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Abstract

Background: Urban flooding in coastal cities like Chennai has intensified due to climate change and increased
cyclonic activity in the Bay of Bengal. The 2015 Chennai floods demonstrated the critical need for accurate
prediction systems to mitigate disaster impacts. Current models face challenges in balancing computational
efficiency, spatial accuracy, and interpretability for urban planning applications.

Methods: This study develops an Enhanced Grid Cellular Automata Algorithm (EGC2A) that integrates mean
meteorological parameters (rainfall: 16.11-17.72 mm, wind speed: 4.94-6.31 kmph) with elevation-aware flood z
propagation rules. The framework processes a 60 x 60 grid (54 km) of Chennai, grouping cells into 20
neighborhoods through geospatial proximity analysis. Validation employs historical flood data and comparison
against CNN-based approaches, with visualization through Folium maps and TikZ diagrams.

Results: The model achieves 89.2% accuracy (F1-score: 0.87) in flood prediction, identifying high-risk zones
including T. Nagar (65.2% affected) and Velachery (58.7%). Quantitative analysis reveals 65% of Chennai falls
under "Fully Affected" classification within 5 km of coastline. The system reduces false positives by 22%
compared to deep learning benchmarks while maintaining computational efficiency (<2 sec/simulation cycle).

Concluding Remarks: EGC2A provides a robust, interpretable solution for urban flood prediction, validated

through Monte Carlo simulations (+5% error margin). The framework’s geospatial outputs enable actionable
insights for disaster management, with potential applications in other coastal cities. Future work will integrate 10T
sensors and hybrid machine learning to enhance real-time forecasting capabilities.

Keywords: urban flood prediction, cellular automata, geospatial analysis, Chennai cyclones, disaster risk modeling.
1. Introduction
1.1 Urban Flooding: A Global and Local Crisis

Urban flooding has emerged as a pressing global concern, particularly in climate-vulnerable and rapidly urbanizing
regions. Coastal cities such as Chennai, India, are increasingly at risk due to a convergence of factors— rising sea
levels, extreme rainfall events, encroachment on natural drainage paths, and outdated drainage infrastructure [1].
Chennai’s low-lying geography and expanding impermeable surfaces exacerbate stormwater runoff and reduce
natural infiltration, causing recurrent inundation during monsoon and cyclonic events.

The catastrophic 2015 Chennai floods exemplify the devastating consequences of unprepared urban systems,
resulting in over $3 billion in damages, widespread displacement, and disruption of essential services [2]. These
events underline the urgency for predictive tools that can simulate flood dynamics at fine spatial resolutions to
inform policy and safeguard urban resilience.
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1.2 Limitations of Existing Modeling Techniques

Effective flood modeling in urban contexts is inherently challenging. Hydrodynamic models like HEC-RAS
provide high accuracy but require dense data and significant computational overhead, making them unsuitable for
real-time use in large cities. Statistical models, on the other hand, often fail to capture spatial heterogeneity and
evolving urban topographies [3]. Additionally, many existing tools lack intuitive visualization interfaces, hindering
their adoption by municipal planners, emergency responders, and community stakeholders [4].

1.3 Proposed Solution: Enhanced Grid Cellular Automata Algorithm (EGC2A)

To address these limitations, this study introduces the Enhanced Grid Cellular Automata Algorithm (EGC2A), a
lightweight and scalable geospatial framework for flood risk prediction. EGC2A combines spatial grid modeling
with meteorological parameters—such as average rainfall and wind speed—to simulate flood propagation across
urban neighborhoods. The model emphasizes interpretability, modularity, and low computational demand while
retaining critical spatial fidelity.

EGC2A Model
(Enhanced Grid Cellular Automata)

Initialization
(Grid States)

{Neighborhood Seleclion]

(Moore)

N

[Smle Update RuleJ

(Transition Logic)

Iteration
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Figurel: Detailed Workflow of the EGC2A Model

1.4 Research Objectives and Scope

This research is motivated by the growing need for interpretable, location-specific flood modeling systems tailored
to cities like Chennai. The study utilizes 2013 historical meteorological data for model calibration and validation.
Chennai’s geography is divided into 20 key neighborhoods to enable granular flood risk classification and scenario
analysis.

The primary objectives of this study are:
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To implement the Enhanced Grid Cellular Automata Algorithm using spatial and meteorological datasets.
To segment the Chennai region into spatial neighborhoods for local flood modeling.

To generate interactive flood risk maps via Folium for intuitive interpretation.

To provide practical insights for municipal decision-making and disaster preparedness.

1.5 Contributions

This work offers a hybrid methodology that merges spatial modeling with meteorological analysis through cellular
automata. Key contributions include:

A lightweight and scalable algorithm adaptable to city-scale applications.

An open, interactive visualization platform to enhance stakeholder engagement.

A reproducible framework applicable to other flood-prone cities with similar constraints.
1.6 Paper Organization

The remainder of this paper is organized as follows: Section 2 reviews the literature on flood modeling approaches
and tools. Section 3 explains the proposed methodology, including algorithm design and implementation. Section
4 details the simulation results and visual outputs. Section 5 interprets the findings and addresses practical
implications. Section 6 concludes the study and outlines future directions such as real-time data integration and
cross-city model generalization.

2. Literature Review

Urban flood prediction is a rapidly evolving field, especially in light of climate change and urbanization. This
review categorizes the literature into four main areas—hydrodynamic models, cellular automata (CA), machine
learning & hybrid models, and geospatial visualization—before synthesizing recent research and highlighting key

gaps.
2.1 Hydrodynamic Models

Horritt and Bates (2002)
Horritt and Bates utilized LiDAR-derived elevation data and friction parameters to model floodplain inundation

with hydrodynamic models based on Saint-Venant equations. Their work achieved high accuracy but highlighted
computational intensity, limiting scalability for urban flood prediction, particularly for real-time applications [5].

Bates et al. (2010)
Bates et al. introduced LISFLOOD-FP, a simplified hydrodynamic model reducing momentum equations for

faster runtime. It balances accuracy and computational efficiency, suitable for large-scale flood modeling but faces
challenges in urban contexts due to data demands and limited real-time adaptability [6].

2.2 Cellular Automata Approaches

Guidolin et al. (2016)
Guidolin et al. developed a cellular automata framework using slope and drainage-based transition rules for flood

spread simulation. It offers low computational cost and high adaptability but lacks integration with realtime
meteorological inputs, limiting its applicability for dynamic urban flood scenarios [7].
Liu et al. (2022)
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Liu et al. combined cellular automata with GIS to enhance spatial realism in flood modeling. Their approach
improved urban flood simulation by incorporating geospatial data but was constrained by limited visualization
capabilities, reducing its effectiveness for stakeholder communication and real-time applications [8].

Kumar et al. (2024)
Kumar et al. tailored a cellular automata model to simulate Chennai’s 2015 floods, focusing on urban drainage and

topography. While effective for specific case studies, the model omitted cyclone wind effects, limiting its ability
to capture complex coastal flood dynamics [9].

2.3 Machine Learning and Hybrid Models (2022—2025)

Mosavi et al. (2018)
Mosavi et al. applied neural networks and SVMs for flood zone prediction, achieving high predictive accuracy.

Their data-driven approach prioritized performance over interpretability, making it less suitable for policy
applications requiring transparent decision-making in urban flood management [10].

Wang et al. (2023)
Wang et al. proposed a hybrid CA and deep-learning model for urban flood prediction. While offering high

accuracy, it required significant computational resources and extensive tuning, posing challenges for scalability
and practical deployment in resource-constrained urban settings [11].

Chen et al. (2023)
Chen et al. integrated CNNs with satellite imagery for real-time flood forecasting. Their model achieved high

accuracy but relied on costly infrastructure, limiting accessibility for smaller municipalities. It excels in dynamic
monitoring but lacks interpretability for stakeholder use [12].

Situ et al. (2023)
Situ et al. developed an LSTM-DeepLabv3+ hybrid model for urban flood depth prediction. By leveraging temporal

and spatial data, it improved forecasting accuracy but required substantial computational resources, limiting its
scalability for widespread urban flood management applications [13].

Russo et al. (2023)
Russo et al. introduced CNN-surrogate models to enhance urban flood prediction speed. Their approach

approximated hydrodynamic outputs with reduced computational cost but sacrificed some interpretability,
making it less suitable for policy-driven flood management applications [14].

Sun et al. (2023)
Sun et al. proposed Fourier Neural Operators for urban flood modeling, offering efficient solutions for complex

spatial-temporal dynamics. Their model improved prediction speed and accuracy but required specialized
expertise for implementation, limiting its accessibility in practical urban settings [15].

Cache et al. (2024)
Cache et al. integrated multi-scale terrain context into CNNs, improving data-driven model generalizability for

urban flood prediction. Their approach balanced accuracy and computational efficiency but offered limited
visualization, impacting its utility for real-time stakeholder communication [16].

Liu & Mostafavi (2024)
FloodGenome by Liu and Mostafavi used an interpretable random forest model to link urban features to flood

exposure across US cities. It prioritized transparency and applicability, making it valuable for policy but less
focused on real-time prediction or visualization [17].

2.4 Geospatial Visualization

Zhang et al. (2022)
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Zhang et al. employed Folium for interactive flood maps, enhancing stakeholder engagement. Their approach was
limited to static scenarios, lacking integration with dynamic simulations or real-time data, which reduced its
effectiveness for operational urban flood management [4].

Smith (2022)

Smith reviewed GIS-based visualization tools for flood mapping, emphasizing stakeholder accessibility. The study
highlighted the need for dynamic, operational-ready tools but noted that existing solutions often lack realtime
integration, limiting their practical utility in urban flood management [18].

Jones (2023)

Jones explored GIS integration for flood visualization, focusing on urban applications. The review underscored the
potential for stakeholder communication but identified gaps in operational tools, particularly for real-time,
interactive flood mapping in complex urban environments [19].

Patel (2024)

Patel reviewed advancements in G1S-based flood visualization, emphasizing spatial data integration. While
highlighting improved mapping accuracy, the study noted deficiencies in operational-ready tools for dynamic,
real-time visualization, critical for effective urban flood management and stakeholder engagement [20].

2.5 Recent Advances (2023-2025)

Selvakumar et al. (2024)
Selvakumar et al. compared Chennai’s 2015 and 2023 floods using SAR imagery, CART classification, cyclonic
indicators, and reservoir dynamics. Their approach improved flood mapping accuracy but lacked real-time
meteorological integration, limiting its applicability for dynamic coastal flood prediction [21].

Lang et al. (2024)

Lang et al. proposed semi-automated SAR thresholding change-detection for rapid flood mapping in remotesensing
contexts. Their method enhanced mapping speed and accuracy but required further integration with realtime data for
operational urban flood management [22].

Sarkar et al. (2024)

Sarkar et al. developed a CA+GIS framework for Indian urban flood modeling, improving spatial accuracy and
adaptability. Their approach lacked real-time meteorological inputs and advanced visualization, limiting its
operational use for dynamic flood forecasting [23].

Bhattacharjee et al. (2025)

Bhattacharjee et al. advanced CA+GIS frameworks for Indian urban landscapes, focusing on scalability and urban
topography. Their model improved flood simulation but omitted cyclone dynamics and real-time visualization,
reducing its effectiveness for coastal flood management [24].

Franchi et al. (2025)

Franchi et al. introduced Bayesian zero-shot visual detection (BayFlood) for flood mapping. Their approach
enhanced adaptability across diverse urban settings but required further validation for operational use,

particularly in real-time and stakeholder-focused applications [25].

Ghosh et al. (2024)

Ghosh et al. combined hydrodynamic flood modeling with socioeconomic vulnerability analysis in Mumbai.

Their integrated approach improved urban flood risk assessment but lacked real-time visualization and dynamic
meteorological integration, limiting its operational applicability [26].

Mushtagq et al. (2023)

Mushtag et al. analyzed compound hydrological regimes causing extreme floods. Their study provided insights
into flood drivers but lacked operational tools for real-time prediction and visualization, limiting its practical use in
urban flood management [27].
Al-Rawas et al. (2024)
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Al-Rawas et al. reviewed flash-flood early warning technologies, including Al, 10T, and robotics. Their work
highlighted operational advancements but noted gaps in integrating these technologies with dynamic
visualization for urban flood management [28].

Byaruhanga et al. (2024)

Byaruhanga et al. mapped trends in global flood forecasting and early warning systems. Their review emphasized
technological advancements but identified gaps in operational, real-time tools for urban contexts, particularly for
stakeholder communication [29].

Kim et al. (2023)
Kim et al. developed a graph neural network for urban flood prediction, leveraging connectivity of drainage systems.

Their model improved accuracy in complex urban settings but required high computational resources, limiting its
scalability for real-time applications [30].

Zhou et al. (2024)
Zhou et al. integrated 10T sensors with ML for real-time urban flood monitoring. Their system enhanced early

warning capabilities but faced challenges in data integration and visualization, reducing its effectiveness for
stakeholder communication in dynamic flood scenarios [31].

Patil et al. (2024)
Patil et al. proposed a hybrid LSTM-CNN model for flood forecasting in Indian cities. Their approach improved

temporal predictions but struggled with generalizability across diverse terrains, requiring extensive retraining for
different urban contexts [32].

Nguyen et al. (2024)
Nguyen et al. used transformer models for flood depth estimation, leveraging satellite and meteorological data. Their

approach achieved high accuracy but was computationally intensive, limiting its practical deployment in resource-
constrained urban flood management systems [33].

Gupta et al. (2025)
Gupta et al. developed a low-cost CA model with real-time rainfall inputs for urban flood prediction. Their

approach improved scalability but lacked advanced visualization, limiting its utility for stakeholder engagement
in operational flood management [34].

Lee et al. (2023)
Lee et al. introduced a reinforcement learning model for adaptive flood mitigation in urban areas. Their approach

optimized resource allocation but required extensive training data, reducing its feasibility for smaller
municipalities with limited data resources [35].

Choi et al. (2024)
Choi et al. combined SAR imagery with GANs for flood extent mapping. Their model improved visualization but

lacked integration with real-time meteorological data, limiting its operational use for dynamic urban flood
forecasting [36].

Rahman et al. (2024)
Rahman et al. proposed a hybrid hydrodynamic-ML model for coastal flood prediction. Their approach improved

accuracy but was computationally intensive, requiring significant infrastructure for real-time urban flood
management applications [37].

Verma et al. (2025)
Verma et al. developed a GIS-based flood vulnerability index for Indian urban areas. Their model enhanced risk

assessment but lacked dynamic visualization, limiting its operational utility for real-time stakeholder communication
[38].

Tanaka et al. (2024)

Tanaka et al. introduced a real-time flood forecasting system using edge computing and 1oT. Their approach
improved response times but faced challenges in integrating complex urban topography, limiting its
effectiveness in diverse urban settings [39].
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Table 1: Comparison of Recent Advances in Urban Flood Modeling (2023-2025)

S.Ne.  Year Study Reference (Author, Journal, Title) Techmigues Findings Research Gap
1| 2024 | Selvakumar et al., Remote Sens. Environ., SAR | SAR  imagery. CART | Improved Aood mapping acou- | Lacks real-ime meteorological
imagery and CART for Chennai flood compar classification.  cyclomic | racy using SAR and CART integration
indscators
2 24 .. J. Remote Sens ., Semiamtomared | SAR thresholding. | Enhanced mapping speed and | Needs real-time data miegration
Waling for ad maappung <hange-delection accuracy
3 2024 Urban Water J.. CA+GIS frame CA, GIS imlegralion Improved spatial accuracy and | Lacks real-tme meteosrologacal
work for Indian wriban { modeling adaptability mputs and visualization
4 2025 | Bhattacharjee et al, I Flood Risk Manag._ Ad- | CA, GIS. urban wopogra Enhanced flood simulation scal Omits cyclone dynamscs and
vanced CA+GIS for swrban food m ng phy ability real-time visualization
5 2025 | Frumchs et al., Compaut. Vis. Pattern Recognit, | Bayestan  zero-shot  de Enhanced adaptabalany across ur Reguires operatsonal validatson
Bayesian sero-shof visual detection for fivod | lection (BayFlood) ban setlings
g
] 2024 | Ghosh et al., N, Hazards, Hydrvdynamic and | Hydrodynamic sl Improved urban flood sk as- | Lacks  real-time  visualization
sovioecanomic floowd analysis in Mumbei eling, sovioeconomic | sessment unel meteorsdogical imegration
analysis
i g 2023 | Mushlag et al, Hydrol. Sci. 1. Compomnd | Hydrological regime | Insaghts into Aood drivess Lacks real-time prediction and
hvdralogical wrreme floods analysis wisualization lools
8 2024 | Al-Rawas et wiron. Manag., Flash AL LoT, robotses Highlighted operational 2 Gaps in dynamse visualization
fovd carfy warning technologies vancements integration
9 2024 et al.. Waler Resour. Res,, Trends | Global forecasling  sys Emphasized technological ad Gaps in operational real-tumne
i global flood forecasiing sysfems lem analysas vancemenls ools
10 2023 | Kim et al., J. Waler Resous. Plan., Graph aew Craph neuwsal networks., | Improved accuracy m complex | High compuatational resource re
ral netwarks for wrhan flood prediction drunage system connec urban seitings guirements
vty
i1 2024 | Zhou et al., Environ. Monst. Assess., foT and | 0T  sensors. machme | Enhanced early warning capa Challenges in data mtegration
ML for real-time wrban flood montoring lesuning bilities ancd visualization
12 2024 Patl et al.. J. Hydrol., Hyvbred LSTM-CNN for | LSTM, CNN Improved temporal predscons Lamsted generalizability across
Hovad forecastng in Indian cities lerrains
13 2024 | Nguyen et al, Adv. Water Resour., Tians Transformes models, | High accuracy in depth estama Computationally mtensive
former models for flood depth estimation satellite dala Lion
14 2025 | Gupta et al., Usban Water J., Low-cost CA wirth | CA, real-time rainfall Improved scalabality for urban | Lacks advanced visualizatzon
real-sinve rainfall inputs flood prediction
I5 2023 | Lee et al, J. Environ. Manag.. Reinforcement | Reinforcement learming Optimized resource allocation Reguires extensive training data
learming for food mirgarion
16 2024 | Choselal., Remite Se Lett., SAR and GANs | SAR smagery, GANs Improved visualization of flood | Lacks real-time meteorological
for flomd extent mapparg exlent mlegration
17 2024 | Rahman et al, Na Hazards, Hvbed | Hydeodynamic  model Improved coastal llood predic Computationally miensive
fvdradynamic-ML for coastal food prediction | ing. ML LLOn accuracy
I8 2025 | Verma et ul., J. Flood Risk Manag | GIS based | GIS, valnerability index Enhanced risk assessment Lacks dynamic visualization
faerd vadnerbaliry index ing
19 2024 | Tanaka et al., Environ. Model. Softw,, Edge | Edge computing, 16T Improved respoase imes Challenges in complex urban to
compieting for seal-tavwe food forecasting pography

3. Recent Advances (2023-2025)
3.1 Research Gaps
Although significant progress has been made, several gaps remain:

+ Real-time meteorological integration: CA models often ignore storm tracks and wind dynamics critical for coastal
flooding.

+ Contextual generalizability: Many ML models fail to generalize across terrains and rainfall regimes without
retraining.

«  Operational visualization: Few solutions integrate simulation with dynamic GIS and real-time stakeholder tools.

* Interpretability: Hybrid models often sacrifice transparency, making policy adoption difficult.
3.2 Contribution of This Study
The proposed EGC2A framework addresses these gaps by:

* Incorporating cyclone track, wind speed, and elevation into CA rules.
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»  Using patch-wise, context-aware modeling to improve generalizability.
»  Offering interactive Folium-based visualization linked to live simulations.
*  Maintaining model interpretability and reproducibility.

4. System Architecture

Figure 1 illustrates the end-to-end architecture of the proposed EGC2A (Enhanced Geospatial Cellular Automata

Architecture) model designed for geospatial rainfall analysis. The pipeline begins with meteorological data from
Chennai (2013), followed by a preprocessing phase including normalization and interpolation to address data
quality. The core EGC2A model simulates rainfall propagation using cellular automata principles. Subsequent
neighborhood grouping leverages Haversine distance for spatial clustering. The pipeline culminates in interactive
folium-based geospatial visualization, supporting risk classification across varying severity levels. This integrated
architecture ensures accurate modeling, spatial understanding, and effective visualization for informed
decisionmaking in flood-prone environments.

"-.\vlch:urulngwu! Dataset Diata Preprocessing | [ EGC2A Model | ‘-Nclghlxnlxmd f.iluupm’g-" <7 Geospanial Visualization ™,
{2013 Chenna) | (Normalezation, Interpolation) | | (Cellular Automata) | °|  (Haversme Distance) | ™ (Folium Maps) g

R J

Mormalizaton State Update P
S . Imeractive Maps
‘ (Ramfall. Wind) ( Ramfall. Wind, Elevaton) iy , ”
\ J \ J (Folium)

( Neighborhood Influence | ; T
| (Moore Neighborhood) |

"Risk Classification
[Severity Levels)

| Interpolation
(Linear Splane)

Figure 2: Proposed system architecture of the EGC2A model for geospatial rainfall simulation, neighborhood
grouping, and risk visualization.
5. Methods

This section describes the EGC2A-based flood prediction framework, integrating cyclone image processing, flood
simulation with mean-enhanced meteorological inputs, neighborhood grouping, and geospatial visualization. All
figures are generated using TikZ/PGF for clarity and reproducibility. The methodology leverages a 2013
meteorological dataset to simulate flooding dynamics over urban Chennai.

5.1 Dataset Description
The dataset comprises monthly meteorological records for Chennai during 2013, including variables such as:

- Mean sea level pressure: 985.49-1014.2 hPa - Dry/Wet bulb temperature: 22.53-26.6°C - Relative humidity:
73.46-83% - Rainfall: 16.11-17.72 mm - Wind speed: 4.94—6.31 kmph - Cloud cover, number of precipitation
days, and wind direction frequencies.

Rainfall (R) is normalized into a scale of 0—100 mm using:

Rnorm= 100 % Rjax_fl;:in
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Wind direction frequencies are aggregated into polar vectors for cyclone path simulation.
Temporal interpolation transforms monthly data into daily estimates via linear spline interpolation:

Xm+1 - Xm

Xdem+( » )-d, d=1,..30

5.2 Data and Software

2 2
A 60 x 60 grid (3600 cells of 30 m x 30 m =900 m each) covers 54 km of Chennai centered at latitude 13.0827°N,
longitude 80.2707°E. Software used includes:

- Python 3.9 with NumPy (grid operations) - OpenCV (cyclone image preprocessing) - Folium (map visualizations) -
Geopy (distance calculations)

Experiments run on a standard desktop (8 GB RAM, 2.5 GHz CPU).

5.3 Enhanced Grid Cellular Automata Algorithm (EGC2A)
5.4 Grid Cellular Automata Algorithm (GC2A)

Background:

The Grid Cellular Automata Algorithm (GC2A) is a computational model used for simulating flood propagation
using the principles of cellular automata (CA). In this framework, the environment is represented as a grid where
each cell corresponds to a spatial unit, such as a terrain segment. The flood state of each cell (e.g., water level or
intensity) evolves over discrete time steps based on local transition rules. These rules consider the influence of
neighboring cells, typically defined using a Moore (8-neighbor) or Von Neumann (4-neighbor) neighborhood
structure. GC2A simplifies hydrological dynamics by excluding real-time environmental parameters such as
elevation, rainfall intensity, and wind effects.

Model Formulation:

Let S«(i, j) denote the flood state of the cell at location (i, j) and time t. The GC2A model updates the state of each
cell based on the average flood state of its neighbors as follows:

1
Ses1 ) = T3 PIRACED

(P.@)EN(.))
where:
V(i j) is the Moore neighborhood of cell (i, j), including its 8 surrounding cells.

* || =8 is the number of neighbors considered in the update.

This basic formulation reflects local diffusion behavior where each cell passively receives influence from its
surrounding environment, simulating the natural spread of floodwater in a simplified manner.

5.5 Proposed Enhancement — EGC2A

To address the limitations of GC2A, we propose the Enhanced Grid Cellular Automata Algorithm (EGC2A), which
integrates meteorological and topographical parameters into the update rules. Specifically, EGC2A incorporate
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average rainfall, wind speed, elevation, and neighborhood flood levels to compute flood dynamics more
realistically.

Let St(i, j) denote the flood state of cell (i, j) at time ¢. The general update rule is:
Se1(Q, ) = £(Se(i, ), R7(i, ), W (o)), EGo f), NeCi, )
Where:
*  R7(i,j): Mean rainfall at location (i, j)
*  WT(,j): Mean wind speed
* E(i,j): Elevation at location (i, j)
*  N(i, j): Neighborhood influence from 8-connected Moore neighborhood
*  f(-): Weighted update function
The neighborhood influence is computed as:
Ne(i,j) = % Wpq- Se(p, q)
(P.OEN (L)
Here, (i, j) denotes the set of 8 neighboring cells, and wyq represents the weight assigned to each neighbor (usually
P
To reduce flood propagation in high-altitude areas, an elevation penalty is applied:

E(i.))
ho

Epenalty(iij) = exp (_

Where ho is a normalization factor (e.g., 20 meters).
The final flood update rule integrates all terms:
Sev1(i, j)=(a R+ -Ne+vy W) - Epenany(i, j)
Subject to the constraint @ + 8 + y = 1. The simulation is iterated over T = 5 discrete time steps.
Strengths of the EGC2A Model:
»  Seamlessly integrates spatial and temporal meteorological data.
*  Applies elevation-based damping to improve flood realism in hilly terrain.
«  Uses flexible, tunable weights (a, 8, y) for model calibration.
»  Improves accuracy in flood prediction over traditional CA-based models.

«  Suitable for real-time or near-real-time flood forecasting systems.
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5.6 Neighborhood Grouping

Each of the 3600 grid cells is mapped to the nearest of 20 predefined Chennai neighborhoods using **great-circle
distance** (Haversine formula):

d = 2r - arcsin (Jsin2 (%) + cos(¢;)cos(¢p,)sin? (2—1))

Where: - ¢: latitude in radians - A: longitude in radians -r = 6371 km: Earth’s radius The

centroid of each neighborhood is computed as:

n n
. 1 . 1
Centroidija = —Z Lat; Centroidion = —z Lon;
n n
i=1 i=1

The percentage of affected cells in a neighborhood is calculated as:

Affected (%) 4%) x 100

total

+ T. Nagar *,

noyon
oooooo S
oooopo - O
[ Velachery /
I NS
OUOHan

Figure 3: Grid cell assignment to neighborhoods using great-circle proximity.
6. Results
7. Cyclone-Prone Regions in South India

This section illustrates cyclone-affected areas in South India, based on satellite imagery provided by the Indian
Meteorological Department (IMD).
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Figure 4: Cyclone-affected areas in South India

Source: https://mausam.imd.gov.in/imd_latest/contents/satellite.php (Indian Meteorological Department — Satellite
Imagery)

7.1 Spatial Distribution of Cyclone Impacts on Chennai Region

Figure 5: Cyclone-affected areas in Chennai with (A) Percentage of affected nodes (color gradient) and (B)

Node density (size scale: 10-500 nodes/kmz2). Red zones (e.g., T. Nagar) indicate 100% impact due to coastal
proximity (<2 km) and high population density (>15,000/km2). Unaffected regions (green) correlate with elevation
>20 m AMSL.

7.2 Impact on Chenna| Region Using ECG2A-Based Prediction with Different input Cyclone image

& ~
4 5
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Figure 6: Original cyclone impact inputs (top row) and Al-predicted cyclone impact maps (bottom row) for the
Chennai region.
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Analysis of Cyclone Impact Predictions for Chennai Region

The Al-based ECG2A model provides spatially explicit predictions of cyclone-affected regions in Chennai, shown
in the second row of Figure 6. The following observations are made:

*  Prediction 1 (Overall Chennai Impact): The cyclone impact is spread across the entire Chennai region, indicating
widespread damage potential, especially near coastal and low-lying areas.

*  Prediction 2 (South Chennai ): The predicted impact is concentrated towards the southern parts of Chennai, including
neighborhoods such as Tambaram, Sholinganallur, and Velachery, which may experience higher rainfall and wind
speeds.

+ Prediction 3 (Central Chennai ): The central part of the city, including areas like T. Nagar, Kodambakkam, and
Anna Salai, shows significant predicted intensity, suggesting urban flooding and infrastructure disruptions.

*  Prediction 4 (North Chennai ): The model forecasts concentrated cyclone effects in northern Chennai regions like
Ennore, Royapuram, and Manali, which are industrially sensitive and prone to storm surges. 7.3 Severity Classification

B Fully Affected (100% impact: Urban cores)
[0 Highly Affected (50-99%: Peri-urban)

[0 Moderate (10-49%: Suburban)

0 Minimal (j10%: Rural)

Figure 7: Severity distribution based on nodal impact analysis. Fully affected zones (65%) predominantly lie
within 5 km of the coastline, matching FEMA flood hazard categories [40].

Figure 7 categorizes regions based on cyclone severity levels derived from nodal impact data. The majority (65%)
fall under the Fully Affected category, primarily located in dense urban and coastal zones. Highly Affected (20%)
areas include peri-urban fringes, while Moderate and Minimal impacts are seen in suburban and rural belts
respectively. This classification aids in prioritizing disaster response based on spatial vulnerability levels.
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7.4 Regional Cyclone Risk Analysis
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(a) Cyclone Impact Map 1 b) Cyclone Impact Map

Figure 8: Cyclone-affected areas across Chennai captured from two different datasets. The maps illustrate
regional cyclone impact variations. Dataset (a) highlights high-risk coastal zones, while dataset (b) shows broader
inland impact. This comparative visualization supports spatial analysis for improved disaster preparedness and
resource allocation across the state.

Figure 8 illustrates cyclone-impacted zones across Chennai. Based on the quantitative data in Table 2,
Sriperumbudur experienced a relatively low impact, with only 17.1% of nodes affected. In contrast, areas such
as T. Nagar, Adyar, and Poonamallee show a complete impact of 100%. The region with the maximum node
density is Marina Beach (713 nodes), while the minimum node count is observed in T. Nagar (3 nodes), yet
fully affected. These images complement the data-driven insights by visually depicting the extent of cyclone
impact across varied geographic regions.

7.5 Quantitative Impact Analysis

Table 2: Summary of areas with centroids, node counts, and affected percentages.

Area L.atitude Longitude Nodes Affected (“c)
T. Nagar 130327 80.2357 3 100.0
Adyar 13.0077 80.2482 -+ 100.0
Anna Nagar 13.2792 80.2618 89 5.3
Mylapore 13.0302 80.2782 (&) 100.0
Velachery| 12.8843 80.2591 74 100.0
Guindy 13.0062 80.2077 10 100.0
Egmore 13.3539 80.4054 351 49.9
Nungambakkam 13.0647 80.2407 5 100.0
Tambaram 12.8463 80.1081 173 803
Chromepet 1'2.9579 80.1495 25 100.0
Porur 13.0290 80.1554 19 100.0
Kodambakkam 13.0467 80.2077 > 100.0
Besant Nagar 12.8684 J0. 4940 373 50.1
Marina Beach 13.1751 80.5576 713 41.0
Ambatiar 13.3246 S20.2064 182 62.6
Sriperumbudur 12.9656 79.9139 327 17.1
Mahabalipuram 12.6944 S80.3184 473 4.9
Kanchipuram 12 FZ337 79 8600 98 0.0
Avadi 13.3256 79.9974 620 345
Poonamallee 13.0314 80.0634 50 100.0
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The table presents detailed cyclone impact data across various regions in Chennai, Chennai. It includes centroid
coordinates, total nodes, and the percentage of affected areas. High-impact zones like T. Nagar and Marina Beach
contrast with low-impact regions like Sriperumbudur and Kanchipuram, offering valuable insight for risk
assessment and planning.

7.6 EGC2A Model Validation

The model achieved 89.2% accuracy (F1-score: 0.87) in predicting flood extent when validated against 2015 Chennai
flood data [41].

The EGC2A model, leveraging 2013 meteorological data (mean rainfall: 16.11-17.72 mm, mean wind speed:
4.94-6.31 kmph), identifies high-risk neighborhoods in Chennai. T. Nagar (65.2% affected) and Velachery
(58.7%) are most vulnerable due to low elevation and proximity to water bodies. Table 1 summarizes key areas,
including centroid coordinates and node counts.

Table 3: Summary of flood-affected areas based on EGC2A simulation.

Neighborhood Centroid (Lat, Lon) Nodes Affected (%)
T. Nagar (13.0403, 80.2337) 180 65.2
Velachery (12.9755, 80.2207) 150 58.7
Mylapore (13.0339, 80.2687) 120 45.3
Anna Nagar (13.0850, 80.2101) 140 30.1
Surrounding Area  (13.0827, 80.2707) 2000 25.4
| |
0).2

~ B0} 0.1 ]

:V.

f; 453

9
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7 40
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| | | |
T. Nagar Velachery Mylapore Anna Nagar
Figure 9: Affected percentages in key neighborhoods, highlighting T. Nagar’s high risk.

The cyclone path, derived from mean wind direction frequencies (e.g., 16—18% from east), originates in the Bay of
Bengal and makes landfall at Chennai. Figure 10 illustrates this trajectory.
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Bay of Bengal

Chennai

Figure 10: Predicted cyclone path from the Bay of Bengal to Chennai.
8.Accuracy and Performance Analysis

This section presents the accuracy and performance metrics of the Enhanced Grid Cellular Automata Algorithm
(EGC2A) for flood prediction in Chennai, validated against the 2015 Chennai flood dataset [41]. The following
tables detail the model’s overall performance, a comparison with a CNN-based method [8], and neighborhoodlevel
impact metrics including Monte Carlo simulation-based error margins.

Table 4: Overall Performance Metrics of EGC2A Model

Metric Value Description Validation Dataset
Accuracy 89.2% Percentage of correctly predicted flood extent 2015 Chennai Flood Data
F1-Score 0.87 Harmonic mean of precision and recall 2015 Chennai Flood Data
Simulation Time {2 sec/cycle Average time per simulation cycle 8 GB RAM, 2.5 GHz CPU
Error Margin +5% Monte Carlo simulations (1000 runs) Neighborhood-level analysis

Table 4 reports the key performance indicators of the EGC2A model, including predictive accuracy and error
margin. Results show the model achieved an 89.2% accuracy and low error margins using historical flood data.

This affirms its suitability for real-time flood simulation with efficient runtime under standard hardware
configurations.

Table 5: Comparison of EGC2A with CNN-Based Approach

Model Accuracy (%) F1-Score  False Positive Rate (%) Computational Efficiency
EGC2A (This Study) 89.2 0.87 10.5 i2 sec/cycle
CNN-Based (Liu et al., 2022) 85.0 0.82 13.4 ¢5 seclcycle

Table 5 compares the performance of the proposed EGC2A model against the CNN-based model by Liu et al.
EGC2A outperforms the CNN model in accuracy, F1-score, and computational efficiency while maintaining a
lower false positive rate, highlighting its robustness in spatial flood modeling tasks.

Table 6: Quantitative Impact Analysis for Key Neighborhoods
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Neighborhood Centroid (Lat, Lon) Nodes Affected (%) Error Margin (%)

T. Nagar (13.0403, 80.2337) 180 65.2 +5.0
Velachery (12.9755, 80.2207) 150 58.7 +4.8
Mylapore (13.0339, 80.2687) 120 45.3 +4.9
Anna Nagar (13.0850, 80.2101) 140 30.1 +5.0
Surrounding Area  (13.0827, 80.2707) 2000 25.4 +4.7

Table 6 details the neighborhood-level impact analysis of flood extent across Chennai. Metrics include centroid
coordinates, number of impacted grid nodes, percentage of area affected, and simulation error margins. T. Nagar
and Velachery emerged as the most flood-prone zones, offering critical data for disaster preparedness planning.

9.Discussion

The analysis presented in this study highlights the spatial heterogeneity and intensity of cyclone-induced flood
impacts across Chennai, Chennai. The EGC2A model, when validated against historical flood data, demonstrated
strong predictive capability with an accuracy of 89.2% and an F1-score of 0.87. This underscores its potential as a
reliable tool for disaster preparedness and urban flood risk assessment.

9.1 Urban Vulnerability Patterns

Urban cores such as T. Nagar, Adyar, and Poonamallee showed 100% nodal impact, as seen in Table 2 and Figures
8 and 7. These areas, being densely populated and located within 2—5 km of the coastline, fall into FEMA’s high-
risk flood zones. Conversely, regions like Sriperumbudur (17.1%) and Kanchipuram (0.0%) demonstrated much
lower exposure, attributable to both geographic elevation and distance from the coastal belt.

The pie chart in Figure 7 further confirms that nearly 65% of the city’s localities fall under the “Fully Affected”
classification. This is a critical insight for urban planners, as it suggests that nearly two-thirds of metropolitan
Chennai is at high risk in the event of cyclonic landfall.

9.2 Model Performance and Reliability

The EGC2A framework showed significant improvement in reducing false positives compared to deep learning
models such as the CNN-based approach proposed by Liu et al. [8]. Specifically, it lowered the false detection rate
by 22%, owing to its integration of both spatial nodal topology and elevation-aware parameters. Moreover, Monte
Carlo simulations with 1000 runs (Figure 9) show consistent reliability, with error margins within +5% across
different neighborhoods.

By validating the model against the 2015 Chennai flood dataset [41], we ensured real-world relevance. Notably,
predicted flood zones closely matched reported inundation areas, particularly in T. Nagar and Velachery.

9.3 Critical Infrastructure Risks

The bar chart (Figure 8) identifies infrastructure-heavy zones such as Mylapore and Anna Nagar under “Moderate

Risk” classification. Though less severely impacted than coastal areas, their exposure to infrastructure disruption (e.g.,
power, hospitals, roads) makes them strategically important in disaster management planning. The presence of criti
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infrastructure demands not just reactive mitigation but proactive design modifications, such as elevated roadways and
flood-resilient drainage.

9.4 Performance Analysis

The Enhanced Grid Cellular Automata Algorithm (EGC2A) demonstrates promising results in simulating urban
flooding scenarios, particularly when evaluated against the 2015 Chennai flood dataset. The overall accuracy of
89.2% and F1-score of 0.87 indicate a strong agreement between predicted and observed flood extents. Compared
to the CNN-based approach by Liu et al. [8], EGC2A improves accuracy by 4.2% and reduces the false positive
rate by nearly 3%. These enhancements suggest the suitability of grid-based spatiotemporal modeling for flood
prediction tasks. Furthermore, the reduced simulation time (<2 sec/cycle) highlights the algorithm’s computational
efficiency, making it viable for real-time applications. Neighborhood-level analysis further confirms EGC2A’s
robustness, with consistent error margins (4-5%) across key flood-prone zones, validated using Monte Carlo
simulations. This localized validation approach underscores the model’s applicability in microgeographical
planning and disaster mitigation strategies.

9.5 Limitations and Mitigation Strategies

As outlined in Table 1, the current model relies on meteorological data from 2013, which may not reflect recent
land use or urban development. Integrating high-resolution 2023 LiDAR datasets could improve model granularity
and accuracy. Additionally, the use of a steady-state hydrological assumption limits the model’s responsiveness to
dynamic flood scenarios. Coupling the EGC2A framework with SWMM (Storm Water Management Model) can
enable time-series simulation for real-time flood propagation tracking.

9.6 Implications for Policy and Planning

The spatial risk classifications derived from the EGC2A model provide a data-driven foundation for developing
zoning policies, emergency evacuation routes, and prioritizing infrastructure investments. Given the frequency of
cyclones in the Bay of Bengal, the model could be scaled to other coastal cities like Cuddalore or Nagapattinam
for comparative analysis.

9.7 Future Work Directions

Future enhancements include integration with real-time loT-based flood sensors and machine learning models for
land-use forecasting. These can refine the decision-making framework for smart city initiatives. A prototype of the
real-time visualization is illustrated in Figure 9, where path prediction accuracy and confidence intervals are
demonstrated for emergency planning.

10. Conclusion

The Enhanced Grid Cellular Automata Algorithm (EGC2A) presents an efficient and accurate framework for urban
flood prediction in Chennai, achieving 89.2% validation accuracy against historical flood data. By integrating
mean meteorological parameters with cellular automata dynamics, the model successfully identified high-risk
zones like T. Nagar (65.2% affected) and Velachery (58.7%), demonstrating strong alignment with realworld flood
patterns. Comparative analysis with CNN-based approaches showed EGC2A’s superior performance, reducing
false positives by 22% while maintaining computational efficiency (<2 sec/simulation) and interpretability - crucial
advantages for urban planning applications. The model’s geospatial visualization capabilities through Folium
enable effective stakeholder communication and decision-making. Validation through Monte Carlo simulations
confirmed robustness with £5% error margins. These results position EGC2A as a practical tool for disast
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preparedness in Chennai and other coastal cities vulnerable to cyclonic flooding. Future work will focus on real-
time 10T integration and hybrid machine learning enhancements to further improve predictive capabilities while
maintaining the model’s computational efficiency and transparency.
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