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Abstract:

Urban flooding, also known as urban deluge, is a critical environmental challenge faced by modern cities due to
rapid urbanization, poor drainage infrastructure, and increasing occurrences of extreme weather events induced
by climate change. The dense concentration of buildings, roads, and impervious surfaces in urban areas prevents
water from naturally percolating into the ground, causing water to accumulate quickly during heavy rainfall.
Such urban floods result in severe damage to property, disruption of transportation and communication systems,
and loss of human lives.

The need for a reliable and efficient system to detect and monitor urban deluge in real-time is crucial for
minimizing socio-economic impacts and aiding disaster management authorities in their mitigation efforts. This
project presents an intelligent urban deluge detection system that utilizes satellite imagery and machine learning
techniques for accurate and timely identification of flood-affected areas in urban environments. High-resolution
satellite images, including multispectral land synthetic aperture radar(SAR) data, are collected to observe ground
conditions before, during, and after heavy rainfall events. These images provide critical information such as
changes in water bodies, surface reflectance, and terrain elevation, which are vital indicators of flooding.

The collected satellite data is pre-processed to enhance image quality, remove noise, and extract relevant
features. Important attributes such as water coverage, impervious surfaces, vegetation, and elevation are derived
using image processing techniques. These features are then fed into machine learning models, particularly
Convolutional Neural Networks (CNNs),which are well-suited for image classification tasks due to their ability
to automatically learn spatial hierarchies of features from raw data. The CNN model is trained using labeled data
sets containing images of both flooded and non-flooded urban areas to learn patterns and accurately classify
affected regions.

Additionally, the model incorporates historical flood data and rainfall patterns to improve its prediction
capabilities. By combining real-time satellite imagery with past data, the system can better assess flood risks and
detect flooded zones with high precision. The use of SAR imagery also ensures reliable detection even in cloudy
or rainy conditions where optical imagery may fail.

The proposed urban deluge detection system offers several advantages. It provides a scalable and efficient
solution for large-area monitoring, reduces the need for manual ground surveys, and delivers rapid assessments
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crucial for emergency response. The output of the system can be visualized on geographic information system
(GIS) platforms, providing authorities with actionable insights for rescue operations, resource allocation, and
flood management planning.

Key Words: Deluge, urban, satellite image, machine learning
1. Introduction

Urban flooding, often referred to as urban deluge, is a rapidly growing concern in modern cities due to increased
urbanization, climate change, and inadequate drainage systems. The rising frequency of extreme rainfall events,
coupled with the expansion of impervious surfaces like concrete and asphalt, makes cities highly vulnerable to
flooding. Urban deluge can result in severe socio-economic impacts, including property damage, disruption of
transportation, loss of lives, and public health crises.

Therefore, accurate and timely detection of urban floods is critical for effective disaster management, emergency
response, and future planning. Satellite imagery has emerged as a powerful tool for large-scale and real-time

monitoring of urban areas. High-resolution satellite images provide comprehensive spatial coverage, allowing the
detection of waterlogged zones, flooded streets, and affected infrastructure.

By capturing images before, during, and after rainfall events, satellites offer valuable datasets for analyzing flood
extents, water accumulation patterns, and damage assessments in densely populated urban landscapes. However,
manual analysis of satellite images is labor-intensive, time-consuming, and prone to human error, especially
during emergencies. This is where Machine Learning plays a vital role in auto mating the flood detection process.

ML algorithms, particularly deep learning models like Convolutional Neural Networks (CNNSs), are capable of
extracting complex features from satellite images to accurately classify flooded and non-flooded regions. These
models learn from large datasets of labeled satellite images, improving their accuracy over time in identifying
water bodies, urban structures ,and flood-pronezones.Theintegrationofmachinelearningwithsatelliteimagery
enhances the speed, accuracy, and scalability of urban flood detection systems.

Techniques like image segmentation, object detection, and pattern recognition enable precise mapping of flood
extents, facilitating better risk assessment and resource allocation for relief efforts .Moreover, real-time data
processing using cloud computing and Al further strengthens early warning systems and supports decision-
making by urban planners and disaster management authorities.

The application of satellite imagery and machine learning in urban deluge detection represents a significant
advancement in tackling urban flood challenges. This approach offers a robust, automated, and efficient way to
monitor, predict, and manage urban flooding, ultimately minimizing its impact on human lives and urban
infrastructure.

2. Flood Events in San Diego, CA,USA

San Diego, California, known for its mild climate and scenic coastal landscapes, occasionally experiences flood
events, especially during periods of heavy rain fall and severe storms. While the region generally has a semi-arid
climate, certain factors contribute to flooding risks in San Diego, particularly in urban and low-lying areas. One
of the major causes of flooding in San Diego is intense rainfall during winter storms, particularly from
atmospheric rivers—narrow bands of moisture in the atmosphere that bring heavy rains to the West Coast. These
raineventscanoverwhelmdrainagesystems,causingstreetflooding,roadclosures,anddamagetoinfrastructure.  Flash
floods are also a concern in certain areas, especially around canyons, rivers, and poorly drained urban regions.

San Diego’s topography and urban development also play a role in its flood risk. With increasing urbanization,
many natural waterways have been altered, and the expansion of impermeable surfaces like roads and buildings
reduces the land's natural ability to absorb rainwater. This leads to surface runoff accumulating quickly during
storms, increasing the chances of localized flooding. Historically, some significant flood events have affected
San Diego:

[JNRD2504092 ‘ International Journal Of Novel Research And Development (www.ijnrd.org)



http://www.ijrti.org/

© 2025 IJNRD | Volume 10, Issue 4 April 2025 | ISSN: 2456-4184 | JNRD.ORG

January 2016: Heavy rains caused flash floods, particularly impacting the Mission Valley area, a known flood-
prone zone due to its proximity to the San Diego River. Roads were submerged, and businesses faced damages.
February 2019: A powerful storm brought record-breaking rainfall to San Diego County, leading to widespread
flooding, mudslides, and power outages. Many highways and streets became impassable due to water
accumulation.December2023:More recently, San Diego experienced severe flooding after a major winter storm
system dumped heavy rains, overwhelming creeks, storm drains, and flood control systems, causing property
damage and transportation disruptions.

In response to recurring flood risks, San Diego has developed several flood control measures, including
improved drainage systems, levees, and early warning systems. However, with climate change increasing the
unpredictability of weather patterns, San Diego continues to face challenges related to flood management,
especiallyinvulnerableneighborhoodsandaginginfrastructurezones.Urbanplanning, flood plain  management,
andadvancedtechnologieslikesatellitemonitoringandmachinelearningarebecoming crucial in predicting and
managing future flood events in San I?iego. -

Figurel. flood plains

The provided image illustrates the distribution of facilities located within flood plains across various regions of
California, highlighting the vulnerability of these areas to flood events. The map categorizes regions based on
the number of facilities exposed to potential flooding, which is crucial in understanding urban deluge risks. The
South Coast region, which includes major urban centers like San Diego and Los Angeles, records the highest
number of facilities in floodplains, with a total of 2,074.

This indicates a significant risk of urban flooding in this area due to dense population, infrastructure, and rapid
urban development. Meanwhile, regions like North Lahontan and South Lahontan have the least number of
facilities exposed to floodplains, suggesting relatively lower flood vulnerability. This spatial distribution of
flood-prone facilities is highly relevant to urban deluge detection efforts. It emphasizes the need for advanced
monitoring technologies such as satellite imagery and machine learning in highly vulnerable zones like the South
Coast.

By integrating these technologies, it becomes possible to track flood events in real time, predict areas at risk and
implement timely mitigation strategies. Identifying such flood-prone areas helps urban planners and disaster
management teams prioritize resources and develop flood-resistant infrastructure to reduce the impacts of urban
deluge, especially in densely populated and economically significant regions.

[J]NRD2504092 International Journal Of Novel Research And Development (www.ijnrd.org)



http://www.ijrti.org/

© 2025 IJNRD | Volume 10, Issue 4 April 2025 | ISSN: 2456-4184 | JNRD.ORG

328 |
~N

3z2ea7r | ad A
szeas ™
szeas |
3zeaar | 2

| Flood validation Points

| - Training
32ea3'n |

| Ry
szeazn sjor Streams

Study Area DEM
32ea1'N | Elevatic
s2ca0'N
25 = s
2_ .25 [T —

32e30'N .

A iew LT A LiTeiW LTSI LivsEw Liveew Livearw Liveaw

< = .
~y
| =D ] e SRS
—

S2=s0'™ Rivers 3 = - P

Study Area Boundary a < S < T3 = =a - 3o a

1 FEZOV 11710 ES & o vy T i1ievsorw - 116" a0 W 116°30"wW

Figure2.Figures of location and geographic context of study area.

(@) Shows study area DEM, network of major roads, major streams, and validation points.

(b) Shows hydrologic and geographic context of region around the study area.

(c) Disadvantaged communities by census tract in the study area as designated by Cal Enviro Screen. 3
(Disadvantaged, dark orange: Severely Disadvantaged).

3. Methodology

The methodology for urban deluge detection using satellite imagery and machine learning involves a systematic
approach combining data collection, image processing, model training, and flood mapping. The process begins
with the acquisition of high-resolution satellite images from various sources such as Lands at, Sentinel, or
commercialsatellites. Theseimagesarecollectedfordifferenttimeframes—before,during and after rainfall

events—to capture changes in surface water distribution.Preprocessing of the satellite images is carried out to
correct atmospheric distortions, enhance image quality and extract relevant features like water bodies, vegetation,
and urban structures. Techniques such as Normalized Difference Water Index (NDWI) and Synthetic Aperture
Radar (SAR) data are often used to improve water detection accuracy, especially in cloudy or rainy conditions.

Following preprocessing, machine learning algorithms, particularly Convolutional Neural Networks(CNNs),are
employed for image classification and segmentation. The model is trained on large datasets of labeled satellite
images containing both flooded and non-flooded areas to enable the system to learn patterns and features
associated with urban flooding. Feature extraction techniques help the model identify water accumulation,
flooded streets and submerged infrastructure accurately. Additionally historical flood data, rain fall records and
digital elevation models (DEM) are integrated to improve the model’s predictive capabilities.
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Once trained, the model processes new satellite images to detect and classify flood-affected zones. The output is

visualized as flood maps, showing the extent and severity of the urban deluge. These maps assist disaster
management teams, urban planners, and local authorities in making informed decisions during and after flood
events. Real-time analysis is also possible with cloud computing integration, allowing for faster detection and
response. This methodology not only enhances the accuracy and efficiency of urban flood monitoring but also
provides a scalable solution for continuous flood risk assessment in rapidly growing cities.
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Figure3.Flow chart of the Sentinell

The flowchart illustrates the methodology for urban flood detection using Sentinel-1 satellite imagery and
machine learning. The process begins with image preprocessing steps such as precise orbit correction, thermal
and border noise removal, radiometric calibration, and speckle filtering. Geometric correction is applied using
the SRTM Digital Elevation Model and the image is converted to decibel(dB)format. Two parallel methods are
then used with clustering, and supervised machine learning models trained with sample data. Both approaches

classify water and non-water pixels, enabling accurate flood mapping for effective urban flood monitoring and
disaster management.
Tablel.Sentinel 1datasets used in the presenter search.

Image Acquisition Parameters February2017 March2017 December2018
Representative event type Flood Dry Flood
Product type SentinellAGRD Sentinel1BGRD SentinellLAGRD
Time(UTC) 27 February201713:44 10March20171:49 7December201813:44
Acquisition mode [\ [\ W
Pass Descending Ascending Descending
Relative orbit 173 64 173
Absolute orbit 15,470 464 24,920

Sentinel-1 satellite imagery plays a crucial role in urban deluge detection due to its Synthetic Aperture Radar
(SAR) capabilities, which allow data collection regardless of weather conditions or daylight. However, raw
Sentinel-1 Ground Range Detected (GRD) images require a series of preprocessing steps to make them suitable
for flood analysis and machine learning applications. The preprocessing of Sentinel-limages is vital to enhance
image quality, remove noise, correct geometric distortions, and convert the data into a usable format for accurate
flood mapping.

Geometric correction ensures that the flooded areas identified in the image correspond to their exact locations on
the ground, which is crucial for effective flood response planning. Once geometrically corrected, the image is
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converted into a back scatter coefficient in decibel(dB)scale. This conversion standardizes the data and makes it
easier to interpret surface properties, especially the difference in back scatter between water surfaces(whichhave
low backscatter) and land or built-up areas (which have high backscatter).

3.2.FloodMappingwithSentinel-1

Flood mapping with Sentinel-1 utilizes Synthetic Aperture Radar (SAR) imagery to detect and monitor flood-
affected areas. Its all-weather, day-and-night imaging capability allows accurate identification of water bodies,
even during heavy rainfall or cloud cover. Processed images help generate precise flood maps, aiding in disaster

management and response planning.

Table2.Machine-learning based techniques used in the presentstudy.

Method Description
Supervised XG Boost

Random Forest
Unsupervised  [Maximum likelihood
Change detection

3.3ModelDatasetsforSupervisedClassifications

In urban deluge detection using Sentinel-1 satellite imagery, model datasets for supervised classification are
essential for training machine learning models to accurately identify flooded and non-flooded areas. These
datasets consist of labeled samples where each pixel is classified as water or non-water based on ground truth
data or expert interpretation.

The datasets are carefully prepared to represent various surface conditions, ensuring the model can learn and
generalize patterns effectively. Once trained, the model uses this knowledge to classify new satellite images and
generate precise flood maps. Including additional data like elevation and land cover improves the model’s
accuracy and robustness.

GROUP Class Training Testing

\Water \Water body 146 29
Flooded street 14 11
Developed area 128 32
(settlement, industry)

Non water Pavements 128 32
Forest 128 32
Open spaces 128 32
'Vegetation 128 32

Supervised Classification Method

Random Forest (RF)

Random Forest (RF) is one of the most powerful and widely used supervised machine learning algorithms for
classification tasks, including flood detection from satellite images. It is an ensemble learning method that
operates by constructing multiple decision trees during training and producing the class output based on the
majority vote from these trees. Each tree in the forest is trained on a random subset of the dataset, ensuring
diversity and reducing the risk of overfitting.
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In flood mapping using Sentinel-1 imagery, Random Forest uses labeled datasets where pixels are classified as
either water or non-water. The algorithm learns patterns such as radar backscatter values, pixel intensity, and
texturalfeaturesthatdifferentiatewatersurfacesfromurbanorlandsurfaces.Oncetrained,RFpredictstheclass of each
pixel in new satellite images.

Random Forest is highly effective because it handles large datasets well, deals with noisy data, and maintains
accuracy even with missing data. It also provides feature importance rankings helping analysts understand which
features contribute most to the classification .The model’s robustness accuracy and ability to prevent over fitting
make it an ideal choice for urban flood detection applications using machine learning.

XG Boost:

XGBoost(XGB)isasupervisedmachinelearningalgorithmwidelyusedforclassificationtasks, especially in complex
and high-dimensional datasets like satellite imagery. In the context of urban deluge detection XGB can classify
regions in satellite images as flooded or non-flooded based on features such as water presence surface
reflectance, and vegetation indices. The core concept of XGB is to find an optimal hyper plane that best separates
the two classes by maximizing the margin between them. However, due to the complexity of urban environments
and the non-linear nature of flood patterns, a simple linear hyper plane is often insufficient.

To address this, XGB uses the kernel trick, which maps the input data into a higher-dimensional feature space
where it becomes linearly separable. One of the most commonly used kernels is the Radial Basis Function(RBF)
kernel, mathematically expressed as where and are feature vectors and is a kernel parameter controlling the
spread of the function. The RBF kernel measures the similarity between data points, assigning higher values to
closer points and lower values to distant points. This property helps the XGB model capture complex spatial
relationships and classify flooded regions with greater accuracy. By leveraging this kernel, XGB becomes a
powerful tool for detecting urban deluge from satellite images, improving flood monitoring and enabling better
decision-making for disaster management.

Maximum Likelihood Classification

In the proposed system for Urban Deluge Detection using satellite imagery and machine learning, Maximum
Likelihood Classification (MLC) plays a vital role in accurately identifying flooded and non-flooded regions.
MLC is a supervised classification technique that relies on statistical probability and assumes that the spectral
data of each land cover class follows a normal distribution. Based on the training data provided for different
classes such as water bodies, built-up areas, vegetation, and flooded zones, MLC calculates the mean and
covariance for each class.

Change Detection using Unsupervised Classification Method

In urban deluge detection, change detection is a critical process that helps identify flood-affected areas by
comparing satellite images captured before and after the flood event. One of the efficient approaches for this task
is applying unsupervised classification methods, which automatically group pixels based on their spectral
properties without requiring labeled training data.

4. Results and Discussions

Accuracy Assessment
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Accuracy
assessment is a vital part of evaluating the effectiveness of the flood detection model developed using satellite
imagery and machine learning techniques. It measures how well the classification results match the actual ground
conditions and helps validate the reliability of the model. In this study accuracy assessment was

performed using a confusion matrix, which compares the classified flood and non-flood areas with reference
ground-truth data collected from field surveys or high-resolution satellite images.

Flood Mapping with Supervised Classification:

Supervised classification methods like Maximum Likelihood Classification(MLC)or XG Boost (XGB)utilize
the training data to classify pixels into flooded and non-flooded categories based on their spectral
characteristics. The right panels show zoomed-in views of critical areas, where flooded zones (highlighted in
blue) are clearly detected around buildings, roads, and urban infrastructures. The accurate identification of
flooded areas near validation points confirms the model's effectiveness. This approach enhances disaster

Response planning by providing precise flood extent mapping in urban regions.
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Figure6.2017flood scenario obtained using the change detection method.

The image represents the urban deluge (flood) detection results generated using satellite imagery and machine
learning-basedChangeDetection(CD)techniques. Themapvisualizesthespatialextentoffloodingacrossthe
urbanregion,wheremachinelearningmodelsanalyzesatelliteimagestodifferentiatebetweenfloodedandnon-
floodedareas.ColorLegendInterpretation:Redregions:ldentifiedfloodedareasduetotheurbandeluge.Blue regions:
The scale bar provided helps estimate the flood coverage distance in miles. This output, generated through
machine learning-based water body extraction and change detection, provides an effective visual representation
offlood-proneareas.ltservesasavaluabletoolforurbanplannersanddisastermanagementauthoritiestoassess flood-
affected zones, prepare emergency responses, and implement mitigation strategies to reduce potential damage.
minorwateraccumulation. Thebasemapprovidesgeographiccontext,showingstreets,highways,andlandmarks

like Mission Valley, allowing for precise localization of flood impacts.

Figure10.Point Submap

The above image presents a flood detection sub map of the Point Loma region generated through satellite
imagery analysis and machine learning models as part of an urban deluge detection study. The map shows
various flooded zones in different shades of blue, where darker tones represent severe water accumulation and
lighter tones indicate lesser flooding. This map highlights how machine learning techniques, trained on satellite
data, effectively detect water inundation in coastal and urban regions.

This visualization effectively demonstrates how machine learning models process satellite data to identify flood-
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prone urban zones, helping authorities assess risks to critical facilities and plan appropriate mitigation strategies.
Such flood detection maps are vital for enhancing disaster preparedness, urban planning, and response
mechanisms in coastal cities facing the growing threat of climate-induced urban flooding.

5. Conclusions

Urban deluge detection using satellite imagery and machine learning has become an innovative and efficient
approach to identifying and monitoring flood-prone areas in urban environments. Traditional methods of flood
detection are often time-consuming, costly, and limited in spatial coverage. However, the integration of high-
resolution satellite images with machine learning algorithms provides a more accurate and faster solution for
detecting urban flooding. Machine learning models trained on satellite data can identify changes in land cover,
water accumulation, and topography to predict potential flood zones.

These models can analyze large datasets and detect patterns that may not be visible to the human eye, offering
precise flood mapping even in densely built environments. The images analyzed in this study illustrate how
effectively machine learning models can detect waterlogged and deluged areas in cities like San Diego. This
technology assists urban planners, disaster management authorities, and policymakers in developing effective
flood mitigation strategies, improving infrastructure planning, and ensuring timely emergency responses.

By continuously monitoring flood-proneareas, italso helps in early warning systems, minimizing theimpactof
urban floods on people, property, and the environment. In conclusion, the combination of satellite imagery and
machine learning significantly enhances urban flood detection and resilience planning in the face of climate
change.
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