foundaƟon for urban planning 751 

and disaster risk reducƟon strategies to the relevant Saudi Arabian Kingdom authoriƟes. This 752 

study also highlights the importance of integraƟng historical data, advanced forecasƟng 753 

models, and mapping techniques to beƩer advise Ňood control methods. The ongoing 754 

collecƟon and integraƟon of ground and satellite measurements, as well as the creaƟon of 755 

predicƟve models, will gradually increase the accuracy of Ňood risk maps and reduce the 756 

damaging eīects of Ňoods on people and infrastructure. 757 

 758 



 

 

6. Conclusion 759 

This study conducted a comprehensive assessment of urban Ňood suscepƟbility in the Wadi 760 

Hanifa basin situated west of Riyadh. It employed an integrated methodology that combined 761 

machine learning algorithms (ML), geographic informaƟon systems (GIS), and remote sensing 762 

technologies (RS) to pinpoint areas at high risk of Ňooding. The creaƟon of a Ňood suscepƟbility 763 

map is a signiĮcant outcome of this research serving as a criƟcal tool for local authoriƟes to 764 

idenƟfy Ňood-prone zones and implement eīecƟve miƟgaƟon strategies.  765 

In total, Įve key data sources were uƟlized in this analysis: Landsat 8 (OLI/TIRS) satellite 766 

imagery, SenƟnel-1 SAR VH data, the ShuƩle Radar Topography Mission (SRTM) Digital 767 

ElevaƟon Model (DEM), CHIRPS Rainfall data, and OpenStreetMap (OSM) informaƟon. 768 

ComplemenƟng the data analysis Įeldwork was conducted to gather real-Ɵme data and 769 

validate the Įndings enhancing the reliability of the model's predicƟons. 770 

The study speciĮcally uƟlized a random forest model to evaluate urban Ňood suscepƟbility by 771 

focusing on twelve indicators categorized into three main groups: Topographic indicators 772 

included AlƟtude, slope, Aspect, and curvature; Hydrological Indicators like drainage density, 773 

Topographic Wetness Index (TWI), Topographic Roughness Index (TRI), Sedimentary Transport 774 

Index (STI), and Stream Power Index (SPI) were considered; Human Factors focused on land 775 

use/land cover and Distance to Roads. 776 

The Įndings indicated that drainage density, land use/land cover paƩerns, and rainfall were 777 

the primary factors aīecƟng Ňood suscepƟbility within the Wadi Hanifa basin. The applicaƟon 778 

of the random forest model (RF) has criƟcally advanced the understanding of the interplay 779 

between these factors and urban Ňood vulnerability providing essenƟal insights for future 780 

urban planning and disaster preparedness iniƟaƟves. 781 

Five main steps make up the study methodology: collecƟng and preparing data from sources; 782 

extracƟng 12 Ňood suscepƟbility indicators; using change detecƟon algorithms to create a 783 

Ňood inventory map and training dataset; applying the (FSM) over six stages; and evaluaƟng 784 

model performance using four evaluaƟon metrics and a confusion matrix. 785 

The applicaƟon of the random forest algorithm in machine learning achieved high reliability 786 

with an area under the curve (AUC) of 0.9. Precision was 0.96 for unŇooded areas and 0.86 for 787 

Ňooded areas while Recall reached 0.84 for unŇooded and 0.96 for Ňooded areas. The F1-score 788 

was 0.90 for unŇooded and 0.91 for Ňooded. Overall Accuracy was 0.9 indicaƟng the model's 789 

eīecƟveness in idenƟfying Ňood-prone areas in the basin. Strong alignment between the 790 

predicted signiĮcant-risk zones on the suscepƟbility map and the observed Ňood sites was 791 

demonstrated by the model's validaƟon during the Ňood occurrence on April 12, 2026. The 792 

analysis indicates that 24 observed Ňood points occurred in regions categorized as High to Very 793 

High Ňood risk thereby validaƟng the eīecƟveness of the risk assessment model. In contrast, 794 

only one Ňood occurrence was documented in areas classiĮed as Low Risk further supporƟng 795 

the model's reliability concerning Ňood risk predicƟon. 796 

The resulƟng Ňood suscepƟbility map indicates that 6.1% of the catchment areas show very 797 

high Ňood suscepƟbility, 14.2% show high suscepƟbility, and 25.6% show moderate Ňood 798 

suscepƟbility. The results also show that the neighborhoods of Center Uraija, Uraija, Derab, 799 

Ukaz, Marwwah, Uraid, Twaeeq-Etaigah, and Hejrat Wadi Leban are highly suscepƟbility to 800 

urban Ňooding . 801 



 

 

The Įndings underscore the signiĮcant role of machine learning, Geographic InformaƟon 802 

Systems (GIS), and remote sensing applicaƟons in managing urban Ňood risks. There is an 803 

urgent need to improve infrastructure designs to eīecƟvely manage Ňood strength and 804 

concentraƟon. ConƟnuous Ňood monitoring is criƟcal parƟcularly in urban areas along with 805 

the acƟvaƟon of robust early warning systems aimed at miƟgaƟng the impact of Ňoods thereby 806 

reducing loss of life and property. The study advocates for urban planners, real estate 807 

developers, civil authoriƟes, and decision-makers to adopt a comprehensive methodology that 808 

guides development and urban growth away from Ňood-prone areas and contribuƟng to an 809 

integrated and sustainable urban environment. 810 
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Abbreviations 820 

ML Machine Learning  

KSA Kingdom of Saudi Arabia 

GIS Geographic InformaƟon System 

RS Remote Sensing 

FSM Floods SuscepƟbility Map 

RF Random Forest  

OSM Open Street Map  

CHIRPS The Climate Hazards Center Infrared PrecipitaƟon with StaƟons 

TWI Topographic Wetness Index 

TRI Topographic Roughness Index 

STI Sedimentary Transport Index 

SPI Stream Power Index 

LULC Land Use and Land Cover 



 

 

NDVI Normalized Diīerence VegetaƟon Index 

NDBI Normalized Diīerence Built-Up Index 

GEE Google Earth Engine  

ROC Receiver OperaƟng CharacterisƟc 

AUC Area Under the Curve 

TP True PosiƟves 

TN True NegaƟves 

FP False PosiƟves 

FN False NegaƟves 

TPR True PosiƟve Rate 

FPR False PosiƟve Rate 
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  T W I = I n    (   A s  𝛽 )
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