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Abstract

The menace of flood disasters has continued to threaten lives, infrastructure, and economies of the people
around the world. The problem of traditional disaster management systems is usually slow prediction and
poor coordination in responding to the disaster. In this paper, | have proposed a multi-agent artificial
intelligence platform based on an autonomous climate disaster management system (ACDMS), which will
predict, monitor, and control the flood disaster events in real time. The system encompasses deep learning
architecture to predict floods and monitor disasters, reinforcement learning to allocate resources dynamically
and graph-based algorithms to optimize evacuation paths. It further integrates real time weather information,
satellite images, geospatial data, and social media contributions to increase situational awareness and
decision making. Experimental assessments reveal that ACDMS is more efficient in response, resource
optimization and makes coordination better than traditional methods of disaster management. The framework
proposed offers a comprehensive and robust solution that is capable of sustaining proactive disaster
preparedness, emergency real-time operations and post-disaster recovery planning. The paper also adds to
the body of knowledge on intelligent and adaptive flood disaster management with a single architecture that
is powered by artificial intelligence.

Keywords: Artificial intelligence; Climate disaster management; Flood prediction; Multi agent systems;

Reinforcement learning

1. Introduction

Floods are one of the most common and devastating
natural catastrophes in the world, as they have a
devastating impact on the lives of people, their
infrastructure, and economic stability, especially in
the highly populated and climate-exposure areas.
Climate change has enhanced variability in rainfall,
heightened river overflow conditions and had a
greater impact on extreme weather events in the last
20 years. Consequently, conventional plans to
prepare and respond to floods are getting stretched to
breaking point and in most cases cannot respond
efficiently to the rapidly changing environmental
circumstances. Traditional disaster management
structures are also based on manual coordination and
fragmented data sources, and slow information
processing. Emergency response teams are also
generally reliant on the power of human decisions
and step-by-step execution, which restricts the real-
time flexibility and inter-agency coordination. These
human-based systems are incapable of coping with an
extensive dynamic data flow and can often delay

evacuation planning, resource distribution and post-
disaster recovery. Recent progress in the artificial
intelligence (Al), machine learning, and real-time
data analytics provides new possibilities to advance
the abilities to predict and manage disasters. Flood
forecasting can be enhanced with the help of machine
learning models that can process large amounts of
environmental and geospatial data to predict floods
more accurately, whereas optimization algorithms
can help authorities allocate resources efficiently and
plan their logistics. Nonetheless, the current
implementations are mostly isolated steps of disaster
management like prediction or alert generation and
are not integrated to offer a complete autonomous
framework capable of coordinating all the phases of
disaster. This work aims to develop and analyze an
Autonomous Climate Disaster Management System
(ACDMS), a multi-agent autonomous system based
on Al, the architecture of which unites flood
forecasting,  monitoring,  real-time  resource
distribution, evacuation, and recovery management
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processes. The proposed system, in contrast to the
previous methods of managing the individual
disasters management tasks individually, presents a
coordinated autonomous platform with the relevant
capabilities of timely decision making and adaptive
response. This research improves the state of the art
in the intelligent flood disaster management systems
by integrating deep learning models, reinforcement
learning  strategies, graph-based evacuation
optimization, and real-time multi-source data
integration. The suggested structure will change the
conventional reactive disaster response frameworks
and turn them into proactive, information-driven, and
resilient frameworks that work with the smallest
number of human operators and still remain under
centralized control and transparency.

2. Literature Review

In recent years, the use of artificial intelligence in
disaster management has increased significantly, and
most of the studies done are devoted to the precision
of prediction and early notification systems. The
article by Shang (2020) examined the application of
machine learning methods and satellite imagery in
disaster monitoring based on remote sensing. The
analysis showed that the flood detection accuracy
would be better through image classification
procedures. Nevertheless, the study was mostly
restricted to the identification of a disaster and not on
its response coordination or recovery management.
Wardrope (2023) examined the idea of predictive
analytics as a proactive risk measurement in Al-based
safety systems. Although the work was significant to
the initial hazard detection and risk modelling,
evacuation route optimization, and systematic
recovery planning have not been integrated in the
work, rendering its functional usefulness in the whole
disaster management systems. Vani et al. (2024)
suggested a disaster prediction system that was built
on a convolutional neural network (CNN) that
improved the accuracy of predictions by leveraging
developed features and training the model. Despite
the boost in predictive performance, it could not be
easily combined with live emergency networks and
automated response mechanisms despite the
framework being enhanced. Dobhal et al. (2024)
analyzed the artificial intelligence-based decision

support systems in environmental risk management.
Their research also placed a significant focus on
human-in-the-loop architectures, in which Al
systems support and do not carry out any decisions
independently. Although this enhanced situational
awareness, constant human intervention limited the
scalability of the system and heightened autonomy in
the operation of the systems when disasters were at
high intensity. In spite of these developments, the
literature that has been produced is mostly focused on
individual disaster management capabilities like
prediction, monitoring, or decision support. Not
many studies present a unified, end-to-end
autonomous system that provides a smooth flow of
forecasting, emergency coordination, evacuation
planning, resource optimization, and the post-disaster
recovery through a single multi-agent structure. This
gap is filled by the current research that proposes
ACDMS, which goes beyond predictive modeling, to
add reinforcement learning-based dynamic resource
allocation and graph-based evacuation planning in a
coordinated multi-agent setting. The system also
incorporates the real-time weather data, satellite data,
geospatial data and social media feeds to further
improve the situational awareness and allow adaptive
decision-making.
2.1.Comparative Analysis and Research Gap

The available literature reveals that there is a great
advancement in the use of artificial intelligence and
machine learning to predict, monitor, and assess
flood risks. Nevertheless, the majority of solutions
are targeted at single steps of the lifecycle of disaster
management like the early warning generation or the
satellite-based detection. These prediction or
monitoring-focused systems are often a stand-alone
solution, although they are very useful in situation
awareness, and they are not coupled to response
coordination and recovery planning, leaving some of
the vital functions inadequately covered. In addition,
most of the current frameworks involve human-in-
the-loop decision-making that is restrictive in terms
of scalability and responsiveness during events of
floods which are rapidly changing over time or are
large-scale. The human coordination, discontinuous
data pipelines and information processing delays can
often lead to unproductive response activities. The
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restricted investigation of autonomous, multi-agent
systems and the lack of recovery-oriented
intelligence is one of the research gaps, which is the
driving force behind the creation of an integrated,
end-to-end autonomous disaster management system

like the one being proposed, ACDMS.

Table 1 Comparative Analysis of Flood Disaster
Management Approaches
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3. Architecture and Flowchart

Figure 1 will help to comprehend the architecture of
the proposed Flood Disaster Management System,
which consists of a layered and centralized
architecture that will facilitate free interconnection
among citizens, administrative authorities, and
intelligent backend services. The citizens work with
the system at the user layer via a web-based frontend
to execute important functionality including sending
SOS alerts, requesting necessary resources, finding
local shelters, registering as volunteers, donating, and
monitoring post-disaster recovery efforts. This is a
user-friendliness approach that enables quick
communication during emergencies and long-term
interest throughout the lifecycle of managing
disasters. The frontend layer is created with Next.js,
which is the main interface and provides several
functional modules, such as user and administration
dashboard, alert notifications, resources request
management, shelter mapping, donation
management, and recovery tracking. Any user action
is sent safely to the backend by API call, which
allows real-time data stream and real-time system
responsiveness. The Python-based API framework is
the backend layer which is the main processing and
coordination unit of the system. Its job is to verify the
input, store and retrieve data, maintain inventory,
workflow and enforce business logic. This layer
manages administrative processes like SOS alerts
review.

Sesources

ZH—

Mazks Donafon

B =

Rez-9ime
’; Update to Admin

. cf Vountee:

‘.:,}—, '/;_,

FPealtrme

! User Receres |

Update 1o Usar 5‘ Statss bpdim/,

Figure 1 Operatlonal Flow of the Flood Disaster Management System
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Figure 2 Data Flow of Flood Disaster
Management System

Disaster
Volunteers. Management
Authaorities

Figure 2 shows the data flow and functional
architecture of the proposed Flood Disaster
Management Platform on an end-to-end basis, with
the interaction between the users, the administrative
authorities, the frontend components, the backend
services, and the centralized database. The system
allows citizens to use the frontend interface to
conduct the most critical operations, like sending
SOS alerts, and requesting resources, finding
shelters, signing up as a volunteer, and monitoring
recovery progress. Such user actions are passed to the
backend services where validation, processing and
coordination is done. Administrators receive

messages through a special dashboard to pay
attention to the alerts, approve or deny the resource
requests, oversee the volunteers, and send relief
resources to ensure effective and regulated response
operations.
4. Methodology
The suggested ACDMS is based on the multi-agent
architecture, where any disaster management is
assigned to an agent, and information is exchanged
via a centralized coordination layer. The Disaster
Prediction Agent uses an LSTM neural network,
which is trained on the multi-dimensional weather
parameters to predict the risk of a flood and produce
confidence-based early warning as a result. The
Monitoring Agent combines CNN-based satellite
image processing and NLP-based social media
monitoring to identify the floods, their severity
trends, and ground-level reports. This multi-source
information fusion will make it more reliable and
location-specific in the changing disaster situations.
To optimize response, the Resource Allocation Agent
uses the reinforcement learning (Q-learning) to
dynamically allocate resources based on the disaster
severity, distance, and availability. At the same time,
the Evacuation Planning Agent utilizes the Dijkstra
algorithm in calculating safe and traffic-
conscientious evacuation routes. After the disaster,
the Recovery Support Agent creates the stages of
recovery, cost estimates, and stakeholder
communications, and the Simulation Agent creates
the synthetic disaster scenario to train and validate the
systems.

4.1.Inter Agent communication
The suggested Autonomous Climate Disaster
Management System (ACDMS) uses the coordinated
multi-agent architecture where the agents are
autonomous and communicate using a centralized
communication layer. This design will provide a
smooth interaction between the various stages of the
lifecycle of disaster management. The Disaster
Prediction Agent analyses the spatiotemporal
weather data continuously and produces flood risk
scores along with the confidence level. In cases
where the risk that is predicted is above a
predetermined threshold, the system automatically
activates downstream agents.
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Figure 3 Inter Agent Communication

High-confidence predictions trigger the Monitoring
Agent that verifies the occurrence of prediction with
real-time satellite images and social media indicators
that measure the ground-level situations and trends in
severity. At the same time, the severity score
generated by the prediction and monitoring agents is
transferred to the Resource Allocation Agent, which
prioritises  dynamically emergency resources
according to their intensity, geographic proximity,
and according to the available resources.
Simultaneously, Evacuation Planning  Agent
calculates optimal evacuation paths with the help of
graph-algorithms, which guarantee safe and effective
transportation of the groups of people that are
affected.  Evacuation planning outputs are
coordinated with the Recovery Support Agent that
develops initial recovery plans and cost estimates so
that there is a smooth transition between the response
and post-disaster rehabilitation. The combined
workflow between agents makes the process end-to-
end automated, lower in decision latency, and more
responsive to the system.

5. Implementation

The goal of implementation of the Autonomous
Climate Disaster Management System (ACDMS)
follows a simulation-based approach to assess the
functioning of the prediction and impact assessment

subsystems in the controlled setting. This
configuration helps to simulate real-world flooding
conditions in high-risk regions of India.
5.1.Datasets Used
The system makes use of edited historical weather
and impact data that are concentrated in terms of
high-risk flood prone zones in India, specifically,
Kerala, Assam, West Bengal, and Uttar Pradesh.
These datasets are obtained as the publicly accessible
meteorological data, government data and artificial
additions to guarantee that there is adequate volume
to train.
To predict flood conditions, historical rainfall
patterns (embedded/synthetic subsets) are the main
data set that has the following main characteristics:
e Pre-monsoon rain (March May, in mm)
e Premature intensity of monsoons (first 10
days of June, in mm)
e Increase in rate of rainfall between May and
June.
e The target variable is a binary variable flood
occurrence (0 = No Flood, 1 = Flood).
In recovery and impact assessment, there are other
attributes such as forecasted possibility of floods,
degree of disaster severity (Low to Critical) and the
population density of the region. The regression
targets are:
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e The number of displaced people is estimated.

e Projected cost of financial recovery.

e Units of resources needed (e.g., food, water,
medical supplies, etc.))

5.2.Simulation Environment

The backend simulation is written with Fast API,
Python 3.8+, which allows providing the API-based
model as a concept and real-time interaction.

Key components include:

e Live communication: bi-directional updates
(e.g. alerts and live status) via Socket.lO.

e Database: SQLite controlled by SQL
Alchemy ORM to store user information,
disaster situation, resources inventories and
prediction histories.

Machine Learning engine:

e XG Boost Classifier to predict the probability
of floods.

e Random Forest Regressor on impact
estimation (displacement, cost, resources).

e Scikit-learn utilities of data pre-processing
pipeline assembly, and model preservation.

5.3.Evaluation Metrics

Standard metrics of the system performance are
measured depending on the classification and
regression tasks:

The flood forecasting service (Classification):

e Accuracy: The percentage of
predictions of flood and no-flood.

e Confidence Score: The XG Boost model
yields a probability between 0.0 and 1.0 that
represents a measurement of certainty of the
prediction.

Assumption Period (Regression):

e R2 Score (Coefficient of Determination):
This is used to determine the level of the
random forest which explains the variance in
the estimated displacement, recovery cost,
and resource requirements.

e Other metrics of support (e.g., MAE, RMSE)
are in-house monitored in the process of
tuning the model.

5.4.0perational
Foundation

System latency measures the total time taken from

correct

Metrics: Mathematical

when a request is initiated by the user until the
response or alert is received.
Let:
e T(request) = time when the API request or
socket event is triggered
e T(response) = time when the response or alert
is delivered
o System Latency:
(L) = T(response) — T(request)
For real-time disaster alerts, the system enforces the
constraint:
L < 1 second
5.5.Machine Learning Performance Metrics
Classification Accuracy
Let:
TP = True Positives
TN= True Negatives
FP = False Positives

FN= False Negatives
TP + TN

TP + TN + FP + FN
For reliable flood prediction systems:
Accuracy = 0.90

Such measures correlate with the typical procedure in
studies of machine learning and floods wherein high
accuracy (usually >90-96% with XG Boost and
Random Forrest models) and high R2 (0.90 or higher)
mean that machine learning is reliable in disaster
applications.
6. Use Case: Proactive

Response in Kerala
The system constantly tracks rainfall statistics and
identifies a steep change in the precipitation in
Kerala. The flood prediction model is based on
machine learning where the situation is determined to
be high-risk, and the impact assessment is automated
to estimate the likelihood of displacement, recovery
costs, and resources needed. A serious alarm warning
is sent to the dashboard of the control room so that
the administrators can easily confirm the extent of the
severity and pre-position resources like boats and
sandbags prior to the floods. Locals and volunteers
are alerted in their mobile devices and are allowed to
post real-time requests of aid in areas of need. The
administrators monitor such requests on the live map
and send rescue teams. The policy planners use the

Accuracy =

Monsoon Flood
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data on the damage prediction and actual damage
after the event to improve the models to enhance
preparedness and response to future monsoon
seasons.

7. Findings and Results

Summary of Results and Findings

Metric Value

Figure 4 Summary of Results and Findings

This chart illustrates the performance and the results
of the simulation with the system exhibiting high
flood prediction, high impact estimation power, low
inference latency and high-risk levels by region. It
proves how the system has the capability to provide
reliable predictions at the real-time operation. The
main lessons are that the models perform highly (high
accuracy and R2), the inference latency is below
50ms, and the regions with high, moderate, and low
risk are easily distinguishable to facilitate specific
disaster response.

Flood Risk Representation Using Bubble Chart
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Figure 5 Flood Risk Representation across
selected Indian regions using Bubble Chart

In this type of bubble chart, the flood vulnerability of
different regions is described according to the
forecasted flood probabilities and the bigger the
bubble is, the greater the risk. Kerala and Uttar
Pradesh become the high- risk areas, Assam moderate
risk areas and West Bengal low risk areas. Risk based
disaster preparedness and resource allocation is well
supported through the visualization.

e Very high risk: Kerala, Uttar Pradesh.

e Moderate risk: Assam

o Low risk: West Bengal

7.1.Model Performance
The suggested machine learning models had a high
predictive power in both classification and
regression. On pre-monsoon and early-monsoon
rainfall features, XG Boost classifier found accurate
over 95 percent of the normal and flood conditions.
The model was very sensitive to the acceleration of
the rainfall.

7.2.Regional Risk Analysis
Regional  analysis of  flood vulnerability
demonstrated specific patterns of flood vulnerability
that were identified through simulation. Kerala and
Uttar Pradesh were the areas which were always at
high-risk with probabilities of flood of above 80
percent and therefore had to pre-position resources at
the beginning of the monsoon. Assam was found to
have moderate risk with variable probabilities of
floods that would need constant monitoring and West
Bengal was found to be low risk areas where a normal
monitoring was usually done.

7.3.0perational Efficiency
The system was very efficient in its operations to be
used in case of a disaster in real time. Moreover,
lightweight serialized model artifacts allow fast
backend restart, prediction services can resume
within less than 2 seconds and therefore ensure high
availability under critical response periods.

7.4.Impact Estimation and Correlation

Insights

The impact-related variables were analysed to show
the level of correlations on decision-making. High
flood severity in combination with high population
density areas was determined to lead to non-linear
recovery costs, and it is necessary to note that
demographic factors play an important role in
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estimating the damages. Also, it was established that
April to May to June rainfall increment was a more
predictive of flash floods than cumulative pre-
monsoon rainfall.
7.5.Error Analysis and System Limitation

Although the overall performance of the proposed
system showed strong results, some limitations were
experienced during evaluation process. False
positives were sometimes associated with small
periods of high intensity precipitation, whereby
sudden changes in precipitation patterns briefly
activated high risk prediction of floods without much
downstream influence. Also, quality and availability
of input data affect the system effectiveness. Lack of
weather data, faulty satellite pictures and slow social
media alerts can lower the forecasting accuracy and
monitoring effectiveness. Moreover, the testing was
done in a simulated setting that might not be
reflective of the actual operational limitations in the
real world such as the destruction of infrastructure,
communication failure.

Prediction vs Ground Truth

0.9 4 —— Predicted Flood Risk

Observed Impact

0.8 1
Sudden rainfall spike
0.7 4

0.6 1

0.5

Risk / Impact Level

0.4+
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T T T T T T T T
0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
Time

Figure 6 Hlustration of False Positive Prediction
During Short Duration Rainfall Spikes

The chart indicates the comparison of the forecasted
flood risk and actual ground truth impact in the long
run. Although the two trends exhibit the same trend
at the beginning, a significant deviation is evident as
there is a short-period rainfall spurt. At this stage, the
forecasted flood risk is growing at a sharp rate, but
the observed effect is only growing slightly. This
maladjustment suggests false-positive prediction, in
which the model temporarily over-predicts the

severity of floods in case of sudden changes in
precipitation. Both predicted and observed impact
approach each other slowly after the spike indicating
that the model stabilizes after transient rainfall effects
have decreased.

System Limitations

e The prediction model can produce false-
positive flood warnings when the spikes of
precipitation are short and intense, and
sudden precipitation patterns do not
correspond to long-term flooding.

e The system is also very sensitive to
environmental changes that occur suddenly
and this may temporarily cause high risk
scores even though these changes have
limited ground level effect.

e The quality of input data determines the
accuracy of prediction and lack of input
weather or satellite data or noisy weather or
satellite data may negatively influence risk
estimation.

e The delays in satellite or social data could
cause severity validation to be delayed, which
can affect effectiveness in real-time
monitoring.

e The testing was done in a simulation-based
platform, which is not a complete
representation of real-world limitations.

Conclusion

The rising rate, severity and randomness of flood
disasters make the pressing necessity of intelligent,
adaptive and scalable disaster management systems.
Traditional flood response processes which are
usually manualized, disjointed, and in responsive
mode are no longer sufficient to respond to the
dynamics of climate change. To address these issues,
this study introduced the Autonomous Climate
Disaster Management System (ACDMS), an Al-
driven system that will convert the flood disaster
management into a proactive, coherent, and data-
centric system. The paper has emphasised the
usefulness of multi-agent artificial intelligence
architecture to enhance situational awareness and
operation  decision-making. The  time-series
forecasting idea based on LSTM can be applied to
detect the risk of floods in time, whereas the
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Monitoring Agent will utilize the CNN-based
satellite image analysis with the NLP-based social
media intelligence to verify the situation on the
ground and improve the accuracy. Resource
allocation by intelligent reinforcement learning is
done to optimize intelligent response to a disaster that
changes dynamically based on the severity of the
disaster and availability of resources. Also, the
evacuation planning based on graphs is safer and
more efficient, and Recovery Support Agent goes
further to offer the system functionality to post-
disaster rehabilitation through organizing recovery
planning, cost estimation, and stakeholder
coordination. Moving forward, future operations will
be conducted on authenticating ACDMS with large-
scale real-world implementations and incorporating
other data streams like real-time 10T sensors, high-
resolution satellite feeds and cross-agency
information systems. The use of explainable Al
methods will enhance transparency and trust in
automated decision-making, and federated learning
methods will be beneficial to data privacy and cross-
regional cooperation. The additional development of
the simulation system to consider multi-hazard
scenarios and risk models based on the climate
change will enhance the flexibility of the system.
References
[1]. Shen, D., Wu, C., & Sukthankar, R. (2012).
Deep learning for image classification: A
survey. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 35(1),
123-140. https:// doi.org/ 10.1109/ TPAMI.
2012.226
[2]. Alfieri, L., Feyen, L., & Di Baldassarre, G.
(2016). Increasing flood risk under climate
change: A pan-European assessment of the
benefits of four adaptation strategies.
Climatic Change,136(3-4),07-521. https://
doi.org/10.1007/s10584-016-1641-1
[3]. Zhou, Z. H. (2016). Machine learning and
data mining for disaster management. ACM
Computing Surveys, 49(4), 1-36.
https://doi.org/10.1145/2939672
[4]. Krajewski, W. F., Smith, J. A., & Baeck, M.
L. (2017). Real-time flood forecasting and
uncertainty ~ assessment.  Journal  of

[5].

[6]

[71

[8].

[9].

[10].

[11].

[12].

Hydrology, 552, 489-501.
https://doi.org/10.1016/j.jhydrol.2017.07.012
Mosavi, A., Ozturk, P., & Chau, K. W.
(2018). Flood prediction using machine
learning models: Literature review. Water,
10(11), 1536. https:// doi.org/ 10.3390/
w10111536

Kratzert, F., Klotz, D., Brenner, C., Schulz,
K., & Herrnegger, M. (2019). Rainfall-runoff
modelling using Long Short-Term Memory
(LSTM) networks. Hydrology and Earth
System  Sciences, 23(12), 5089-5110.
https://doi.org/10.5194/hess-23-5089-2019
Li, Y., Martinis, S., Wieland, M., Schlaffer,
S., & Twele, A. (2019). Urban flood mapping
using SAR satellite imagery and machine
learning. Remote Sensing of Environment,
231, 111230. https:// doi.org/ 10.1016/
j.rse.2019. 111230

Chen, X., He, Y., & Zhang, L. (2020).
Reinforcement learning for dynamic resource
allocation in emergency management. Expert
Systems with Applications, 150, 113129.
https://doi.org/10.1016/j.eswa.2020.113129
Shang, Y. (2020). Remote sensing and
machine learning for disaster detection.
International Journal of Applied Earth
Observation and Geoinformation, 92,
102176. https:// doi.org/ 10.1016/ j.jag.2020.
102176

IPCC. (2021). Climate change 2021: The
physical science basis. Cambridge University
Press. https:// doi.org/ 10.1017/9 78100915
7896

Wardrope, A. (2023). Artificial intelligence
in predictive risk analytics for disaster
management. Safety Science, 158, 105982.
https://doi.org/10.1016/j.ssci.2022.105982
Birari, H. P., Lohar, G. V., & Joshi, S. L.
(2023). Advancements in machine vision for
automated inspection of assembly parts: A
comprehensive review. International
Research Journal on Advanced Science Hub,
5(10), 365-371. https://doi.org/ 10.47392/
IRJASH.2023.065

OPEN aAccsss IRIAEM

284


about:blank
https://doi.org/

International Research Journal on Advanced Engineering € ISSN: 2584-2854

and Management Volume: 04 Issue: 03
g March 2026

https://goldncloudpublications.com Page No: 276 - 285
https://doi.org/10.47392/IRJAEM.2026.0040

[13]. [13]. Rajan, P., Devi, A., B, A., Dusthackeer,
A., & lyer, P. (2023). A green perspective on
the ability of nanomedicine to inhibit
tuberculosis and lung cancer. International
Research Journal on Advanced Science Hub,
5(11), 389-396. https:// doi.org/ 10.47392/
IRJASH.2023.071

[14]. [14]. Dobhal, S., Kumar, R., & Singh, P.
(2024). Atrtificial intelligence-based decision
support systems in environmental risk
management. Environmental Modelling &
Software, 169, 105789. https:// doi.org/
10.1016/ j.envsoft.2024.105789

[15]. [15]. Vani, R., Kumar, S., & Mehta, A.
(2024). CNN-based disaster prediction
framework for climate-resilient smart cities.
Sustainable Computing: Informatics and
Systems, 41, 100945. https:// doi.org/
10.1016/j.suscom.2024.100945

|
OPENaACCESS IRIAEM 285


about:blank

