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Abstract: Floods are among the most destructive natural disasters, causing significant loss of life, infrastructure damage, and
economic disruption worldwide. Traditional hydrological and hydraulic models often rely on ground-based measurements, complex
calibration, and limited spatial coverage, restricting their real-time applicability and large-scale accuracy. This study aims to
develop an accurate and efficient 3D flood inundation forecasting and mapping framework by integrating satellite imagery, Digital
Elevation Model (DEM) data, and deep learning techniques to enhance flood prediction and disaster management. Multi-source
geospatial datasets, including high-resolution optical and SAR satellite imagery along with DEM data, are collected and
preprocessed through radiometric correction, normalization, terrain conditioning, and data fusion techniques to extract critical
flood-related features such as elevation, slope, drainage patterns, and water indices (e.g., NDWI). A deep learning model, such as
CNN, U-Net, or a CNN-LSTM hybrid architecture, is designed to capture complex spatial and temporal flood dynamics for
predicting flood extent and estimating water depth in three dimensions. The model is trained and validated using historical flood
event datasets, and its performance is evaluated using metrics including Accuracy, Precision, Recall, F1-score, Intersection over
Union (IoU), and Root Mean Square Error (RMSE). The proposed framework is expected to generate high-resolution 3D flood
inundation maps, improve prediction accuracy compared to conventional methods, enable reliable water depth estimation, and
support the development of a real-time decision-support system for early warning and disaster response. Overall, the integration of
remote sensing, DEM-based terrain analysis, and deep learning provides a scalable and data-driven solution for advanced flood
risk assessment and resilient disaster management.

Keywords: 3D Flood Inundation Modeling, Deep Learning for Flood Prediction, Digital Elevation Model (DEM), Remote Sensing,
Satellite Image Processing, Convolutional Neural Networks (CNN), U-Net Architecture, Spatial-Temporal Modeling, Water Depth
Estimation, Geospatial Data Fusion, Flood Risk Mapping, Disaster Management Decision Support System.

I. Introduction

Floods are among the most destructive natural disasters
worldwide, causing extensive socio-economic losses,
infrastructure damage, and environmental degradation. Rapid
urbanization, climate change, and extreme precipitation events
have increased the frequency and intensity of flood
occurrences. Traditional hydrological and hydraulic models,
while physically interpretable, often require extensive
calibration, high computational resources, and dense ground-
based observations, limiting their real-time applicability and
scalability. Recent studies emphasize the necessity of
integrating advanced data-driven techniques to improve flood
forecasting accuracy and computational efficiency [Fang Yang
et al., 2024]; [Francis Yongwa Dtissibe et al., 2024].

With the advancement of Artificial Intelligence (AI) and Deep
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Learning (DL), flood forecasting has shifted toward data-driven
approaches capable of modeling complex non-linear spatio-
temporal relationships. Hybrid architectures such as CNN-
LSTM and Transformer-based models have demonstrated
superior predictive performance compared to conventional
statistical models. For instance, hybrid deep learning
frameworks have achieved high Nash—Sutcliffe Efficiency
(NSE) values exceeding 0.90 in watershed-scale forecasting
applications [Wenzhong Li et al., 2024]. Similarly, LSTM-based
models have shown strong correlation performance in river flow
prediction tasks, highlighting their suitability for flood
forecasting in data-scarce and ungauged basins [Khansa Aatif et
al., 2024].

Remote sensing technologies play a critical role in large-scale
flood monitoring by providing consistent and repetitive spatial
observations. Optical and Synthetic Aperture Radar (SAR)
imagery enable rapid flood extent extraction even under cloud-
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covered conditions. Deep learning-based semantic
segmentation models such as U-Net have significantly
improved flood inundation mapping accuracy using Sentinel-1
SAR imagery and DEM-derived features [Zhouyayan Li et al.,
2023]. Moreover, multi-source satellite data combined with
knowledge-transfer strategies have enhanced heterogeneous
image change detection for automated flood monitoring [Bofei
Zhao et al., 2024]. These advancements demonstrate the
potential of integrating satellite observations with intelligent
algorithms for near real-time flood mapping.

Digital Elevation Models (DEMs) are fundamental for terrain
analysis, hydrodynamic modeling, and water depth estimation
in flood studies. The accuracy of DEM data directly influences
flood extent simulation and inundation depth prediction.
Comparative analyses of global DEMs reveal that higher-
resolution datasets such as TanDEM-X and NASADEM
significantly improve flood modeling reliability [Vineela
Nandam et al., 2024]; [Thanh-Nhan-Duc Tran et al., 2023].
Furthermore, multisource DEM fusion techniques have
reduced elevation errors and improved urban flood
simulations, demonstrating the importance of accurate
topographic representation in 3D flood modeling [Haocheng
Huang et al., 2023].

Evolution of Flood Forecasting:
Traditional Methods vs. Al-Driven
Approaches

Traditional
Methods

Historical Records (Early Machine Leaming Algarithms
20th Century) {2000s)

Al-Driven
Approaches

Hydrological Models
(Mid-20th Century)

Manual Data Collection
{Late 20th Century) (2020%)
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Figure 1(a): Traditional vs. Modern Prediction Systems

Recent developments have also focused on generating three-
dimensional (3D) flood products by integrating satellite
imagery with DEM datasets. Downscaling approaches
combining VIIRS imagery with SRTM DEM data have
successfully produced refined 30-m resolution 3D flood extent
and water depth maps, enhancing real-time flood forecasting
capabilities [Sanmei Li et al., 2022]. Additionally, rapid spatio-
temporal prediction models based on deep learning have
shown strong capability in estimating flood inundation depth
for urban environments, addressing the computational
limitations of traditional hydrodynamic simulations [Wenting
Zhang et al., 2023].

Background of Flood Hazards and Disaster Impact

Floods are among the most frequent and devastating natural
hazards, affecting millions of people annually and causing
severe economic, environmental, and infrastructural losses.
Climate change, rapid urban expansion, deforestation, and
altered hydrological cycles have intensified flood occurrences
across both developed and developing nations. Coastal,
riverine, and urban pluvial floods disrupt transportation
networks, damage residential and commercial infrastructure,
and threaten food security. Recent research emphasizes the
growing need for advanced flood risk management strategies
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and data-driven resilience frameworks to mitigate disaster
impacts and enhance adaptive capacity [Zhewei Liu et al.,
2025]; [Pavithra Rathnasiri et al., 2023]. The increasing
complexity of flood events demands integrated technological
solutions capable of supporting early warning systems and
disaster response planning.

Overview of Flood Inundation Modeling Techniques

Flood inundation modeling aims to simulate the spatial extent,
depth, and duration of floodwaters under varying
hydrometeorological conditions. Traditional approaches include
hydrological rainfall-runoff models and hydraulic models such
as 1D and 2D shallow water equation-based simulations.
Hydrodynamic models like HEC-RAS and SWAT are widely
used for river basin and urban flood analysis. Recent
advancements have incorporated hybrid hydrologic—
hydrodynamic frameworks to improve forecasting reliability,
particularly in regulated river basins [Amina Khatun et al.,
2025]. Additionally, flood inundation mapping services such as
HAND-based frameworks have been developed to translate
discharge forecasts into inundation extents efficiently [Anupal
Baruah et al, 2025]. Although physically robust, these
techniques often require high computational resources and
detailed boundary conditions.

Limitations of Traditional Hydrological and Hydraulic
Models

Despite their physical interpretability, traditional hydrological
and hydraulic models face several challenges. They require
extensive calibration, accurate boundary conditions, and high-
resolution topographic data, which may not be readily available
in data-scarce regions. Computational complexity limits their
real-time application, particularly for large-scale or high-
resolution urban flood simulations. Studies have shown that
physics-based models, while accurate, struggle to provide rapid
predictions necessary for early warning systems [Fang Yang et
al., 2024]. Furthermore, uncertainties in rainfall inputs, terrain
representation, and parameter estimation can significantly
influence flood extent and depth predictions [Samyah Salem
Refadah et al., 2025]. These limitations highlight the need for
efficient, scalable, and data-driven alternatives.

Role of Remote Sensing in Flood Monitoring

Remote sensing technologies have revolutionized flood
monitoring by providing large-scale, repetitive, and near real-
time observations of Earth’s surface. Optical satellite imagery
from Landsat and Sentinel-2 enables water body detection using
spectral indices such as NDWI, while Synthetic Aperture Radar
(SAR) imagery from Sentinel-1 allows flood mapping even
under cloud-covered and nighttime conditions. Deep learning-
based semantic segmentation approaches have significantly
improved flood extent extraction accuracy from SAR datasets
[Zhouyayan Li et al., 2023]. Multi-source satellite integration
and change detection techniques further enhance flood
monitoring reliability across heterogeneous landscapes [Bofei
Zhao et al., 2024]. These advancements demonstrate the critical
role of satellite data in supporting rapid disaster assessment and
emergency response.

Importance of Digital Elevation Model (DEM) in Terrain
Analysis

Digital Elevation Models (DEMs) provide essential topographic
information required for flood simulation, watershed
delineation, slope analysis, and water depth estimation. The
vertical accuracy and spatial resolution of DEM datasets
significantly influence inundation modeling performance.
Comparative studies of global DEMs such as SRTM,
NASADEM, MERIT, and TanDEM-X reveal substantial
variations in flood prediction reliability based on terrain
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representation accuracy [Vineela Nandam et al., 2024];
[Thanh-Nhan-Duc Tran et al., 2023]. Recent research also
highlights the effectiveness of DEM downscaling and
multisource fusion techniques in reducing elevation bias and
enhancing urban flood simulations [Zanko Zandsalimi et al.,
2025]. Accurate DEM integration is therefore fundamental for
generating reliable 3D flood inundation maps.

Application of Deep Learning in Geospatial Analysis

Deep learning has emerged as a transformative tool in
geospatial analysis, particularly for modeling complex spatial—
temporal phenomena such as floods. Convolutional Neural
Networks (CNNs), U-Net architectures, LSTM networks, and
Transformer-based models have demonstrated strong
capability in flood extent mapping, water depth estimation, and
time-series forecasting. Hybrid deep learning models
incorporating attention mechanisms have significantly
enhanced predictive performance for extreme flood events
[Cheng Chen et al., 2025]. Moreover, spatiotemporal models
such as CNN-LSTM and Deep Neural Operators provide
efficient  alternatives to  computationally intensive
hydrodynamic simulations [Qingsong Xu et al., 2025]. The
integration of deep learning with remote sensing and DEM data
enables automated, scalable, and high-resolution 3D flood
inundation  forecasting, supporting improved disaster
preparedness and risk management.

Review of Conventional Flood Modeling Approaches

Flood modeling has traditionally relied on physically based
hydrological and hydraulic models to simulate rainfall-runoff
processes and floodplain dynamics. These models are
grounded in fluid mechanics and mass conservation principles,
providing interpretable results for discharge estimation and
inundation mapping. However, their accuracy largely depends
on the quality of input data, terrain representation, and
boundary conditions. Recent comparative assessments
highlight that while such models remain essential for
regulatory and engineering applications, they often require
high computational power and detailed calibration, limiting
their real-time scalability [Samyah Salem Refadah et al.,
2025].

ASTER UAV-derived

DEM

Shuttle Radar
Topagraphy Mission
30m resolution

Unmasnned Aerial
Vehicle, 5-10m
resolution

Advanced Spacebome

Thermal Emession and

Reflection Radiometer
30m resolution

Step 3:

Flood mapping

output (inundation

extenl/depth)

Data Fusion Architecture

Figure 1(b): Multi-Source Elevation and Data Fusion

Hydrological Models: Hydrological models primarily
simulate the rainfall-runoff transformation process within a
watershed. Models such as SWAT and conceptual rainfall-
runoff frameworks estimate streamflow based on precipitation,
soil characteristics, land use, and evapotranspiration
parameters. Studies evaluating global DEM impacts on
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hydrological simulations reveal that DEM resolution
significantly affects runoff generation, groundwater flow, and
sediment yield estimation [Thanh-Nhan-Duc Tran et al., 2023].
Furthermore, machine learning-enhanced  hydrological
forecasting approaches have been explored to reduce uncertainty
in discharge prediction, especially in ungauged basins [Yehai
Tang et al., 2023]. Despite their robustness, hydrological models
often struggle with real-time flood depth and inundation

mapping.

Hydraulic Models (1D/2D Models): Hydraulic models
simulate water movement across river channels and floodplains
using the Saint-Venant shallow water equations. One-
dimensional (1D) models focus on longitudinal river flow, while
two-dimensional (2D) models provide spatially distributed flood
extent and depth predictions. Integrated hydrologic—
hydrodynamic models have shown improved performance in
dam-regulated basins by incorporating discharge corrections
into inundation simulations [Amina Khatun et al., 2025].
However, physics-based 2D models are computationally
intensive and require high-resolution DEMs for reliable
predictions, limiting their efficiency for rapid flood forecasting
[Fang Yang et al., 2024].

Remote Sensing-Based Flood Mapping Techniques

Remote sensing technologies provide spatially continuous data
that support large-scale flood monitoring and mapping. Satellite
imagery enables rapid detection of flood extent, even in
inaccessible regions, reducing reliance on ground observations.

Optical Satellite-Based Flood Detection: Optical satellite
imagery from platforms such as Landsat and Sentinel-2 is
widely used for flood mapping through spectral water indices
like NDWI and MNDWI. Time-series imagery enhances
detection accuracy by distinguishing permanent water bodies
from temporary floodwaters. Recent advancements using
Harmonized Landsat and Sentinel (HLS) datasets have
improved flood mapping under cloud-obstructed conditions by
reconstructing missing information using historical water
occurrence data [Zhiwei Li et al., 2024]. Optical imagery offers
high spatial resolution but is limited by cloud cover during
extreme weather events.

SAR-Based Flood Mapping: Synthetic Aperture Radar (SAR)
imagery overcomes cloud and illumination limitations by
utilizing microwave backscatter signals for water detection.
SAR intensity-based thresholding and machine learning
methods have significantly improved urban flood delineation
[Jie Zhao et al., 2025]. Deep learning approaches such as U-Net
applied to Sentinel-1 SAR imagery have demonstrated superior
performance in flood extent extraction compared to traditional
classification techniques [Zhouyayan Li et al., 2023].
Additionally, knowledge transfer strategies integrating multi-
source satellite data enhance heterogeneous flood change
detection in complex landscapes [Bofei Zhao et al., 2024].

DEM-Based Terrain and Flood Analysis

Digital Elevation Models (DEMs) are critical for representing
terrain characteristics that influence flood propagation, flow
accumulation, and water depth estimation. DEM accuracy
directly affects hydrodynamic simulation reliability.

Elevation and Slope Analysis: Elevation and slope parameters
derived from DEMs determine flow direction, runoff velocity,
and floodplain connectivity. Comparative studies of global
DEM datasets indicate that high-resolution models such as
TanDEM-X outperform lower-resolution datasets in flood
inundation modeling [Vineela Nandam et al., 2024]. Moreover,
deep learning-based downscaling techniques have been
introduced to enhance DEM resolution and reduce vertical bias,
significantly improving urban flood simulations [Zanko
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Zandsalimi et al., 2025]. These findings highlight the
importance of precise topographic representation in 3D flood

mapping.

Watershed and Drainage Extraction: Watershed delineation
and drainage network extraction are fundamental for
hydrological modeling and flood susceptibility mapping.
DEM-based hydro-conditioning ensures proper drainage
continuity and improves flood mapping accuracy in low-relief
terrains [Hassan Sabeh et al., 2025]. Height Above Nearest
Drainage (HAND) frameworks further convert discharge
predictions into spatial inundation extents efficiently [Anupal
Baruah et al., 2025]. Such terrain-based methods are
computationally efficient but may oversimplify complex
hydraulic interactions.

Deep Learning Techniques for Flood Prediction

Deep learning models have emerged as powerful tools for
capturing nonlinear spatio-temporal relationships in flood
forecasting and inundation mapping. These approaches reduce
computational complexity compared to physics-based
simulations while maintaining high predictive accuracy.

Convolutional Neural Networks (CNN): Convolutional
Neural Networks (CNNs) are widely used for spatial feature
extraction from satellite imagery and DEM datasets. CNN-
based models effectively identify flood-prone areas and
classify inundated regions with high accuracy. Three-
dimensional ~ CNN  architectures  combined  with
hyperparameter optimization techniques have demonstrated
superior performance in flood susceptibility mapping tasks
[Amala Mary Vincent et al., 2023]. CNN models are
particularly effective in handling large-scale geospatial raster
data for flood prediction.

U-Net for Image Segmentation: U-Net, a specialized CNN
architecture designed for semantic segmentation, has been
extensively applied to flood extent extraction from SAR and
optical imagery. By incorporating skip connections and multi-
scale feature learning, U-Net enhances boundary detection and
small-object segmentation accuracy. Sentinel-1 SAR-based U-
Net models have achieved significant improvements in flood
mapping performance when integrated with DEM and slope
data layers [Zhouyayan Li et al., 2023]. These models provide
automated and high-resolution flood inundation maps suitable
for real-time applications.

CNN-LSTM for Spatio-Temporal Modeling: Flood events
exhibit strong spatial and temporal dependencies influenced by
rainfall patterns and terrain conditions. Hybrid CNN-LSTM
architectures combine spatial feature extraction capabilities of
CNNs with temporal sequence learning of Long Short-Term
Memory (LSTM) networks. Such models have demonstrated
high correlation and reduced RMSE in water level and flood
forecasting tasks [Ali Shahabi et al., 2024]. Additionally,
advanced spatiotemporal models incorporating attention
mechanisms and deep neural operators further improve
forecasting efficiency in complex urban environments
[Qingsong Xu et al., 2025]. These hybrid frameworks are
highly suitable for developing 3D flood inundation forecasting
systems integrating satellite and DEM data.

Synthesis of Previous Research

Recent advancements in flood inundation modeling
demonstrate a progressive transition from traditional physics-
based hydrological and hydraulic models toward integrated
data-driven and hybrid modeling frameworks. Earlier studies
emphasized improving 2D hydrodynamic flood predictions
through enhanced terrain datasets and DEM integration,
highlighting the importance of vertical accuracy in reliable
flood simulations [1][10][37]. Terrain-based models such as
HAND and hydro-conditioned DEM approaches have

© 2026, IJSREM | https://ijsrem.com

improved flood extent mapping in low-relief and data-scarce
regions, though they still face challenges in representing
complex hydraulic interactions [2][6][33]. The incorporation of
remote sensing technologies has significantly strengthened
flood monitoring capabilities. Optical satellite imagery has been
widely used for water detection through spectral indices and
time-series analysis, while SAR-based approaches have enabled
flood mapping under cloud-covered and extreme weather
conditions [21][44][50]. Multi-source satellite integration and
heterogeneous image change detection frameworks have further
enhanced the automation and reliability of flood inventory
generation and susceptibility mapping [4][28][45]. Additionally,
the development of long-term high-resolution flood datasets has
supported improved calibration and validation of predictive
models [24].

Parallel to these developments, DEM accuracy and resolution
have been identified as critical factors influencing flood
inundation and water depth estimation. Comparative studies of
global DEMs demonstrate substantial performance variability
across terrain types, emphasizing the necessity for DEM
evaluation and bias correction before hydrodynamic modeling
[32][39][42]. Advanced DEM reconstruction and downscaling
techniques using deep learning architectures such as U-Net have
significantly reduced vertical errors and improved urban flood
simulation outcomes [13][41]. Furthermore, the derivation of
3D flood products through DEM-—satellite integration represents
a major step toward detailed flood depth mapping [38].

The emergence of Artificial Intelligence (Al) and Deep Learning
(DL) has transformed flood prediction methodologies by
enabling efficient modeling of complex spatial-temporal
dynamics. CNN-based and U-Net architectures have
demonstrated high accuracy in flood extent segmentation from
SAR and optical datasets [43], while hybrid CNN-LSTM and
Transformer-based models have achieved superior forecasting
performance in river basins and urban environments
[25][29][30]. Attention-enhanced deep learning frameworks and
neural operator models have further improved prediction of
extreme flood events and high-water depths [3][17].
Comprehensive reviews confirm that Al-driven approaches
offer scalability, rapid computation, and adaptability compared
to conventional physics-based simulations [14][19][48].
Moreover, hybrid frameworks integrating hydrological,
hydrodynamic, and deep learning components have shown
promising improvements in regulated river systems and real-
time forecasting scenarios [18], [40]. Data assimilation
strategies incorporating crowdsourced information and multi-
modal satellite inputs have further enhanced predictive accuracy
and resilience planning [34][35][36]. Despite these significant
advancements, challenges remain in achieving fully integrated,
high-resolution 3D flood inundation forecasting systems
capable of real-time implementation with multi-source
geospatial datasets.

Research Gap Identification

Despite significant advancements in flood inundation modeling,
several limitations persist in existing research. Traditional
hydrological and hydraulic models provide physically
interpretable flood simulations; however, they require extensive
calibration, high computational resources, and detailed
boundary conditions, limiting their real-time scalability and
applicability in data-scarce regions [Amina Khatun et al., 2025;
Fang Yang et al., 2024]. Furthermore, the performance of such
models is highly sensitive to DEM resolution and vertical
accuracy, leading to inconsistencies in flood depth estimation
across varied terrain conditions [Vineela Nandam et al., 2024;
Thanh-Nhan-Duc Tran et al., 2023].

Remote sensing-based flood mapping techniques have
significantly improved spatial coverage, yet optical imagery
remains constrained by cloud cover and atmospheric
disturbances during extreme weather events [Zhiwei Li et al.,
2024]. Although SAR-based approaches overcome this
limitation and provide all-weather monitoring capability, they
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often struggle with backscatter noise, urban surface
complexity, and threshold selection challenges [Jie Zhao et al.,
2025; Zhouyayan Li et al., 2023]. Additionally, most satellite-
based flood detection studies focus primarily on 2D flood
extent mapping, with limited emphasis on accurate 3D water
depth estimation and volumetric analysis [Hassan Sabeh et al.,
2025].

Recent studies applying deep learning techniques such as
CNNs and U-Net have demonstrated improved performance in
flood segmentation tasks; however, many models are
developed for single-source datasets and lack robust multi-
modal data fusion strategies integrating satellite imagery with
terrain parameters [Amala Mary Vincent et al., 2023; Zanko
Zandsalimi et al., 2025]. Moreover, while CNN-LSTM and
spatio-temporal neural networks have shown promising results
in flood forecasting, their integration with high-resolution
DEM-based terrain constraints for realistic 3D inundation
modeling remains underexplored [Ali Shahabi et al., 2024;
Qingsong Xu et al., 2025].

Another critical gap lies in the limited development of
operational decision-support systems that combine real-time
satellite data, DEM-derived terrain analysis, and deep learning-
based flood prediction into a unified and scalable framework
[Samyah Salem Refadah et al., 2025; Yehai Tang et al., 2023].
Existing systems often operate independently—either as
hydrodynamic simulations or image-based classification
models—without fully leveraging spatio-temporal data fusion
for dynamic flood depth forecasting.

Study Area Description

The selected study area comprises a flood-prone river
basin/urban catchment characterized by recurrent seasonal
flooding influenced by intense rainfall, river overflow, and
surface runoff accumulation. The region experiences a
monsoon-dominated climate with high inter-annual rainfall
variability, making it highly susceptible to both fluvial and
pluvial flood events. Topographically, the study area includes
low-lying floodplains, moderate to steep upstream catchments,
and densely populated urban settlements located along river
corridors. Elevation values range from relatively flat
downstream plains to elevated upstream terrains, significantly
influencing flow direction, runoff velocity, and inundation
extent.

The hydrological network of the study region consists of
primary river channels, tributaries, and secondary drainage
systems that collectively control flood propagation dynamics.
Land use and land cover patterns vary from agricultural lands
and open vegetation to built-up urban infrastructure, increasing
surface impermeability and intensifying runoff during heavy
precipitation events. Rapid urbanization and encroachment
along natural drainage paths further exacerbate flood risk.
Digital Elevation Model (DEM) analysis reveals critical terrain
features such as slope gradients, flow accumulation zones, and
watershed boundaries that govern flood behavior. Areas with
minimal slope and high drainage convergence are particularly
vulnerable to prolonged water stagnation and deeper
inundation. Historical flood records indicate multiple severe
flood events over the past decade, resulting in substantial
socio-economic losses and infrastructure disruption. The
availability of multi-temporal satellite imagery (optical and
SAR), high-resolution DEM datasets, and historical flood
inventory data makes this region suitable for developing and
validating a 3D flood inundation forecasting framework. The
study area thus provides a representative environment to
evaluate the integration of satellite-based observations, terrain
modeling, and deep learning techniques for accurate flood
extent and water depth prediction.

Sina River - The basin of the Sina River spans multiple
districts including Ahmednagar, Beed, Osmanabad (Dharashiv)
and Solapur.
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Figure2: Sina River Location Map

India - ‘
’ (agave Madta s Praded '
S i Mahufhshtes :
vvl Tilwymes
. ‘ 'I,‘
[ Kamanra
aaoT BRIV | R0 —
Sina River Basin
N
% < A r
£ * et 2
. Yodgmn =
b LRI
.

Leponil >
£ 1« R pgn st A s
S =4
= | Elevarion (e M51) —gan =2

S—T Y ANE

e P ]

sl g
L2 . ~ “
- — —
730 E IO 0L
Figure3: Map of the Sina River basin with topographic
elevation (in m MSL)

Sina Kolegaon Dam
Basic facts & specifications:

The dam is officially known as the Sina Kolegaon Dam
(sometimes spelled “Sina Kolegaon Dam”), on the Sina River near
Paranda in Dharashiv (Osmanabad) district, Maharashtra.

Key specifications: height approx. 36.6 m above lowest
foundation.

It is a major irrigation/storage project in the Marathwada region.
For instance, an article notes: “Four projects, namely ... Sina
Kolegaon are 100 per cent full due to adequate rainfall.”

Role in flooding / Water-Management:

Due to heavy rainfall in its catchment, the dam had to release a
large volume of water: for example, one claim says that on 28 Sept
2025, “the dam from which a huge volume of water was released
... The capacity is five TMC (thousand million cubic feet) ... one
night saw release to fill the dam.”

The large discharge added to the flow in the Sina River
downstream, pushing river banks and low-lying areas over the
flood limits.

The Sina Kolegaon Dam is a 37-meter-high earthen dam with a
masonry spillway, built on the Sina River in Dharashiv District,
Mabharashtra, India, and opened in 2007. It has a capacity of 5
TMC and is a key component of the Sina Kolegaon Project, which
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aims to irrigate thousands of hectares of land in the Osmanabad
and Beed districts.

Details
° Location: Near Paranda, Dharashiv District,
Maharashtra
° River: Sina River
° Height: 37 meters (approx. 120 ft)
° Opening Date: 2007
° Capacity: 5 TMC
° Owner: Government of Maharashtra

Project and impact

. Purpose: The dam is a part of a larger
project for irrigation, primarily benefiting the
Osmanabad and Beed districts.

° Irrigation: It is designed to irrigate
approximately 87,188 hectares in Osmanabad and
27,543 hectares in Beed, with the potential to irrigate
12,000 hectares once the dam is full, notes.

e Lift Irrigation: Water is supplied to the dam from the
Ujani Reservoir through a 27 km tunnel as part of the LIS-I
lift irrigation scheme.

e Full capacity: In October 2024, the dam was reported to
be at 100% capacity, leading to the release of water and a
state of alert for nearby villages, according to News18
Marathi.

e Water release: As of late September 2025, the dam was
releasing 80,150 cusecs of water, reports

Figure4: Sina olegan Mp
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© 2026, IJSREM | https://ijsrem.com

FigureS: Dam View in Rainy Season

5. Data Analysis

The process of collecting data for rainfall prediction using
Convolutional Neural Networks (CNNs) involves identifying
sources, obtaining historical rainfall data, collecting
meteorological variables, and obtaining spatial data. Data quality
assurance is crucial to ensure consistency and accuracy. Data
preprocessing involves tasks like data cleaning, normalization,
scaling, and feature engineering. Data is divided into training,
validation, and test sets for training, monitoring, and evaluation.
Data augmentation techniques can be considered to increase the
training dataset's size. Data is stored in a suitable format for easy
access and retrieval. Documentation is essential for reproducibility
and transparency in research. This data serves as the foundation
for developing accurate and reliable predictive models for various

applications, including weather forecasting, hydrology,
agriculture, and disaster management.
Toe A Padnt Fons Dege

Graphl: True vs Predicted flood Depth

Graph 1 depicts true vs. predicted flood depths from the deep
learning model, showing a near-perfect linear alignment (45-
degree line) across 0-7 meters, indicating high predictive
accuracy. Minimal scatter around the identity line confirms the
framework's reliability in capturing spatial-temporal inundation
patterns from satellite/DEM data. This visualization underscores
superior performance over traditional methods for 3D flood

mapping.image.jpg
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Graph2: Features Importances

Graph 2 illustrates feature importances from the deep learning
model, with mean slope deg dominating (~0.9 importance)
followed by mean SAR dB (~0.8), while rainfall mm and
velocity mps show negligible contributions (<0.05). This
highlights terrain and satellite backscatter as primary drivers
for accurate 3D flood depth prediction over auxiliary factors.
Such prioritization validates DEM-satellite fusion efficacy in
the forecasting framework.

6. Result and Discussion

Overview
Table 1.1: Dataset statistics
Number of variables 10
Number of observations 20000
Missing cells 0
Missing cells (%) 0.0%
Duplicate rows 0
Duplicate rows (%) 0.0%
Total size in memory 1.5 MiB
Average record size in memory 80.0 B

Table 1.1 presents the statistical summary of the dataset used
in this study. The dataset consists of 20,000 observations
across 10 variables with no missing or duplicate records,
indicating high data completeness and consistency. With a total
memory size of 1.5 MiB and an average record size of 80 bytes,
the dataset is computationally efficient and suitable for large-
scale deep learning model training and validation.

Variables
mean_elevation_m

Distinct 12241
Distinct (%) 61.2%
Missing 0
Missing (%) 0.0%
Infinite 0
Infinite (%) 0.0%
Mean 227.38108
Minimum 129.34
Maximum 325.22
Zeros 0
Zeros (%) 0.0%
Negative 0
Negative (%) 0.0%
Memory size 156.4 KiB

© 2026, IJSREM | https://ijsrem.com

Table 1.2: Quantile statistics

Minimum 129.34

5-th percentile 146.1095

Q1 182.1525

median 227.385

Q3 272.4725

95-th percentile 308.6405
Maximum 325.22
Range 195.88
Interquartile range (IQR) 90.32

Table 1.3: Descriptive statistics

Standard deviation 52.322929
Coefficient of variation

V) 0.23011118

Kurtosis -1.187854

Mean 227.38108

Median Absolute Deviation
(MAD) 45.14

Skewness -0.0047508766

Sum 4547621.5

Variance 2737.6889
Monotonicity Not monotonic

Tables 1.2 and 1.3 present the quantile and descriptive statistical
analysis of the dataset variable. The data ranges from 129.34 to
325.22 with a median value of 227.385 and an interquartile
range (IQR) of 90.32, indicating moderate dispersion around the
central tendency. The standard deviation (52.32) and coefficient
of variation (0.23) suggest controlled variability, while the near-
zero skewness (—0.0047) indicates an approximately symmetric
distribution with slightly platykurtic behavior (kurtosis —1.18),
confirming stable statistical characteristics suitable for
modeling.

L

Frequency

=3

108

Histogram with fixed size birs

Graph3: Histogram with fixed size bins (bins = 50)

. The histogram with 50 fixed-size bins shows an
approximately uniform distribution of values across the
range of 130 to 325, indicating balanced data spread
without extreme concentration in a single interval.

. The frequency of observations remains relatively
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consistent across most bins, suggesting stable variability
and absence of strong skewness or outliers.

= The smooth and evenly distributed pattern supports
the statistical results (near-zero skewness and moderate
standard deviation), confirming that the dataset is well-
suited for reliable modeling and analysis.

mean_slope_deg

Distinct 406
Distinct (%) 2.0%
Missing 0
Missing (%) 0.0%
Infinite 0
Infinite (%) 0.0%
Mean 4.015457
Minimum 2
Maximum 6.05
Zeros 0
Zeros (%) 0.0%
Negative 0
Negative (%) 0.0%
Memory size 156.4 KiB

Table 1.4: Quantile statistics

Minimum 2

5-th percentile 2.2

Q1 3.01

median 4.03
Q3 5.0125

95-th percentile 5.82

Maximum 6.05

Range 4.05
Interquartile range (IQR) 2.0025

Table 1.5: Descriptive statistics

Standard deviation 1.1606886
Coefficient of variation (CV) 0.28905517
Kurtosis -1.2000556
Mean 4.015457
Median Absolute Deviation 101
(MAD)
Skewness -0.0044135237
Sum 80309.14
Variance 1.347198
Monotonicity Not monotonic

Tables 1.4 and 1.5 present the quantile and descriptive statistics
of the dataset, showing values ranging from 2 to 6.05 with a
mean of 4.015 and median of 4.03, indicating strong central
consistency. The low standard deviation (1.16), near-zero
skewness (—0.0044), and negative kurtosis (—1.20) suggest a
symmetric and moderately dispersed distribution suitable for
stable predictive modeling.

mean_twi
Distinct 160
Distinct (%) 0.8%
Missing 0
Missing (%) 0.0%

© 2026, IJSREM | https://ijsrem.com
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Infinite 0
Infinite (%) 0.0%
Mean 4.488845
Minimum 3.72
Maximum 5.32
Zeros 0
Zeros (%) 0.0%
Negative 0
Negative (%) 0.0%
Memory size 156.4 KiB

Table 1.6: Quantile statistics

Minimum 3.72

5-th percentile 3.9

Q1 4.14

median 4.45

Q3 4.83

95-th percentile 5.18
Maximum 5.32

Range 1.6
Interquartile range (IQR) 0.69

Table 1.7: Descriptive statistics

Standard deviation 0.40956909
Coefficient of variation
(V) 0.091241532
Kurtosis -1.0978279
Mean 4.488845
Me@iap Absolute 034
Deviation (MAD)
Skewness 0.20296519
Sum 89776.9
Variance 0.16774684
Monotonicity Not monotonic

Tables 1.6 and 1.7 summarize the quantile and descriptive
statistics of the dataset, showing a narrow value range from 3.72
to 5.32 with a mean of 4.49 and median of 4.45, indicating strong
central clustering. The low standard deviation (0.41) and
coefficient of variation (0.09) reflect minimal dispersion, while
the slight positive skewness (0.20) suggests a mild right-tailed
distribution. Overall, the statistical measures indicate a stable,
tightly distributed dataset suitable for precise analytical
modeling.

ney

Fragque

Histogram with fixed size bins (Dins=5

Graph4: Histogram with fixed size bins (bins = 50)

= The histogram shows that most observations are
concentrated between approximately 3.9 and 5.1,
indicating a strong central clustering around the mean
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value.

. The distribution appears relatively uniform with
slight right skewness, as frequencies gradually
decrease toward higher values beyond 5.0.

. The absence of extreme outliers and the smooth
frequency pattern suggest stable variability, supporting
reliable statistical modeling and analysis.

Fraquancy

Total Rainfall Mm
gL
Distinct 2426 200
Distinct (%) 12.1%
Missing 0 4 K, P & $
Missing (%) 0.0% Histogram with fixed size bins
Infinite 0 Graph 5: Histogram with fixed size bins (bins = 50)
Infinite (¢ 0.0%
niinite (%) % = Histogram with fixed size bins (bins=50) shows
Mean 159.45767 a right-skewed distribution of flood-related data (e.g.,
Minimum 42.9 water depths or elevations), peaking sharply at low
values (~80) with frequency near 1000, then rapidly
Maximum 311.6 declining.
Zeros 0 =  Reveals typical characteristics of preprocessed
) 0 satellite/DEM datasets, where shallow inundations
Zeros (%) 0.0% dominate while deep flooding events are rare, aiding
Negative 0 model input validation.
|}

. F
Negative (%) 0.0% ixed binning (50 bins) provides consistent
Memory size 156.4 KiB visualization for outlier detection and data

normalization prior to deep learning training.
Table 1.8: Quantile statistics mean ndwi
Minimum 429 Dt 167
t
5-th percentile 54.095 o 1.s 1nco/ 30
Ql 963 1st1'nc.t( 0) 3%
median 155.8 Missing 0
o 3 0, 0,
3 2287 MISSIH% (%) 0.0%
95-th percentile 281.5 Infinite 0
3 0, 0,
Maximum 311.6 Infinite (%) 0.0%
Range 268.7 Mean 0.3210111
Interquartile range (IQR) 132.4 Minimum 0.107
Maximum 0.579
Table 1.9: Descriptive statistics Zeros 0
Standard deviation 76.856492 Zeros (%) 0.0%
Coefficient of variation 048198679 Negative 0
(CV) ’ Negative (%) 0.0%
Kurtosis -1.238423 Memory size 156.4 KiB
Mean 159.45767 Table 1.10: Quantile statistics
Modian Abeol Minimum 0.107
edian Absolute ]
Deviation (MAD) 72.5 5-th percentile 0.154
Ql 0.239
Skewness 0.12871305 median 0317
Sum 3189153.5 Q3 0.404
. 95-th percentile 0.494
Variance 5906.9204 Maximum 0.579
Monotonicity Not monotonic Range 0472
Interquartile range (IQR) 0.165

Tables 1.8 and 1.9 present the statistical summary showing a

wide data range from 42.9 to 311.6 with a mean of 159.46 and Table 1.11: Descriptive statistics

median of 155.8, indicating moderate central alignment. The Stz‘mdard de\/.iat.ion 0.10474934
relatively high standard deviation (76.86) and coefficient of Coefficient of variation (CV) 0.32631064
variation (0.48) reflect substantial variability, while the slight Kurtosis -0.90737719
positive skewness (0.13) suggests a mildly right-tailed but Mean 0.3210111

fairly symmetric distribution. Median Absolute Deviation 0.082
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(MAD)
Skewness 0.10872528 Table 1.13: Descriptive statistics
Sum 6420.222 Standard deviation 1.4795223
Variance 0.010972423 Coefficient of variation (CV) -0.07439508
Monotonicity Not monotonic Kurtosis -1.0752453
Mean -19.887367
o Median Absolute Deviation (MAD) 1.25
W
0D Skewness 0.12010428
Sum -397747.34
500
2 Variance 2.1889861
3 Not
o Monotonicity .
& monotonic

e
S

8

N
) o Q o 9 )

Histogram with fixed size bins (ins =50
Graph6: Histogram with fixed size bins (bins = 50)

= Histogram with fixed size bins (bins=50)
displays a unimodal, roughly symmetric distribution
peaking around 0.4 (frequency ~700), spanning 0.0-
0.6, typical for normalized flood metrics like water
fraction or probability from satellite data.

= Highlights concentrated values in mid-range,
with tails at extremes, indicating well-behaved
preprocessed inputs suitable for deep learning
convergence.

= Fixed 50-bin setup enables precise density
visualization for feature scaling and anomaly checks
in 3D inundation modeling.

mean_sar_vv_db

Distinct 610
Distinct (%) 3.0%
Missing 0
Missing (%) 0.0%
Infinite 0
Infinite (%) 0.0%
Mean -19.887367
Minimum -22.67
Maximum -16.45
Zeros 0
Zeros (%) 0.0%
Negative 20000
Negative (%) 100.0%
Memory size 156.4 KiB

Table 1.12: Quantile statistics

Minimum -22.67

5-th percentile -22.13

Q1 -21.17

median -19.96

Q3 -18.64

95-th percentile -17.5

Maximum -16.45

Range 6.22
Interquartile range (IQR) 2.53

© 2026, IJSREM | https://ijsrem.com

Tables 1.12 and 1.13 indicate that the variable values are entirely
negative, ranging from —22.67 to —16.45 with a mean of —19.89
and median of —19.96, showing strong central consistency. The
low standard deviation (1.48) and small IQR (2.53) suggest
limited dispersion, while slight positive skewness (0.12)
indicates a nearly symmetric and stable distribution suitable for
analytical modeling.

Fraquancy

o 9 b

Histogram with fixed size bins |bins=50)
Graph7: Histogram with fixed size bins (bins = 50)

Histogram with fixed size bins (bins=50) shows a right-skewed
distribution for negative-range data (e.g., log-transformed
residuals or elevations from -22 to -17), peaking early (~-22 to -
20) at frequencies up to 600 before tailing off.

Illustrates common preprocessing outcome in flood datasets,
where lower (more negative) values cluster densely, reflecting
terrain or error skew in DEM/satellite fusion.

50-bin granularity supports detailed inspection for model
robustness, highlighting need for log-scaling or clipping in deep
learning inputs.

max_flood depth_m

Distinct 621
Distinct (%) 3.1%
Missing 0
Missing (%) 0.0%
Infinite 0
Infinite (%) 0.0%
Mean 5.7927765
Minimum 1.19
Maximum 7.5
Zeros 0
Zeros (%) 0.0%
Negative 0
Negative (%) 0.0%
Memory size 156.4 KiB

Table 1.14: Quantile statistics
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Minimum 1.19

5-th percentile 2.07

Q1 3.42

median 7.41

Q3 7.5

95-th percentile 7.5
Maximum 7.5

Range 6.31
Interquartile range (IQR) 4.08

Table 1.15: Descriptive statistics

Standard deviation 2.1281112
Coefficient of variation (CV) 0.36737326
Kurtosis -1.1110866

Mean 5.7927765

Median Absolute Deviation 0.09
(MAD)

Skewness -0.75964298

Sum 115855.53

Variance 4.5288571

Monotonicity Not monotonic

Tables 1.14 and 1.15 show values ranging from 1.19 to 7.5 with
a mean of 5.79 and median of 7.41, indicating concentration
toward the higher end of the range. The moderate standard
deviation (2.13) and negative skewness (—0.76) suggest a left-
skewed distribution with greater clustering near the maximum
value, reflecting noticeable variability within the dataset.

10000

Cy

Frequen

! Y b ® )

Histogram with fixed size bins (|

Graph8: Histogram with fixed size bins (bins = 50)

Histogram with fixed size bins (bins=50) exhibits extreme
right-skewed distribution peaking sharply at high value (~1.0)
with frequency ~10,000, while low values (0.0-0.8) show
minimal counts under 2000.

Indicates typical saturation or clipping in normalized flood
probability/satellite intensity data, where most pixels register
near-maximum post-processing.

50-bin resolution highlights imbalance requiring techniques
like log-transformation or class weighting for stable deep
learning training in inundation mapping.

mean_flood_depth_m

Distinct 732
Distinct (%) 3.7%
Missing 0
Missing (%) 0.0%
Infinite 0
Infinite (%) 0.0%
Mean 2.8817635
Minimum 0.15
Maximum 7.47

Zeros 0
Zeros (%) 0.0%
Negative 0

Negative (%) 0.0%
Memory size 156.4 KiB

Table 1.16: Quantile statistics

Minimum 0.15
5-th percentile 0.38
Q1 1.17
median 2.58
Q3 431
95-th percentile 6.5105
Maximum 7.47
Range 7.32
Interquartile range (IQR) 3.14

Table 1.17: Descriptive statistics

Standard deviation 1.9429792
Coefficient of variation (CV) 0.67423271
Kurtosis -0.82964464

Mean 2.8817635

Median Absolute Deviation 153
(MAD)

Skewness 0.48987876

Sum 57635.27

Variance 3.7751683

Monotonicity Not monotonic

Tables 1.16 and 1.17 indicate that the data ranges from 0.15 to
7.47 with a mean of 2.88 and median of 2.58, showing moderate
central tendency. The relatively high coefficient of variation
(0.67) and positive skewness (0.49) suggest noticeable
variability with a right-skewed distribution, indicating the
presence of higher-value observations extending the upper tail.

Froguancy

g » ° Q

Histogram with fixed size bins (brs
Graph9: Histogram with fixed size bins (bins = 50)

- Histogram with fixed size bins (bins=50) reveals
a left-skewed distribution peaking at low values (~0-
1) with frequency ~1000, gradually declining across
0-10.

- Reflects common patterns in flood datasets like

© 2026, IJSREM | https://ijsrem.com
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elevation differences or normalized residuals, where
minimal changes dominate  preprocessed
satellite/DEM inputs.
50-bin structure aids in visualizing long tails for outlier 2000
handling and normalization, ensuring robust deep learning
model training for inundation prediction.

Froquoncy

flood_extent_pct t

Distinct 609
E—
Distinct (%) 3.0% g " p
Missing 0
Missi o 0.0% Histogram with fixed size bins
issing (%) i Graph10: Histogram with fixed size bins (bins = 50)
Infinite 0
. . Histogram with fixed size bins (bins=50)
0, 0,
Infinite (%) 0.0% displays extreme right-skewed distribution, with peak
Mean 93.281125 frequency (~12,000) at high end (~100) and near-zero
Minimum 354 counts from 40-80.

= Characteristic of flood datasets like water depths
Maximum 100 or DEM elevations, where rare high inundation events
dominate tail while lowlands form baseline.

. 50-bin fixed sizing reveals imbalance, guiding
Zeros (%) 0.0% preprocessing like log-scaling for deep learning
stability in 3D mapping models.

Zeros 0

Negative 0
Negative (%) 0.0% mean_velocity_mps
Memory size 156.4 KiB —
Distinct 59
Table 1.18: Quantile statistics Distinct (%) 0.3%
Minimum 35.4 Missing 0
th " 93 Missing (%) 0.0%
-th percentile . Infinite 0
Q1 94.1 Infinite (%) 0.0%
median 100 Mean 0.3959195
Q3 100 Minimum 0.16
Maximum 0.74
95-th percentile 100 Zeros 0
Maximum 100 Zeros (%) 0.0%
Range 64.6 Negative 0
) Negative (%) 0.0%
Interquartile range (IQR) 5.9 - -
Memory size 156.4 KiB
Table 1.19: Descriptive statistics Table 1.20: Quantile statistics
Standard deviation 13.143822 Minimum 016
Coefficient of variation (CV) 0.14090549 5-th percentile 022
Kurtosis 3.5936331 Ql 028
Mean 93.281125 median 0.39
Median Absolute Deviation
(MAD) 0 Q3 . 0.49
Skewness -2.1390591 95-th percentile 0.63
Sum 1865622.5 Maximum 0.74
Variance 172.76006 Range 0.58
. ; Interquartile range
Monotonicity Not monotonic (IQR) 0.21
Tables 1.18 and 1.19 show values ranging from 35.4 to 100 Table 1.21: Descrintive statistics
with a high mean of 93.28 ar}d median of ‘1 00, indicating strong Standard deviation 0.12863542
clustering at the upper limit. The negative skewness (—2.14) Cocfficiont of variati
and high kurtosis (3.59) suggest a left-skewed and highly 0¢ 1c1enC{)/ variation 0.32490297
peaked distribution, with most observations concentrated near ( ).
the maximum value. Kurtosis -0.80484059
Mean 0.3959195
Median Absolute 011
Deviation (MAD) )
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Skewness 0.34095119 high-elevation areas indicating stable, non-inundated
Sum 7918.39 zones.
Variance 0.016547072 .
— - Correlations
Monotonicity Not monotonic
1.00
Tables 1.20 and 1.21 indicate that the values range from 0.16 oatatm i
to 0.74 with a mean of 0.396 and median of 0.39, showing R0t pn, m i
consistent central tendency. The moderate coefficient of mean_sievation_m 060
variation (0.32) and slight positive skewness (0.34) suggest a moan_food_depth_m Sk
mildly right-skewed distribution with controlled variability e ndwl
and stable dispersion. mean_sar w_db o
menn_slope deg 036
20 menn_twi - <060
{00 mear_velouty mps -0.78
?. Er{‘ total_rantell_mm & . {; i ﬁ‘ g E =1.00
)4 t L C f R ;-.
g g T I
i y 3¢ 98 D
o Graph13: Correlations
20
= Correlation heatmap reveals strongest positive
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Histogram with fixed size bins (2ins=30/
Graphl11: Histogram with fixed size bins (bins = 50)

= Histogram with fixed size bins (bins=50)
shows multi-modal distribution with peaks around
0.2 (~1200 frequency), 0.4 (~1000), and smaller
modes up to 0.7, across 0.0-0.7 range.

. Typical for fused satellite/ DEM features in

flood data, capturing varied terrain/water
interactions with clustered intensities post-
normalization.

. 50-bin detail reveals distribution complexity,
informing feature engineering like binning or
augmentation for robust deep learning in 3D
inundation forecasting.

Interactions

oy

mean_weiscty mps

02

s 80 175 20 s 2% s E s
mean_swrason_m

Graph12: Interactions

- Hexbin plot of mean velocity (mps) vs. mean
elevation (m), shows positive correlation with higher
velocities (0.4-0.7) concentrated at lower elevations
(150-225m), tapering at higher terrain.

- Dense clustering in mid-low elevation range
reflects flood dynamics where water accelerates in
valleys, critical for 3D inundation model validation
using DEM-satellite fusion.

- Reveals terrain-velocity interactions guiding
deep learning feature selection, with low-density

© 2026, IJSREM | https://ijsrem.com

links: flood extent % with max flood depth (dark blue,
~0.75-1.0) and mean SAR dB (blue, ~0.5), indicating
satellite backscatter drives inundation prediction.

= Negative correlations prominent: mean slope
deg with velocity (dark red, ~-0.75) and rainfall (red,
~-0.5), showing terrain steepness dampens flow in
DEM-based models.

= Low correlations (white) between flood depth
m and total rain mm highlight precipitation's indirect
role versus direct topographic/satellite features for 3D
forecasting.

Missing values
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Graph14: Missing values Count

. Missing values visualization shows all
features with 0% nulls (blue bars at bottom),
indicating complete dataset post-preprocessing from
satellite/DEM sources.image.jpg

. Uniform absence across elevation, slope,
rainfall, SAR dB, depths, extent, and velocity
confirms robust imputation or filtering, essential for
deep learning stability.

. Clean data profile enables direct model
training without dropout risks, supporting accurate 3D
flood inundation forecasts.
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Graph15: Missing values Matrix

. Missing values matrix displays uniform blue
columns across all features (mean elevation, slope,
rainfall, SAR dB, flood depths, velocity), indicating
zero missing data points (~20,000 rows complete).

= Clean  matrix  confirms  successful
preprocessing of satellite/DEM fusion, eliminating
gaps from cloud cover or sensor artifacts critical for
deep learning input stability.

= Absence of white/missing patterns enables
seamless training of inundation models without
imputation bias in 3D flood forecasting pipeline.

& Simulastion Parameters

P—

Pufull § (lruew Zoodors

B Scereria Sammary

Photol: Inputl

The interface displays a flood simulation dashboard titled
“Simulation Parameters” under Sina Flood Al, integrating
meteorology, terrain analysis, hydrology, and remote sensing
modules. It shows rainfall input of 190 mm with a uniform
intensity pattern and provides a summarized scenario including
terrain slope (9.0°), soil saturation index (8.0), and water index
(0.45). The system status is active, indicating real-time data
processing for flood risk assessment and modeling.

& Simulation Parameters

Tepagrepiy b Gamwrphelagy

B Somario Suremary

Photo2: Input2

The dashboard displays the Terrain Analysis module within the
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Sina Flood Al simulation interface, focusing on topography and
geomorphology parameters. It shows a mean elevation of 240 m
and an average slope of 9.0°, which influence runoff behavior and
flood propagation dynamics. The scenario summary integrates
rainfall, terrain slope, saturation index, and water index for
comprehensive flood risk assessment.

B Simulation Parameters

Photo3:Input3

The interface highlights the Hydrology module of the Sina Flood
Al simulation dashboard, focusing on soil and surface
hydrological parameters. It displays a Topographic Wetness Index
(TWI) of 8.0 and an NDWI (Water/Vegetation Index) of 0.45,
indicating moderate soil saturation and surface water presence.
These parameters are integrated with rainfall and terrain data to
support dynamic flood risk modeling and inundation prediction.

W Simulation Parammsters

Photo4:Input4

The dashboard displays the Remote Sensing module within the
Simulation Parameters interface, highlighting satellite observation
inputs for flood analysis. It shows SAR backscatter intensity of
—12.00 dB, which is crucial for detecting water surfaces and
inundation areas under all-weather conditions. This satellite-
derived parameter is integrated with meteorological, terrain, and
hydrological data to enhance 3D flood forecasting accuracy.

B Forecast Results

Photo5: Run Model

The interface displays the Forecast Results section of the Sina
Flood Al system after executing the flood simulation.
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Sera Sreer Dasin Flaod Mode

Photo6: Output 3D

Based on the input parameters (190 mm rainfall, 9.0° slope, TWI
8.0, NDWI 0.45), the model predicts a Critical Risk condition
with immediate evacuation recommended. The forecast
estimates a mean flood depth of approximately 1.79 m and
significant inundation extent, indicating severe flood impact
under the simulated scenario.

The figure 6 illustrates the 3D Sina River Basin Flood Model,
showing terrain elevation and simulated flood depth distribution
across the basin. The model indicates a maximum flood depth
of 3.75 m with an affected area of approximately 547.09 km?,
highlighting significant inundation in low-lying regions. The
color gradients represent elevation variations and flood depth
intensity, while the marked point identifies the location of
maximum water depth within the river channel zone.

The figure 7 presents Flood Statistics and Depth Distribution
Analysis, summarizing key inundation metrics of the simulated
event. The results indicate a maximum depth of 3.75 m, an
average depth of 4.50 m, total flood volume of 4.15 million m?,
and affected area of 0.92 km?, classified as critical.

W Flood Stamnticy

375m 450m ALSMm’ 0.92 km*

B Oeprth Datrbiution Anaiysh

i
II|I |

Photo7: Output 2D of Model

The accompanying depth distribution histogram illustrates the
frequency of flood depths, with most grid cells concentrated
between moderate to high depth ranges, highlighting severe
inundation conditions.

W—eoe

e Mewr b (M Mayh

3.15m A47109km’

B Irrporal Spramacs

Photo8: Output hydrological
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The figure illustrates the Hydro-Meteorological Analysis module
of the flood model, presenting key dynamic indicators of the
simulated event. The results show a maximum flood depth of 3.75
m, inundated area of 547.09 km?, peak discharge of 9,500 m?/s,
and a high model confidence level of 91%, indicating reliable
predictions. The temporal analysis graphs display rainfall intensity
and river discharge trends over time, highlighting increasing
hydrological stress contributing to high flood risk conditions.

.
UMt g 5 b S s L

Figure9: Output Insights

The chart illustrates the feature importance in the flood prediction
model, showing that rainfall has the highest contribution (around
32%), making it the most influential factor. Terrain slope follows
as a significant contributor, while soil saturation and urbanization
have comparatively lower impacts. This indicates that
precipitation and topography play a dominant role in accurate
flood forecasting.

Emergancy Response Paonucs

4 Proey Actans

Figure10: Output Action Protocol-

The image presents an Emergency Response Protocol dashboard
generated by the flood forecasting system. It highlights priority
actions such as activating the early warning system, monitoring
river levels, and preparing evacuation routes based on a critical
risk classification. With a rainfall trigger above 190 mm, an
estimated impact time of 6 hours, and 91% model confidence, the
system supports timely decision-making for disaster management.
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Overview

Variables

The image shows a detailed analysis report generated using a
Pandas Profiling dashboard for the flood dataset. It summarizes
key dataset statistics, including 10 numerical variables, 20,000
observations, and no missing or duplicate values, indicating
clean and well-structured data. This analysis ensures data quality
and reliability before training the deep learning flood prediction
model.

Conclusion and future work

This study develops a comprehensive 3D flood inundation
forecasting and mapping framework by integrating satellite
imagery, Digital Elevation Model (DEM) data, and advanced
deep learning techniques to enhance flood prediction accuracy
and disaster management efficiency. The proposed approach
effectively models complex spatial and terrain-driven flood
dynamics, enabling precise estimation of flood extent and
water depth. Statistical evaluation confirms that the dataset is
complete, consistent, and well-structured, supporting robust
model training and validation. By leveraging architectures
such as CNN, U-Net, and CNN-LSTM, the framework
improves computational efficiency and predictive performance
compared to traditional hydrological and hydraulic models,
while also supporting scalable and real-time flood monitoring
applications. Future work will focus on incorporating real-time
rainfall, river discharge, and IoT-based sensor data to
strengthen temporal forecasting capabilities. The integration of
high-resolution LiDAR-derived DEMs and advanced deep
learning models such as Transformer-based architectures may
further enhance 3D flood depth estimation and extreme event
prediction. Additionally, deployment on cloud-based
geospatial platforms and validation across diverse river basins
will improve generalizability, operational scalability, and
decision-support effectiveness for early warning systems.
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