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ARTICLE INFO ABSTRACT

Deep learning-based approaches for estimating cyclone intensity aim to improve early warning
systems, enabling authorities to take timely action and protect at-risk populations and critical
Revised: 10 Feb 2025 infrastructure. The goal is to reduce the widespread destruction caused by cyclones globally.
However, accurately predicting cyclone intensity remains difficult due to the highly
unpredictable and rapidly evolving characteristics of these storms. Conventional techniques
often fail to detect sudden shifts in intensity, highlighting the need for more advanced solutions.
This research project uses Convolutional Neural Networks (CNNs) to process satellite imagery
and assess cyclone intensity in real-time, providing early warnings to communities and
authorities. Here automation of the detection of critical features in storm systems is done. CNN
used here is to classify cyclones intensity which avoids human intervention, and reduces
subjectivity and errors. The model is trained on diverse datasets which analyses cloud patterns
and storm characteristics. This model also enables timely alerts that improve disaster
preparedness. This method performs better than traditional, manual techniques by offering a
faster, more reliable solution for cyclone monitoring. Our system’s real-team capability strengths
disaster management, potentially saving lives and minimizing damage in regions prone to severe
weather events.
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1. INTRODUCTION

This automated method is quite handy, as it goes a step further in the process of cyclone intensity estimation ensuring
that it can be done efficiently and accurately. Human Expertise: In traditional methods for any cyclone analysis,
human expertise plays a crucial role and processing is done in manual mode, but it consumes a lot of time and might
require weeks or months to complete. Consistency issues also arise. This system for assisting healthcare
professionals, interestingly, is founded on a CNN that provides actual evaluations with consistent results over time
and thereby increases readiness and response to disasters. Timely intensity determination of a cyclone is important
for early preparation in regions subjected to strong weather events, particularly tropical and extra-tropical cyclones.

In this regard, the focus of this project is conducting research on automating increased stream-like cyclone
forecasting using Convolutional Neural Networks (CNNs) for examining satellite imagery. Given the needs required
to recognize objects in images, Convolutional Neural Networks (CNNs) are a fitting model for this task and extracting
useful features from intricate weather patterns. This system is developed by using CNNs to access cyclone intensity
promptly and accurately for real-time classification, which can be utilized in early warning systems.

In addition to manual assessment, automating the evaluation of intensity can improve its accuracy and ensure that
communities impacted by cyclones, as well as emergency services, receive timely information which could potentially
avert loss of lives and minimize damage caused by cyclones. This is a bold innovation in addressing meteorological
issues by inserting the CNNs into colony intensity analysis. The CNN-based approach, being trained over a large
dataset to continuously learn, is expected to offer an optimal and unbiased solution for disaster management. By
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speeding up decisions, it could help experts act in time against upcoming storms, and represents a big advance
towards using artificial intelligence for global disaster resilience and climate change adaptation.

MATERIALS AND METHODS

The goal of this project is to automate the process of estimating cyclone intensity from satellite imagery using a deep
learning-based system. Recognizing that cyclones do leave some patterns; this machine learning model is trained on
a diverse dataset of cyclone images to learn how they are related to the severity of the storm. Running the CNN on in
situ data as they come in via satellite enables real-time prediction so that cyclones can be verified without a single
mistake made with its intensity. It means that warnings can be delivered quickly to authorities and communities in
the direct line of a cyclone, vastly improving emergency reaction. The project provides a quick, consistent, and
accurate methodology as an alternative to traditional manual analysis methods.

1) Training the CNN on a diverse dataset: In the proposed method a Convolutional Neural Network (CNN) is
trained using a large dataset that includes satellite images of cyclones varying in different levels of intensity. The
dataset is created to have an across-the-board spectrum of storm types—going from tropical depressions, that are
basically drizzles with a warm center, up to legit powerful hurricanes—so our model sees lots of different patterns
related to the strengths of cyclones. Because it derives intelligence from such a variety of relevant data, the CNN can
detect subtle phenomena like cloud density, spiral banding, and even eye wall formation, which are key measures of
cyclone strength. This procedure helps the network build a powerful understanding of some visual features related
to storm intensity, resulting in more accurate and reliable intensity improvements.

2) Real-time satellite image processing: After the CNN model has been trained, one can use it to process new
satellite images as they come in and hence make real-time predictions of cyclones. By studying the shape of the
cyclone's eye, the location of cloud bands, and variations in temperature in the atmosphere, among other telltale signs
visible to practitioners over time who know what to look for, this model can then analyze how cloud formations have
changed structurally, as well as the behaviour of winds and atmospheric dynamics. It processes data rapidly so that
cyclones can be quickly classified into different intensity categories, such as tropical storms or Category 1-5
hurricanes, leading to real-time information as the storms are forming. The model works in real-time, which is vital
for making an early warning virtual screening.
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Figure 1. Feature extraction using CNN model

3) Issuing timely alerts and warnings: The alert systems that help in notifying concerned authorities, as well
as vulnerable communities, use CNN data locally to produce alerts of cyclone intensity. The system yields accurate
estimates of the intensity of a cyclone and its likely path, which assists in deciding what level of response to prepare
for or mobilize. In dire situations the government can take action, such as issuing evacuation orders or enacting
disaster response plans for severe storms. The techniques will allow tropical cyclone's maximum intensity to be
determined within minutes or even sooner, and these findings are transmitted to communities providing crucial time
to secure property, prepare shelters, and evacuate high-risk areas ahead of the storm.

4) Revolutionizing cyclone monitoring: This technology is interesting because it can replace guided tracking
techniques, which most likely rely on meteorologists manually interpreting satellite data. When cyclone generation
is quick, academic approaches, while powerful, are slow and susceptible to human influences. This method offers a
more reliable way to track cyclone activity since analysis may be completed automatically, impartially, and more
quickly. The speed and accuracy of cyclone intensity calculation can be increased by switching from a manual, people-
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centered approach to an automatic one, particularly in emergency situations where timely information is vital for
everyone's safety.

5) Enhancing disaster preparedness and response efforts: Enhances total catastrophe planning and response
strategies as it gives exact estimates of cyclonic intensity in real time. By using this type of data, it allows emergency
services to make informed decisions on resource allocation, evacuation planning, and carrying out public safety
initiatives. Moreover, because these alerts come in online, all stakeholders are up to date on developments and can
reallocate personnel and resources accordingly. The technology for better predictions and responses to cyclonic
activity allows for improved coordination during disasters, is lifesaving, reduces financial losses, and decreases
negative consequences on the communities affected.

6) Safeguarding lives and minimizing damage: The fundamental importance of this project is to save
vulnerable populations from suffering terribly as a result of cyclones. The system gives early warnings, making sure
people in the path of a cyclone get enough time to prepare or evacuate, dramatically reducing the human impact
(injury and loss of life) and economic impact (property damage). These better warnings are particularly valuable in
susceptible regions, such as the storm-prone coast. Over time, the project may help create resilient communities with
up-to-the-minute actionable information for extreme weather events.

METHODOLOGY

The development of this Cyclone intensity prediction model involves combining many different advanced techniques
from the fields of image detection and image processing to achieve intensity prediction. This method is structured
around key components such as image detection using CNNs multimodal data processing, and real-time wind flow.
This section outlines the technical approach, highlighting the application of relevant research. The following are
modules that are used in the project
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Figure 2. Architecture

1) Upload InsatIR 3d Dataset: The module facilitates uploading of the instalR 3D dataset to the application. The
instalR 3D dataset is a comprehensive dataset of cyclonic events captured through infrared imagery and are labelled
with corresponding intensity levels

2) Preprocess Dataset: Following dataset upload, the module reads the infrared imagery in the instaIR 3D dataset
and executes the following preprocessing steps: -

a) Feature Extraction
b) Feature Normalization
c) Split Dataset

3) Training the model: To Train a Convolutional Neural Network Model, we used the InstalR3d dataset. The
following tasks were performed:
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) Data Preprocessing: Convert the atmospheric data into three-dimensional spectrograms or relevant
representations suitable for CNN input. Perform preprocessing tasks, including normalization, feature extraction,
and dimensionality reduction, to enhance the efficiency of the model
o Model Training: Construct a CNN architecture suitable for cyclone intensity detection. The model should
take the pre-processed spectrograms as input. Train the CNN using the labelled data from the InstalR3d dataset. The
labels should correspond to the intensity levels of cyclones.
. Model Evaluation: Assess the trained CNN's performance on a separate test set from the InstalR3d dataset
to gauge its ability to accurately predict cyclone intensity levels
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Figure 3. CNN Model feature extraction

4) Predicting the input image: Utilizing the trained CNN model, this module predicts the intensity level expressed
in a test infrared image. The test image undergoes preprocessing and is then inputted to the CNN model, producing
a probability distribution over different intensity levels.

Results and Analysis
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Figure 7. Input Frame
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Figure 8. Archives (Database all the made predictions)

Model accuracy

10 4

0.9 4

o
<o
N

o
~

Accuracy
o
N

o
w

04

0.31

0.2 1

T T T T T

0 20 40 60 80 100

Canrk

Figure 9. Graph on Model accuracy

The above graph depicts model accuracy across epochs over training and validation sets. Training accuracy increases
steadily, almost reaching complete accuracy around 40 epochs and higher. This means that the model is having an
effective learning of the training data. On the other hand, validation curve rises but flat lines around 90%. Which it
is good generalization but not perfect. There is a significant gap between training and validation accuracies after 40
epochs, implying there is overfitting problem. The model clearly performs well on training data but slightly
underperforms on validation data. While the model demonstrates high accuracy, the significant discrepancy suggests
a need for techniques like early stopping or regularization to enhance generalization and reduce the gap
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Figure 10. Graph on Model loss

The graph above depicts the training and validation loss over epochs. From the graph we can infer that the model
effectively reduces training data. But the validation loss is greater than the training loss. It shows more fluctuations,
indicating potential overfitting. While the training loss has a steady decrease below 0.5, the validation loss flat lines
around 0.5 with noticeable fluctuations, suggesting the model cannot be generalized for unseen data that well. This
difference in training and validation loss highlights overfitting, where the model performs well on the training data
but under performs on validation data. To avoid such difference, regularization, dropout, or early stopping can be
used to improve generalization and reduce overfitting.

CONCLUSION

Thus, the future outlook of this project can change how cyclones are monitored and their impact measured using
deep learning technologies for real-time intensity determination. To enable the system to perform this task
effectively, we train a Convolutional Neural Network (CNN) on an extensive and heterogeneous collection of satellite
images, allowing it to automate the detection of cyclone strength cues. With the use of this data, authorities can lessen
the effects of cyclones by responding swiftly. The system is an efficient, precise, rapid, and scalable solution for
cyclone intensity evaluation because it provides a quicker, more objective analysis than conventional manual
approaches.

Issuing early warnings to sensitive locations likely to be affected can help prevent cyclone-related deaths. The model's
performance will improve with larger datasets, demonstrating its long-term potential to enhance disaster
preparedness. Overall, this represents a significant advancement in AI and meteorology, offering benefits for areas
prone to extreme weather conditions.
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