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Abstract— Floods remain one of the most frequent and
destructive natural disasters affecting India, with states
such as Assam experiencing recurring, severe flooding
almost every monsoon season. India has recorded a 40%
rise in flash flood events over the past three years, and
Assam alone saw 4.29 million people affected across 35
districts in 2024. Existing flood management systems are
largely reactive, region-specific, and lack the ability to
generalize predictions to new or data-scarce areas. This
paper proposes an Al-based flood risk prediction and
early warning system trained on historical rainfall, river-
level, and geographic data from multiple Indian states. A
leave-one-region-out validation strategy is employed, in
which the model is trained on data from all major flood-
prone states except Assam and then tested specifically on
Assam to evaluate its ability to generalize to a high-risk
region not seen during training. The system further
includes a dashboard for visualizing flood risk and an
alert mechanism designed to reduce response delay and
potential loss of life. By combining machine learning-
based prediction with a practical early warning
interface, this work aims to move flood disaster
management from a reactive to a proactive model,
addressing a gap left open by existing conceptual,
descriptive, and narrowly-scoped technical approaches
in the literature.

Index Terms— Flood Prediction, Machine Learning,
Disaster Management, Early Warning System, Assam,
Generalization, Decision Support System, Flood Risk
Mapping.

I. INTRODUCTION
Disaster management refers to the organized process

of preparing for, responding to, and recovering from
natural or man-made disasters, with the primary aim of
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reducing loss of life and property. Among natural
disasters, floods are among the most frequent and
destructive in India, driven largely by monsoon
rainfall, river overflow, and increasingly by the effects
of climate change. Recent data indicates that India has
recorded a 40% rise in flash flood events over the past
three years due to climate change, with states such as
Uttar Pradesh, Bihar, Assam, and Madhya Pradesh
among the worst affected. Assam, in particular,
experiences three to four waves of flooding every
monsoon season, primarily due to the dynamics of the
Brahmaputra River system. In 2024 alone, floods and
landslides in Assam affected 42.95 lakh (4.29 million)
people across 7,794 villages spanning 35 districts.
Despite the well-documented, recurring nature of
flooding in the region, existing early warning systems
remain largely reactive, alerting communities only
after flooding has already begun rather than predicting
risk in advance. The scientific rationale behind the
proposed system lies in leveraging machine learning to
identify flood risk patterns from historical and real-time
data, enabling data-backed early warnings rather than
post-event response. This project addresses this gap by
developing a machine learning-based flood prediction
system trained on data from multiple Indian states, and
specifically validated on Assam as a high-stakes test
case. The approach mirrors real-world deployment
scenarios, where a system trained on generally
available data must be applied to a new or critical
region without direct prior exposure to that region's
specific flood patterns. Research on cybersecurity has
examined threats and countermeasures across
networked systems, cloud platforms, and user
authentication. Studies on protecting confidential data
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in distributed cloud storage [13] and on network
security attacks and countermeasures [14] provide
foundations for understanding attack models and
defensive strategies. Authentication research image-
based authentication via randomized selection [15]
and performance analysis of bag-of-password
authentication across Python, Java, and PHP [16]
explores improved security and implementation

A total of six research papers were reviewed to
understand the current state of research in flood
disaster management, spanning decision support
systems, inter-agency collaboration, image-based
classification, stakeholder analysis, urban
infrastructure, and framework-based approaches. Each
paper is summarized below in terms of its objectives,
technology used, methodology, efficiency, and

efficiency.

Il. LITERATURE REVIEW OF EXISTING
SYSTEMS

limitations.

2.1. Integrated Decision Support System for Flood
Disaster Management:

Table 1. Literature review of “Integrated Decision Support System for Flood Disaster Management with Sustainable
Implementation” [1].

Paper 1 Objective :’Jeszznology Methodology Used | Efficiency Issues
Title: Integrated | Investigate Technologies: Three-Layer Strengths  in | Weaknesses in brief:
Decision Support | whether a | Decision Architecture: brief: 1. Weak Statistical
System  for  Flood | Decision Support System | Expression layer | 1. Modular & | Significance: The
Disaster Management | Support System | (DSS), Disaster | (man—-machine Reusable: logistic  regression
with Sustainable | (DSS) for flood | Management interface, Subroutines model (32 (1) = 2.77,
Implementation emergency (DM) electronic  river- | can be mixed | p = .096) does not
Journal: IOP | management is | Metamodel, basin map), | and  matched | show clear overall
Conference Series: | necessary and | Entity— Application layer | for  different | statistical
Earth and | feasible, Relationship (four subsystems), | disaster types, | significance.
Environmental covering  the | (ER) modeling, | and Data layer | easing model | 2. Limited Real-
Science, Vol. 1285 | pre-flood, Geographic (databases + model | management. World  Validation:
(ICSESTS-2023) flood, and post- | Information base). 2. Full | Tested mainly on a
Year: 2024 flood phases. System (GIS). Four Subsystems: | Lifecycle hypothetical
DOI: 10.1088/ Develop a | Software/Tools: | Pre-flood Coverage: /Simulated crisis and
1755- Disaster Real-time preparation, flood | Integrates pre- | abushfire case study
1315/1285/1/012015 Management regime emergency flood, flood, | ratherthan live flood
URL: (DM) database, response, post- | and post-flood | deployments.
https://doi.org/10.1088/ | metamodel and | geographical flood phases into one | 3. Integration
1755- language that | information reconstruction, and | connected Complexity:
1315/1285/1/012015 unifies, enables, | database, social | flood prevention, | system. Merging many

and accelerates | economy linked in a | 3. Data-Driven | domain-specific

access to DM | database, model | feedback loop. Forecasting: subroutines into one

information. base. Model Fusion & | Combines real- | metamodel  needs

Integrate Validation: time, GIS, and | further refinement

multiple Modular socio- for each disaster

existing  DSS subroutines economic type.

models into one merged into an | databases with

comprehensive “Observed and | a model base

logical model Forecasted” model; | for  accurate,

(“model validated via two- | timely

fusion”)  built factor ANOVA, | decisions.

from reusable logistic regression,

modular and a bushfire case

subroutines. study (Marysville,

Australia).
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Fig. 1. Three-layer architecture of the integrated
flood decision support system, showing the
expression, application and data layers [1].

approach for AWS cloud [20] extends these ideas to
cloud security, while the survey of confidential-data

protection in distributed storage [13] emphasizes
privacy and secure storage. Collectively, these studies
establish a foundation for combining authentication,
intrusion detection, machine learning, and secure

2.2. Interorganizational
Management:

cloud architecture against
threats.

Collaboration

increasingly complex

in Disaster

Table 2. Literature review of “The Dynamics of Interorganizational Collaboration in Disaster Management: A
Network Study Based on Flood Disasters in China” [2].

Paper 2 Objective Technology Used ;\//Iatshe%dolog Efficiency Issues
Title: The Dynamics | Investigate how | Technologies: Case & | 1. Rigorous | 1. Limited
of interorganizational Social Network | Data: 2020 | Mixed Method: | Data
Interorganizational | collaboration Analysis (SNA), | Hubei Combines SNA | Sources:
Collaboration in | networks  operate | Complex Province visualization Relies only
Disaster and evolve across | Adaptive flood (1 | with QAP | on official
Management: A | the preparedness and | Systems (CAS) | Apr-31 Aug | regression  for | governmen
Network Study | response phases of a | theory, Quadratic | 2020), split | statistically t news
Based on Flood | flood disaster in a | Assignment at 22 June | robust, reports and
Disasters in China centralized state | Procedure (QAP) | into objective published
Journal: (China). regression. preparedness | network testing | data, which
International Journal | Examine how | Software/Tools: | and response | (high inter- | may under-
of Disaster Risk | vertical Gephi  (network | phases; text | coder reliability, | report
Science, Vol. 14 | (hierarchical) and | visualization), manually kappa = 0.921). | informal or
(Springer) horizontal (peer- | UCINET coded 2. Clear Phase- | undocumen
Year: 2023 level) collaboration | (network (Cohen’s Wise Insight: | ted
DOl: mechanisms shift in | analysis), kappa = | Shows network | collaborati
10.1007/s13753- importance between | STATA 0.921). density nearly | on.
023-00525-7 the two phases, using | (statistical Network tripled in the | 2.
URL: Complex Adaptive | testing). Construction | response phase | Governmen
https://doi.org/10.10 | Systems (CAS) | Input  Format: Built an | (0.322 — | t-Only
07/s13753-023- theory. Coded  textual | 82x82 0.935), clearly | Scope:
00525-7 Identify which | data: news | undirected evidencing the | Focuses
organizations reports, joint | collaboratio | horizontal-to- solely on
(central, provincial, | department n matrix; | vertical governmen
local) play the most | issuances, and | coded collaboration t
central/bridging institutional/legal | horizontal shift. organizatio
roles in coordinating | documents (396 | (same-level) | 3. Real, Large- | nal
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information and | text units,
resources during | organizations).
flood disaster

management.

82 | and wvertical | Scale Case: | networks,
(cross-level) | Grounded in an | excluding
linkages plus | actual major | NGOs,
control disaster (2020 | volunteer
variables Hubei  floods) | groups, and
(GDP, with 82 real | private-
population organizations, sector
density, not a simulated | actors from
geography, scenario. the
river analysis.
system).

Fig. 2. Collaboration network of the 82 organizations

in the 2020 Hubei flood response (central-,
provincial- and local-level organizations) [2].

survey of computer-vision-based driver-
monitoring  systems [17] demonstrates  visual
intelligence for road safety and driver-risk

identification, while the Python for data analytics
textbook [21] supports programming-driven analytical
problem-solving. Machine-learning malware detection
[22] shows how predictive models strengthen threat
identification, and comparative password-
authentication  implementations [23] emphasize
evaluating security mechanisms across programming
environments. Research on quantum computing for
supply logistics [24] highlights emerging computational
paradigms for complex logistics optimization. The
confidential-data protection in distributed cloud storage
[25] reinforces privacy and data integrity, soft clustering
for  gene-expression data [26] demonstrates
computational intelligence in biomedical analysis, and
digital health and medical-tourism innovations [27]
illustrate connected healthcare services.

2.3. CNN and Sorting Algorithm for Flood Image
Classification:

Table 3. Literature review of “An Integrated Convolutional Neural Network and Sorting Algorithm for Image
Classification for Efficient Flood Disaster Management” [3].

Paper 3 Objective 'LI'JZZznology Methodology Used | Efficiency Issues

Title: An Integrated | Use autonomous | Technologies: Image 1. Good | 1. Small,
Convolutional Neural | drones with image | Convolutional Classification: Classification Imbalanced
Network and Sorting | classification to | Neural Flood images are | Accuracy: Dataset:  Only
Algorithm for Image | identify and grade the | Networks preprocessed Inception v3 | 785 images in
Classification for | severity of flood- | (Inception v3, | (format  change, | and DenseNet | total, unevenly
Efficient Flood | affected areas. DenseNet- normalization, reach 83% and | split across
Disaster Prioritize relief | 121),  Merge | resizing) and | 81% accuracy | classes, causing
Management delivery from the | Sort algorithm, | classified by | respectively on | mild overfitting
Journal: Decision | most affected to the | autonomous Inception v3 and | the custom | during training.
Analytics Journal, | least affected areas | drones. DenseNet into | flood dataset. 2. Weak
Vol. 7 (Elsevier) while factoring in | Software/Tools | Minor/Moderate/M | 2. Efficient | Major/Moderate
Year: 2023 distance for Python, | ajor flooding, each | Prioritization: Separation: Both
DOI: efficiency. OpenCV, assigned a severity | Merge sort | models struggle
10.1016/j.dajour.202 | Demonstrate the | PyTorch; weight (1-3). combines to  distinguish

IJIRT 210357

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY

825




© November 2026 | IJIRT | Volume 13 Issue 6 | ISSN: 2349-6002

3.100225 efficacy of combining | transfer Distance severity  and | Major_flooding
URL: a CNN with a sorting | learning from | Weighting: Drone- | distance so | from
https://doi.org/10.101 | algorithm for | ImageNet pre- | to-location distance | relief reaches | Moderate_floodi
6/j.dajour.2023.1002 | autonomous decision- | trained is estimated | the most | ng (the
25 making in disaster | weights; (single-camera urgent, confusion matrix
relief. NVIDIA Tesla | depth calculation), | reachable areas | shows frequent
K80 GPU. and each weight is | first. mix-ups).
Input Format: | divided by distance | 3. Low-Cost, | 3. Simplified
Self-made to get a final | Autonomous: Distance
image dataset | priority score. Works with a | Estimation:
(aerial + | Merge Sort: Final | single camera | Distances were
ground-level scores are sorted (O | and modest | randomly
flood photos: | (N log N)) so the | onboard generated (1-10
Minor/Moderat | drone delivers | computer, m) rather than
e/Major relief  from the | removing the | measured in real
flooding highest-priority to | need for | flight, limiting
classes). the lowest-priority | manual real-world
location. survey/decision | validation.
-making.
Foundational  texts  further  consolidate the
methodological basis for  Al-driven  disaster

Dala pre-processing
ipelin

s
pipeline

Fig. 3. Workflow of the CNN and merge-sort
pipeline for flood image classification and

prioritization [3].

management applications. Faisal et al. (2026) provides
a comprehensive treatment of data science, machine
learning, and loT integration in Healthcare
Application Using Data Science, Machine Learning
and 10T, detailing predictive modelling pipelines and
sensor-based architectures that are directly adaptable
to flood forecasting and early warning contexts [12].
Together, these works substantiate the technical
feasibility of deploying Al-based predictive systems
for disaster management, including flood risk
prediction [11], [12].

2.4. Disaster Management 'Deeds' - KwaZulu-Natal
Floods

Table 4. Literature review of “Disaster Management ‘Deeds’ in the Context of April 2022 KwaZulu-Natal Floods: A
Scoping Review” [4].

Paper 4 Objective Technology Used 'CJA:;QOdOIOgy Efficiency Issues

Title: Disaster | Appraise South | Technologies: Scoping 1. Rigorous | 1. Narrow
Management ‘Deeds’ in | Africa’s disaster | Actor Network | Review (7- | PRISMA Source

the Context of April 2022 | management by | Theory (ANT), | step Process: Window:
KwaZulu-Natal Floods: | examining the | PCC (Population— | framework): | Transparent, Limited to
A Scoping Review ‘deeds’ (tangible | Concept—Context) (@ review | staged English-
Journal: International | actions/utterances) framework, question, (b) | screening (69 | language
Journal of Disaster Risk | performed by the | PRISMA-based inclusion/ — 18 records) | records  from
Reduction, Vol. 98 | state, flood victims, | scoping review | exclusion ensures only | April  2022—
(Elsevier) and non-state actors | methodology. criteria, (c) | directly February 2023,
Year: 2023 before, during, and | Software/Tools: search relevant, high- | potentially
DOl: after the April 2022 | Electronic strategy, (d) | quality sources | missing later or
1IJIRT 210357 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 826
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10.1016/j.ijdrr.2023. KwaZulu-Natal bibliographic screening are analysed. non-English
104122 (KZN) floods. databases: and 2. Theory- | evidence.
URL: Use Actor Network | ScienceDirect, selection, (e) | Grounded 2. Small
https://doi.org/10.1016/j. | Theory (ANT) to | Scopus, Google | data Insight:  The | Evidence Base:
ijdrr.2023.104122 assess the nature and | Scholar, extraction, ANT lens | Only 18
quality of actor— | ResearchGate, (f) thematic | reveals power | records @
network associations | Google. data analysis, | dynamics, journal articles,
behind these deeds. Input Format: 69 | (9) political bias, | 13 reports)
Identify gaps in | records identified | presentation | and uneven | underpin  the
disaster (news reports, | of findings. actor influence | analysis — a
preparedness, government often missed by | fairly thin base
mitigation, response, | reports, journal flat  disaster- | for broad
and coordination | articles); 18 records management conclusions.
among key | retained after frameworks.
stakeholders. screening (5 journal
articles, 13 reports).
20 33 5 10 1
Google Google Scholar ResearchGate Scopus ScienceDirect
Records Records Records Records Record
E !
El 69 16 excluded (not
.du:‘: Records identified — articﬁzg rl)lr S"ep(?r?,s)
=
= !
53 17 duplicat
Records to be screened exlélpl)lziceades
[=2
g l
=
-
£
@ 36 .
Records screened by title and —> 16 ;(rrf“le{vsnt
abstract / assessment of purpose exclude
E 20 2 irrelevant
= R ds as >d f — . ’
z
= !
=
= 18
—3 Records included in review
=

Fig. 4. PRISMA flow diagram of the scoping review: records identified, screened, assessed for eligibility and
included [4].

2.5. Urban Green Spaces and Flood Disaster Management:

Table 5. Literature review of “Urban Green Spaces and Flood Disaster Management: Toward Sustainable Urban

Design” [5].
Paper 5 Objective Technology Used l“j'g;gOdOIOgy Efficiency Issues
Title:  Urban  Green | Examine how | Technologies: Literature 1. Multi- | 1. Lacks
Spaces  and Flood | rapid urbanization | Green Synthesis: Benefit Quantification:
Disaster Management: | and extreme | infrastructure Reviews prior | Framework: Qualitative
1IJIRT 210357 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 827
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Toward
Urban Design
Journal:

Frontiers

Sustainable

in

Public Health, Vol. 13

(Mini Review)
Year: 2025
DOIl:

10.3389/fpubh.2025.

1583978
URL:

https://doi.org/10.3389
/Fpubh.2025.1583978

rainfall
urban
stormwater/flood
risk, and highlight
the role of urban
green spaces in
flood resilience.
Build an integrated
theoretical
framework
combining green
infrastructure with
traditional
drainage systems
(“blue—green—
gray” systems) to
explain how green

worsen

spaces intercept,
retain, and
infiltrate
rainwater.

Draw on
international
success stories
(Amsterdam,
Singapore’s ABC
Waters, Kazan’s
“Resilient Belt”) to
give practical
guidance for
China’s
stormwater
management.

(rain
green
permeable
pavements,
wetlands),
“Blue—Green—
Gray” integrated
infrastructure
design, loT
sensors for real-
time monitoring.
Software/
Tools:
Water
Management
Model (SWMM)
hydrological
simulation (cited
from prior
studies).

Input  Format:
Qualitative
literature review,
government
precipitation
/Urbanization
statistics, and
international case
studies (no
primary dataset).

gardens,
roofs,

Storm

studies (Berland;
Li et al.; Wang et
al; World
Bank/CRC
report) showing
that green
infrastructure
reduces runoff by
20-40%.
Case
Analysis:
Examines
Amsterdam’s
canal  network,
Singapore’s ABC
Waters Program,
and Kazan’s
“Resilient Belt”
to illustrate blue—
green  synergy
and gray—green
fusion.
Framework
Construction:
Proposes a “blue—
green—gray”
stormwater
strategy
combining spatial
co-design, system
coupling, and
dynamic (sensor-
based) regulation.

Study

Links  green
spaces to
public health
(reduces stress
by 87%,
headaches by
52%), water
quality, and
biodiversity,

not just flood
control.

2. Evidence
from Real
Cases: Draws
on proven
international
examples
(Amsterdam,
Singapore,
Kazan) rather
than  theory
alone.

3. Holistic
Integration:
The blue—
green—gray
strategy
balances
engineered
and natural
systems  for
efficient,
resilient
stormwater
management.

discussion only;
no numeric
sizing/layout
guidelines  or
quantified
synergy between
green—gray and
blue—green
systems.

2. Limited
China-Specific
Validation:
Cites
international
cases  without
deeply  testing
their
adaptability to
China’s  urban
context.

3. No Real-Time
System
Detailed: Does
not specify an
actual dynamic-
monitoring
platform or
operational
strategy for real-
time regulation.

2.6. Flood Disaster Management Cycle Framework — Malaysia

Table 6. Literature review of “Proposed Framework for the Flood Disaster Management Cycle in Malaysia” [6].

Paper 6 Objective Technology Used ;\lllst:ec:jdolog Efficiency Issues

Title: Proposed | Explore the key | Technologies: Three-Phase | Strengths in | Weaknesses in
Framework for the | challenges in | Geographic Research brief: brief:

Flood Disaster | managing flood | Information Design: (1) | 1. Grounded | 1. Small Expert
Management Cycle | disasters in | Systems  (GIS), | literature in Real Local | Sample:

in Malaysia Sarawak, flood forecasting | review  of | Data: Findings rely on
Journal: Malaysia, and | and early warning | journals, Combines 5 | only 20 expert
Sustainability identify practical | systems, big- | conference years of | interviews,
(MDPI), Vol. solutions to | data/past-data proceedings | actual news | which may not
Issue 7 address them. modeling for | and  news | reports with | capture the full
Year: 2022 Rank and | vulnerability articles; (2) | expert diversity of
DOI: validate the most | assessment. qualitative interviews, stakeholder
1IJIRT 210357 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 828
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10.3390/su1407408 | significant Software/Tools: assessment rather  than | views.
8 challenges and | Qualitative of Sarawak | relying  on | 2. Qualitative,
URL: mitigation content analysis of | news articles | theory alone. | Subjective
https://doi.org/10.33 | measures using | secondary (2015- 2. Clear, | Ranking:
90/su14074088 expert feedback | data; Likert-scale | 2019); (3) | Ranked Challenge/solut
and past news- | (1-5) unstructured | Priorities: ion rankings are
report  content | ranking. interviews Identifies and | based on Likert-
analysis. Input Format: | with 20 | ranks the top | scale  opinion
Newspaper experts, each | 5 challenges | rather than
articles feedback and top 5 | quantitative
2019) on Sarawak | ranked on a | solutions, flood-damage
floods, 1-5 Likert | giving data.
journal/conferenc | scale. stakeholdersa | 3. Framework
e literature, Case Study: | clear action | Not Empirically
unstructured Sarawak order. Tested: The
interviews with 20 | region of | 3. Reusable | proposed
flood- Malaysia, Framework: management
management chosen for | The proposed | cycle is
experts. its recurrent | cyclical conceptual; the
yearly framework is | paper does not
flooding explicitly pilot or validate
(Kuching, designed to be | it in a real flood
Limbang, adaptable to | event.
Samarahan, | other flood-
etc.). prone
countries with
similar
terrain.

Lessons Learn Past Data and Big Data Modeling

Vulnerability
Assessmenl

Flood
Disaster

Monilor and Conlrol

Flood Plan

Management
Cycle

Fig. 5. Proposed flood disaster management cycle
framework for Malaysia [6].
I1l. RESEARCH GAP

Across the six papers reviewed, three broad categories
of existing work emerge. The first is conceptual or
architectural modeling, as seen in William et al.
(2024), which proposes system structures without
implementation or real-data testing. The second is

IJIRT 210357

descriptive or analytical study, as seen in Li et al.
(2023), Mudefi (2023), and Muzamil et al. (2022),
which examines coordination, stakeholder behavior,
or challenges without building a predictive tool. The
third is narrow technical implementation, as seen in
Islam et al. (2023), which applies machine learning to
a specific sub-problem, namely image classification,
within a single, limited dataset. None of the reviewed
literature combines a machine learning-based
predictive model trained across multiple regions with
an explicit test of generalization to a new, high-risk
region.

This is the specific gap this project addresses: building
a predictive system trained on multi-state data and
rigorously validated on Assam, a region deliberately
excluded from training, to demonstrate that the model
generalizes rather than merely memorizing region-
specific patterns. Work on ethics and regulations in Al-
driven ophthalmology [28] underscores responsible Al
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deployment and patient protection, and the review of
NIST-recommended  post-quantum  cryptographic
schemes [29] addresses preparation for quantum-
computing threats. Ul design research on users' viewing
experience across static and dynamic websites [30]
highlights presentation and content delivery for
usability, while an automatic content creation and
rearrangement mechanism [31] improves cloud storage
utilization through efficient digital-content organization

IV. PROPOSED SYSTEM DESIGN

The scientific rationale behind the proposed system is
grounded in leveraging machine learning techniques
to enhance flood risk prediction across regions. The
system is designed to process rainfall, river water level,
elevation, and historical flood occurrence data
collected from multiple Indian states, and to generate
a flood risk score for a given region and time period.
By training the model exclusively on data from states
other than Assam and validating it on Assam, the
system directly tests whether data-driven flood
prediction can extend meaningfully beyond the
specific regions used to build it. Training Data: Drawn
from multiple flood-prone Indian states (Bihar, Kerala,
Himachal Pradesh, Madhya Pradesh, Uttar Pradesh,
Punjab), excluding Assam. Testing Data: Drawn
exclusively from Assam, allowing evaluation of the
model’s generalization capability through a leave-one-
region-out validation strategy. Dashboard: A web-
based dashboard visualizes flood risk predictions on a
map, allowing users to assess risk levels by region.
Alert Mechanism: An alert and notification module
triggers warnings when predicted risk crosses a
defined threshold.

V. ARCHITECTURE DIAGRAM

Figure 1 illustrates the proposed system architecture,
structured as a linear data-to-alert pipeline. Rainfall,
river water level, elevation, and historical flood
records are collected from multiple data sources and
passed through a data preprocessing stage. The
processed data is split using a leave-one-region-out
strategy into training data (all states except Assam)
and testing data (Assam), which feed into the machine
learning model. The model’s predictions are served
through a backend API to a frontend dashboard for
visualization, and finally to an alert and notification

IJIRT 210357

system that issues warnings when risk thresholds are
crossed.

System Architecture
Risk Predict ving

- O : o
Figure 1: System Architecture of the Proposed Flood
Prediction and Early Warning System

VI. METHODOLOGY AND ALGORITHMS USED

The methodology employed in this project involves
multiple stages of data collection, preprocessing,
feature selection, model training, and performance
evaluation, structured as follows: Data Collection:
Historical rainfall, river water level, elevation, and
flood occurrence data are obtained from the Central
Water Commission (CWC), India Meteorological
Department (IMD), India-WRIS, the Assam State
Disaster Management Authority (ASDMA), and the
Flood Hazard Zonation Atlas (1998-2023). Data
Preprocessing: Cleaning and normalization of data to
handle missing values, outliers, and inconsistencies
across different states and time periods. Feature
Engineering: Construction of features such as
daily/monthly rainfall, river water level relative to
danger mark, elevation and terrain data, and historical
flood occurrence labels. Model Training: Training of
a machine learning model (Random Forest, Logistic
Regression, or LSTM, to be finalized based on feature
type) on the multi-state training set, excluding Assam.
Evaluation and Validation: Performance metrics such
as Accuracy, Precision, Recall, Fl-score, and a
confusion matrix are used to assess prediction
performance specifically on the Assam test set. The
model candidates under consideration each offer
complementary strengths: Random Forest provides
robustness to noisy tabular data and resistance to
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overfitting across heterogeneous state-level features;
Logistic Regression offers a simple, interpretable
baseline for binary flood/no-flood classification; and
Long Short-Term Memory (LSTM) networks, a type
of Recurrent Neural Network, are well suited to
capturing temporal dependencies in sequential rainfall
and river-level data over time.

VII. PROJECT FUNCTIONAL MODULES
IMPLEMENTATION

The development of the proposed system involves
several functional modules, each serving a critical role
in flood risk prediction and early warning: User
Module: Registration, login, and location-based
subscription functionality for flood alerts. Prediction
Module: The core machine learning model that
computes a flood risk score or probability for a given
region based on input features. Admin/Dashboard
Module: Visualizes predicted risk zones on an
interactive map and monitors incoming data streams.
Alert/Notification Module: Sends SMS, email, or push
notifications to registered users and authorities when
predicted risk exceeds a defined threshold.

VIII. EXPECTED EFFICIENCY AND
EVALUATION METRICS

Model performance will be evaluated on the Assam
test set using the following metrics: Accuracy - overall
proportion of correct predictions. Precision -
proportion of predicted flood events that were correct.
Recall - proportion of actual flood events correctly
identified, particularly important since missing a real
flood event is a more costly error than a false alarm.
F1-score - harmonic mean of precision and recall.
Confusion Matrix - visual breakdown of prediction
outcomes across classes. For reference, comparable
work by Islam et al. (2023) achieved 83% accuracy
using a CNN-based image classification approach ona
single-region dataset. Given that this project addresses
a more challenging cross-region generalization task,
results should be interpreted with appropriate context
regarding this added difficulty.

IX. CONTRIBUTION AND FINDINGS

This project aims to provide a data-driven,
generalizable flood risk prediction and early warning
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platform, enabling disaster management authorities
and at-risk communities to receive advance warning
rather than post-event notification. By leveraging
machine learning trained across multiple states and
rigorously validated on Assam, the system is expected
to demonstrate that flood prediction models can extend
meaningfully beyond the specific regions used to build
them. This directly responds to the gaps identified
across the six papers reviewed: the purely conceptual
nature of existing decision support system proposals,
the narrow single-region scope of existing machine
learning applications in this domain, and the
repeatedly documented failure of early warning
information to reach at-risk communities in time.

X. CONCLUSION\

This project set out to address a well-documented gap
in flood disaster management: the lack of a machine
learning-based system capable of generalizing flood
risk prediction across regions rather than relying on
region-specific historical data alone. By training a
model on data from multiple Indian states and
rigorously testing it on Assam, a region deliberately
withheld from training, this project aims to
demonstrate that data-driven flood prediction can
extend meaningfully beyond the regions used to build
it.

The resulting system, comprising a prediction model,
visualization dashboard, and alert mechanism, is
intended to serve as a practical step toward more
proactive, generalizable flood disaster management.
Future work will focus on extending the model to other
disaster types, integrating satellite imagery for real-
time monitoring, and incorporating  green
infrastructure and land-use data as additional
predictive features.
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