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Abstract

The current frequency and intensification of natural disasters, influenced by climate change, remains a significant threat to
global societies; human and material losses. In view of the generally recognized need for upgraded disaster prediction and
improved emergency procedures, this research aims, primarily, at application of the crucial artificial intelligence (Al)
methods in the context of natural disasters prediction. The research uses ML models for numerical data and DL models,
such as CNN, VGG16, and ResNet50, for image-based disaster categorization. To aid practical deployment of disaster
prediction and make it real-time, an interface using Gradio is designed.

The methodological approach starts with data pre-processing where data is cleaned from anomalies, outliers and some
features are engineered. During exploratory data analysis, important characteristics, including cyclical patterns and
differences in the incidence of disasters by region, are identified. The analyses of the chosen model demonstrate the increases
in accuracy and, therefore, the enhanced results in the classification of the disaster types and the prediction of the program
declarations. The interface developed with the help of Gradio improves the available adjustments and ensures real-time
operability.

The implications of this research are to show the utility of Al in disaster management if the objective is a reduction in losses.
The findings lay the path for future development application in real-time integration of 10T systems and other larger data
sets, thereby repositioning Al as the central tool in handling global disasters.

1 Introduction

This increased trend has been as a result of the growing effects of global climate change that have resulted in
increased frequency and frequency of natural disasters. Natural disasters including Hurricanes, floods, Wildfire
and Drought have increased in intensity and frequency adversely affecting human beings property, and the
environment. The existing disaster prediction procedures based on history and linear models also do not have the
effectiveness and flexibility to devise solutions for such emerging concerns. Such has reaffirmed the paramount
importance of coming up with intervention strategies through the use of updated technological advancement.

Challenges can also be solved using Artificial Intelligence (Al) with Machine Learning (ML) and deep learning
(DL). It is therefore by applying the Al that the flow of so much data, identification of slight changes, and real-
time prediction capabilities diligently implemented would lead to better disaster management strategies. But
solutions based on Al technology have various drawbacks regarding data integration, ability to extend their uses
to other applications, and their potential for implementation. This research will fill these gaps by analyzing
modern Al systems and their use in disaster prediction and response.

The central research question of this study is: How can Al and ML techniques improve disaster prediction
and response? To address this, the following objectives are pursued:

1. Develop robust predictive models using ML and DL techniques to enhance forecasting accuracy.
2. Extract actionable insights from historical and real-time data to support decision-making.



3. Implement user-friendly, real-time disaster prediction tools to optimize resource allocation and emergency
response.

This work in particular forms part of scientific literature and includes structured data analysis and comprehensive
image classification such as the use of convolutional neural networks and transfer learning from models such as
VGG16 and ResNet50 coupled with interactive deployment through gradio. The work not only shows how the
method improves prediction accuracy but also usability and scalability for areas with frequent disasters.

The report is structured as follows: State of art methods in Al applied to disaster management are discussed in
the Related Work section. In the section titled Research Methodology, the authors describe data pre-processing
techniques, modelling strategies and evaluation methods. The Design Specification and Implementation
describes the architecture and practical implementation of the proposed system. The results and final arguments
of the models are discussed in the Evaluation part; the Discussion part overviews the accomplishments,
difficulties, and suggestions. Conclusion and Future Work section gives a brief of the research alongside
discussing the potential areas of development in this significant area of study.

2 Related Work

Artificial Intelligence (Al) has recently attracted the attention of many experts in managing natural disasters to
improve the accuracy of the prediction and, ultimately, the effectiveness of the response. This section performs a
literature review of work relevant to Al-based disaster prediction, image classification for disaster identification,
and the use of multi-output classification in program declarations. In so doing, it makes a synthesis of the research
gaps and the role for future developments within this area.

2.1 Al in Disaster Prediction

ML and DL methods have been found to be effectively useful for forecasting features of natural disasters. Huang
et al., (2020) further stressed that techniques like Random Forest and Support Vector Machines using
meteorological and geospatial inputs were a great bet in disaster prediction. But these models do not scale well
when combining data of multiple types into a single model.

It was found that deep learning architectures including RNN and LSTM have been proved useful in managing
sequences of data like weather or the timeline of disasters, (Shiri et al., 2020). Despite these methods
outperforming previous approaches in capturing temporal dependencies, these methods require vast amounts of
data and extensive computational power which is unfeasible in low resource regions. However, they still face
problems of cross-sectional generalization, limiting their applicability across different disasters.

2.2 Advances in Image-Based Disaster Classification

Classification based on imagery has now become one of the essential means of finding regions impacted by
disasters. Examples like Convolutional Neural Networks (CNNs) have excellent performances in categorizing
satellite imagery, and UAV datasets to estimate the severity of loss (Akhloufi & Shahbazi, 2025). Some CNN
based approaches strengthened by transfer learning schemes such as VGG16 and ResNet50 hold more strength
in providing features extraction processes of the disaster types like wildfire and flood and so on (Lin et al., 2021).
However, these approaches heavily rely on truly labeled disaster datasets, which can be quite difficult to collect
during disasters.

While being informative, the existing studies do not offer results in real time, do not account for combining
multiple types of data (satellite with social networks or sensors, for example). This limitation prevents a broad to



acquire situation awareness and slow down response time hence the need for models that can effectively exploit
the different data feeds.

2.3 Multi-Output Classification for Program Declarations

Classification models for multi-output situation such as the concurrent likelihood of various disaster programs
such as Individual Housing, Public Assistance have also been discussed; these are applied using ensembling
learning algorithms such as Random Forests (Jiang et al., 2022). All these models can deal with correlated outputs
and improve the quality of decision making about resources utilization during emergencies.

However, current implementations do not always take into account the fact that these decisions are interdependent
and discrete disaster programs may be managed individually. In addition, dynamic environmental conditions or
socio-economic factors are studied reasonably infrequently in such models laying less practical application for
actual disaster missions.

2.4 Research Gap
While significant progress has been made, existing approaches exhibit notable limitations:

1. Data Integration: Almost all works do not address the integration of formatted data such as meteorological
reports with other non-structured objects like images and social media.

2. Real-Time Deployment: Nowadays models do not have a way to perform real time inference which is so
important in the case of disaster.

3. Scalability: Many of the models take a lot of computational power, which is quite a problem as many people
are stuck with less resource-intensive computers.

4. Generalizability: Most techniques tend to be specific to one or the other type of disaster, thus the capability
is restricted across different circumstances.

3 Research Methodology

This study uses data preprocessing, machine learning and deep learning for modelling and deployment for
improving natural disaster prediction and emergency response. The methodology combines both quantitative and
qualitative data and is sensitive to data distribution, outliers and real-time analyses. These are as follows; Each is
explained in detail below in order to give a clear and well sequenced procedure.

3.1 Overview
The research involves a multi-faceted approach:

1. Data Preprocessing: It is used to maintain the validity and reliability of the datasets.

2. ML/DL Modeling: To predict the types of disasters we are going to use some of the most sophisticated
algorithms we can build to classify images related to disasters.

3. Deployment: Setting up Gradio for visualizing the predictions in real-time in a manner that is easily end-
user understandable.

3.2 Data Collection
Two primary types of datasets were utilized:

1. Historical Weather and Disaster Data:
e Sourced from repositories such as NOAA and ECMWEF.



e Features included precipitation, temperature, and disaster types, spanning multiple years and regions.
2. Disaster-Related Images:

e Curated from publicly available datasets and satellite/UAYV imagery.

e Images depict disasters such as floods, wildfires, and hurricanes, aiding in visual classification.

3.3 Data Preprocessing
To prepare the datasets for analysis, the following techniques were applied:

1. Handling Anomalies and Outliers:
e Missing values (such as: -9999 for temperature) were substituted by median values.
e Outliers in numerical features such as precipitation and temperature were treated with the Interquartile
Range (IQR) approach.
2. Encoding Categorical Variables:
e State, incidentType, and declarationType were some of the features in which label encoding was
performed for numerical conversion.
3. Class Balancing with SMOTE:
e Disaster type prediction had cases of imbalanced classes which were balanced using SYNTHETIC
MINORITY OVERSAMPLING TECHNIQUE [SMOTE].

3.4 Machine Learning Pipeline
1. Disaster Type Prediction:

e A Random Forest classifier was used due to its flexibility as well as its capability for dealing with
heterogenous data sources. There are inherent structural characteristics about the structured data such as
the weather conditions and the disasters’ features which was used for training of the model.

2. Multi-Output Classification:

e Ensemble learning techniques were used, employing ‘multi-output classification as an approach’ for the
purpose of ensemble learning to predict the disaster program declarations (ihProgramDeclared,
paProgramDeclared etc.) together at once. This approach is aimed at capturing the relationships between
program types.

3.5 Deep Learning Modeling

Image-based disaster classification was conducted using the following architectures:

1. Convolutional Neural Networks (CNNs):

e A relatively basic CNN model was used to extract spatial features from those images, with the images
being preprocessed.

2. Transfer Learning with VGG16 and ResNet50:

e Two pre-trained models, namely VGG16 and ResNet50, were used and retrained on the introduced
disaster image dataset to take advantage of their feature extraction, as well as minimize the training period
and the computational overhead involved.

e Augmentation was used to add rotations, flips, scalings and other transforms to improve the model
generalization and due to the limited amounts of data.

3.6 Deployment



To ensure practical applicability, a Gradio-based interface was developed for real-time predictions:

1. Structured Data Predictions:

e The Random Forest model forecasts disaster types and program declarations from the angles supplied by
the user in terms of features such as rainfall, temperature, area.
2. Image Classification:

e Disaster images can be uploaded by users and these images are passed through the ResNet50 model with
confidence scores of the type of disaster.

3.7 Tools and Equipment

e Programming Language: Python.

e Libraries: TensorFlow, Scikit-learn, Pandas, OpenCV.

e Platform: Google Colab with GPU support for DL training.
e Deployment Framework: Gradio for interactive prediction.

3.8 Statistical and Evaluation Techniques

e Evaluation Metrics:
o Classification metrics: Accuracy, Precision, Recall, F1-Score, and Area Under the Curve (AUC).
o DL models: Validation accuracy/loss curves and confusion matrices.
e Visualization:
o Heatmaps, scatter plots, and bar charts were employed to analyze feature relationships and model
performance.
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Figure 1: Workflow Diagram of Al-Driven Disaster Prediction Methodology

4 Design Specification

The architecture and design of this research project involves a comprehensive ML execution pipeline, DL models
of image classification, and a real-time web-based application portal that utilizes Gradio. This structure is
designed to make sure that the information is processed well to give a director accurate prediction and at the same
time ensure that interaction with users of the design is smooth. The following outlines depict the architecture of
this system in detail together with the major constituent parts.

4.1 System Architecture

The system is divided into three primary pipelines: the first is the structure data analysis with the second for image
classification; the final layer for streaming and with Gradio for user interface.

1. ML Pipeline:
e Objective: Forecast the types of disasters and program declarations based on the type of structured data.
o Workflow:
e Input: Raw data for which information has been extracted, cleared of noise, and formatted, including
weather variables such as precipitation, temperature, type of disaster etc.



e Model: Disaster type prediction used Random Forest Classifier while the predictions of program
declarations made used the Multi-Output Classification.
e Output: Predicted disaster types and the corresponding program declarations.
2. Image Classification Pipeline:
e Objective: Group images that are disaster related into subgroups that include floods, wildfires and
hurricanes among others.
e Workflow:
e Input: Disaster images after preprocessing and augmentation.
e Models: In this study, the first model is tested is the Convolutional Neural Networks (CNNs), followed
by VGG16, and ResNet50 models which are implemented for transfer learning.
e Output: Disaster class level and corresponding confidence scores with that level.
3. Integration with Gradio:
e Objective: Make a real interaction of a user for the prediction.
e Workflow:
o Users enter attributes (other structured data) or post disaster images.
o Inter stage, ML and DL models are incorporated in backend for passing inputs through them and
obtaining the predictions.
o The outputs are conveyed using the Gradio interface in a normalized format for enhanced user
engagement.

4.2 Key Components
The system comprises several parts which are integrated to facilitate data flow and functionality in every pipeline.
1. Data Sources:

Climate and disaster data were obtained from NOAA and ECMWF including historical temperature, precipitation,
and historical disasters by type.

Pre-trained image datasets were sourced from the public domain, and cover a range of natural disaster types.

2. Data Preprocessing:
e Structured Data:
o Special values were the most often substituted with medians; the parameter can take values such
as -9999.
o Independent variables were cleaned by dealing with the outliers employing the IQR method.
o For categorical input features, label encoding was implemented while for the target variable
SMOTE was used for class balancing.
e Image Data:
e Some of these images were then resized to fit the standard input size of 224 x 224 pixel.
e Data augmentation operations including rotation, flipping were used to enrich the dataset.
e Pixel normalization facilitated comparable input to DL models to avoid large feature meaning

variations.
3. Model Training:
e ML Models:

o Random Forest modelling for disaster type prediction with high interpretability and a strong
scalability for structured data.



o Multi-Output Classifier employing the ensemble techniques to forecast the declaration of

interdependent disaster programs.
e DL Models:

o A CNN model basic for spatial feature learning and it can be imposed to perform various of
functions with high quality.

o | limited the numbers of layers in the network to extract the features from the images efficiently, |
used two transfer learning models VGG16 and ResNet-50 which are fine-tuned for the disaster
image dataset with pre-trained weights.

4. Evaluation:
e ML Models:

o Measures like Accuracy, Precisions, Recall and F1-Score were calculated for the purpose of testing
the classification of Disaster Type and Program Declarations.

e DL Models:

o Significant outcomes are outlined as follows: The validation accuracy/loss curves, and confusion
matrices, evaluated the classifiers’ performance.

o Additional information was obtained by calculating the confidence scores that yielded data about
the reliability of the model.

5. Deployment:
e Gradio was used as the deployment interface allowing for live interaction.
e Sometimes, users were typing structured data, sometimes they were uploading images, and in any case,
they would get the prediction immediately, making the tool usable and applicable for disaster management
purposes.

System Requirements

e Hardware:
o GPU-enabled systems (e.g., Google Colab) for training DL models.
o Standard computing resources for running the Gradio interface.
e Software:
o Python and libraries including TensorFlow, Scikit-learn, Pandas, OpenCV, and Gradio.

5 Implementation

The research project of this paper consisted in designing a powerful system so as to predict natural disasters and
classify images related to such catastrophes. Practical application of the designed methodology was focused on
enhanced data processing, model reliability and real time data prediction via a user-friendly interface. This section
describes the tools and the methodology used for this implementation.

Regarding the implementation, the first choice of the programming language was python, because it has a vast
eco system of libraries and frameworks designed for machine learning and data analysis. TensorFlow worked to
build and train deep learning models such as CNNs, VGG16 and ResNet50, but Scikit-learn was used to
instantiate Machine learning algorithms like Random Forest, SMOTE to ensure class balancing. To construct a
user-friendly interface for real time disaster prediction and classification, we integrated Gradio as a framework
for deployment. All model training was carried out in the project using Google Colab as the platform, given its
GPU support on computationally intensive tasks. Furthermore, data preprocessing was achieved over libraries
such as Pandas, while Seaborn was used for data visualization and OpenCV was used for pre and post processing
of image as well as augmenting methods.



In the data preprocessing phase, we did a very meticulous cleaning and transformation to enable structured and
unstructured data to be modeled. Anomalous entries (-9999) in structured data were imputed with median values
to handle missing values. To prevent skewed model performance the interquartile range (IQR) was used to
eliminate outliers. Among them are categorical features i.e., state, incident type and declaration type, that are
numerically encoded using label encoding to be consistent with machine learning algorithms. SMOTE was used
to deal with discrete class imbalances in disaster type predictions by increasing the representation of
underrepresented disaster categories. Image data was preprocessed by resizing the images to 224 x 224 pixels to
accommaodate deep learning models and used data augmentation methods including rotation, scaling, flip for data
diversion and generalization of trained models.

Structured and unstructured data were trained in model. Random Forest classifiers were used for binary
classification of structured data and were able to predict disaster types given noisy data with ensemble learning
to improve the robustness to noisy data. Forecasting disaster program declarations was done using multi output
classification and modeling interdependencies between program types. To illustrate image classification, a basic
CNN model was designed for extraction of spatial features, with training further accelerated using transfer
learning with VGG16 and ResNet50 pre trained models. The pre-trained weights in the transfer learning approach
allowed fast training as well as better performance with more limited data. The review on model evaluation is
thorough, accuracy, F1-Score and confusion matrixes are used to evaluate ML models. Validation accuracy and
loss plots are used to evaluate DL models.

Gradio was used to deploy our models, funneling in both ML and DL models to create a real time, accessible
application. Structured input parameters such as rainfall, temperature and disaster type were fed into the interface,
and the interface gave out immediate predictions for disaster programs. Additionally, users could upload disaster-
related images, to which results with confidence scores could be returned. The interface was designed in a user-
friendly way so that users can easily navigate, and practical applicability was presented by disaster management
professionals.

The outputs of the implementation included a variety of different things. The data were preprocessed, containing
balanced classes with structured data encoded categorical variables and augmented datasets for image
classification. With regards to its modelling, Random Forest, as a type of predicting a disaster, multiple classifiers
for multiple disaster programs declaration and deep learning (CNN, VGG16 and ResNet50) for the image
classification were also included. Finally, we made it possible from advanced research methodology to make real
world disaster management applications by deploying to a Gradio based tool that can real time predictions.

6 Evaluation

This section gives a critical account of the models and methods deployed in the study then presents a general and
detailed analysis of the implications of the models and methods for disaster management. We identified key
performance indicators in machine learning including accuracy, precision, recall, F1 score, validation accuracy
and loss and confusion matrices with emphasis on deep learning.

6.1 Evaluation Metrics

e Accuracy:



Calculates the basic accuracy of classifiers that estimates the mean ratio of correctly classified
instances to the overall total of instances.

The Random Forest model highlighted the highest accuracy of 94.88% which is far better than
most of the ML Models.

e Precision and Recall:

o Precision: Responsible for measuring the models’ efficacy in the right categorization of positive
examples exasperating the negatives.
o Recall: Evaluates how well all true positives are recognized and reduces the risk of missing any of
them.
o Similarly, there is evidence of high performance in most classes from the Random Forest model
for important disaster types such as cyclones, earthquakes and floods, where precision and recall
are greater than 0.9.
e F1-Score:
o Doesn’t separate the required measure of accuracy into two measures, while providing a global
performance measurement metric.
o With the help of the F1-score metric, the Random Forest model is characterized by the equal
weights across different classes with the value of 0.95.
6.2 Results
e For image classification: Traditional CNN: Showed good performance with a validation accuracy of
~91%, as evident from the first two accuracy/loss plots.
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Figure 2: Training and Validation Accuracy plot for CNN.
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e VGGL16: Achieved the highest validation accuracy of ~94%, benefiting from transfer learning.
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—— Train Accuracy —
Validation Accuracy Bl

0.90

0.85
=
U
m
g
2

0.80

0.75

0 2 2 6 8 10 12 14
Epochs
Figure 5: Training and Validation Accuracy plot for VGG16
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Figure 6: Training and Validation Loss plot for VGG16.

e ResNet50: Performed moderately with validation accuracy peaking at ~73%.
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Figure 7: Training and Validation Accuracy plot for ResNet50.
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Figure 8: Training and Validation Loss plot for ResNet50.

e From the confusion matrix for CNN, it was found that the classification accuracy for earthquake and
cyclone images was quite high, whereas moderate misclassifications were observed for flood and
wildfire images. Such misclassifications can occur through likeness of some features for example
water in both wildfires and floods.

e EDA Insights:

o Such trends as floods in springs, cyclones in summers and wildfires in the falls were high.

o The analysis of disaster with respect to states brought out unique characteristics of disaster

occurrence that corresponded to geographical and climatic zones.

Random Forest Classifier:




e Classification Report:
o Macro Average (average across all classes): Precision = 0.93, Recall = 0.94, F1-Score = 0.94.
o Weighted Average (weighted by class size): Precision = 0.95, Recall = 0.95, F1-Score = 0.95.
e High Fl-scores indicate strong classification performance, particularly for classes like cyclones,
earthquakes, and floods.

Confusion Matrix:

e Excellent classification for cyclones (756 correct out of 756 instances).
e Minor misclassifications for classes like floods and wildfires due to overlapping features.

Comparison of ML Models:

e Logistic Regression: Accuracy = 39.11%, struggled with the complex multi-class nature of the dataset.
e Decision Tree: Accuracy = 91.66%, showing reasonable performance but prone to overfitting.

e Random Forest: Accuracy = 94.88%, consistently the best performer due to its ensemble approach.

e Gradient Boosting: Accuracy = 79.57%, effective but less robust than Random Forest.

e SVC: Accuracy = 32.03%, significantly underperformed due to the dataset's high dimensionality.

7 Discussion

In this section, the results from the applied models and EDA are reflected upon as well as their characteristics,
with focus on their relevance and shortcomings and how they can be further developed. The findings are, therefore,
analyzed based on the body of existing literature in an attempt to discuss the strengths as well as weaknesses of
the current study.

7.1 Insights

1. Key Findings from Model Results:

o Structured Data Models: Out of all the models, Random Forest got the highest values in accuracy
at 94.88% and hence better prediction of different types of disasters. This is in line with theoretical
findings suggesting that ensemble methods are robust to noise and outperform other methods in
multi-class classification (Huang et al., 2020).

o Although the algorithm was highly accurate, the classification errors occurred with classes that
had similar features which show the need for feature-specific improvement.

2. Image-Based Models:

e From the experimental results, VGG16 based on the transfer learning was identified as the most
effective DL technique for the image classification attaining the validation accuracy of ~ 94%. This
can be seen to affirm the conclusions drawn in previous research relations to the effectiveness of pre-
trained model in situations that little amount of labeled data is available (Lin et al., 2021).

e Although, the CNN resulting from the baseline performed slightly better (~91%), ResNet50 was
relatively lower (~73%) which could be attributed to the increased complexity coupled with a small
scale of dataset.

3. EDA Insights:



e Seasonal trends indicate that floods are mostly experienced in spring while cyclones are preferred in
summer and wildfire in the fall part of the year supporting previous climate-based research carried out
by Shiri et al., 2020.

e Disaster as a form is diverse in states and this shows that there is the need for the formulation of state
specific disaster management plan.

4. Implications for Disaster Prediction and Management:

e Structured data models combined with image-based classification has great implications for the early
detection systems and response frameworks.

e As aresult, more accurate classification of disasters using historical data and the ability to categorize
them in real time has more practical application, but this essay can also be useful for identifying
potential problem areas and allocating resources on a more precise scale that will better serve affected
communities and governments agencies.

7.2 Challenges

1. Data Quality and Class Imbalance:

e The data distribution was clearly skewed with some classes (disaster types, for example, earthquakes)
being underrepresented. While SMOTE did this partly, oversampling synthetic data can lead to some
biases — as recent studies pointing out — (Akhloufi & Shahbazi, 2025).

e Another potential issue arose in data quality; for instance, dummy values representing temperature
and precipitation. However, the mere presence of these alterations pointed at a more general problem
of data gathering in disaster research — the lack of carefully cleaned and, oftentimes, all-encompassing
datasets.

2. Model Biases and Interpretability:

e The proposed approach to misclassification in DL models is that there may be biases in feature
extraction since some disasters resemble each other visually (e.g., the presence of water in wildfires
and floods makes them similar in imagery).

e Similar to the previous papers, interpretability is also an issue in most of the authentic studies,
specifically for deep models like ResNet50, making it tough for stakeholders to trust their results.

3. Limitations in Real-World Deployment:

e Real-time deployment needs to have strong scaling capabilities and interact with a constantly changing
data stream, which may include a stream from an 10T sensor or satellite. The current Gradio interface,
although fully operational, does not meet these dynamic demands.

Contextualizing the Findings

The results obtained are consistent with the prior research regarding the role of Al in disaster prediction (Huang,
Peng, & Lee, 2020; Lin et al., 2021). Still, as one of its limitations, the imbalance of datasets and the
interpretability issues are discussed in the current investigation but remain understudied in previous research.
Overcoming these challenges is one way through which the proposed methodology opens up better Al for disaster
management systems.

8 Conclusion and Future Work

8.1 Summary



This research set out to explore the application of Artificial Intelligence (Al) in disaster prediction and response
optimization, addressing the central question: In this method, how can Information Technology specifically the
use of Al and ML provide solutions to predict and manage disasters? Included objectives were to obtain accurate
models for learning through ML and DL, gain insights into historical data and utilize a tool that can forecast a
disaster in real-time.

These aims of the study were achieved as follows. : In structured data prediction, conventional machine learning
algorithm Random Forest attainted 94.88% accuracy; deep learning algorithm in the related disaster image
recognition and classification achieved high validation accuracy of ~ 94% in VGG16. In detailed exploratory data
analysis, new insights such as the seasonality and regionality were identified that supported the future use of data
science methods in disaster response.

The Gradio-based deployment helped create an interactive feature which assists to translate the advanced Al
models into simple understanding for the professional staff involved in disaster management. All these outcomes
prove the effectiveness of how use of Al can enhance the tasks related to disaster management and use of resources.

8.2 Limitations
Despite these achievements, the research faced several limitations:
Dataset Size and Diversity:

e The data set included only a few disaster occurrences and some of them lacked geographical variation and
varied only in the scale of the disaster; similarly, the data set involved only several types of disaster which
are still underrepresented such as earthquake and drought.

e The dataset of images did not include the variation in environmental conditions which lowered the chances
of generalization.

Real-Time Integration: While the Gradio complements the model and provides real-time outcomes, the system
is not set up with dynamic endpoints from, for example, 10T equipment or real-time satellite images.

Model Interpretability: The key aspects which we identified for further enhancement included the following:
ResNet50 model has low explainability, which may pose a problem in the adoption of such models among
practitioners in disaster management.

8.3 Future Work

The findings of this research pave the way for meaningful future advancements in Al-driven disaster management.
Below are key areas for further exploration:

1. Real-Time Deployment at Scale:
a. Future work should focus on integrating the system with live data streams from 10T devices, drones,
and satellite imagery to enable real-time disaster monitoring and prediction.
b. Scalability enhancements will be crucial for handling large volumes of heterogeneous data
efficiently.
2. Data Expansion and Diversity:
a. Collaborating with disaster management agencies and leveraging global datasets will address
current limitations in data size and diversity.



b. Including data from underrepresented disaster types and regions will enhance model

generalizability and reduce biases.
3. Integration of Advanced Technologies:

a. The integration of Al with Geographic Information Systems (GIS) can provide spatial
visualizations for better decision-making.

b. Employing attention mechanisms or explainable Al frameworks will improve model
interpretability, fostering greater trust and adoption by stakeholders.

4. Multi-Modal Disaster Analysis:

a. Combining structured data, such as weather metrics, with unstructured data, such as social media
reports and satellite imagery, will provide a holistic view of disasters, improving situational
awareness.

5. Commercialization Potential:

a. The interactive prediction tool developed using Gradio has potential for deployment in government
agencies and NGOs for disaster planning and response.

b. Further refinement and scalability improvements could enable its adoption in private sectors like
insurance and urban planning.

8.4 Final Remarks

This research shows that through Al, disaster prediction and response can be bolstered with ideas and instruments
which is in line with current shift towards early disaster management. Nonetheless, it is important to note that the
present study is not without limitations Since, however, this study provides a good groundwork for subsequent
development in this line of research. Towards that goal, future studies can build on the current research themes
namely data diversity, real-time integration, and interpretability of the models and bring Al a step closer towards
disaster risk management.
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