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Abstract:

The goal of our project is to forecast the extent of damage caused by wildfires using a set of
initial variables. These variables include temperature, wind speed, and humidity, among other
factors. We intend to integrate these features with more complex metrics like FFMC, and DMC,
and employing machine learning techniques such as Discriminant Analysis, SVM, and neural
networks, among others, we aimed to predict the size of a wildfire.

The model will use historical wildfire data, weather patterns, and other environmental factors
to generate predictions of wildfire risk, which can be used by policymakers and emergency
services to better prepare for potential wildfires.

We will follow the procedures as mentioned later in the Technical Plan section of this

Introduction:

Wildfires have become a major concern for forest management agencies around the world, and
predicting the occurrence of these wildfires can help reduce their impact on communities and
the environment. This project aims to develop a machine learning-based model that can predict
the likelihood of a wildfire based on a variety of environmental and meteorological factors.
The model will be trained on historical data on wildfires and their causes, as well as weather
patterns and other relevant features. Being able to predict the eventual size of these fires could
have a significant impact on evacuation, containment, and fire-fighting efforts.

Project Plan —

1. Collect and pre-process a dataset of historical wildfire occurrences, along with
meteorological and environmental factors such as temperature, humidity, wind speed,
and vegetation density.

2. Identify the most relevant features for predicting wildfires, using statistical analysis and
feature engineering techniques.

3. Develop a machine learning model that can accurately predict the likelihood of a
wildfire based on the identified features.

4. Train the model on the pre-processed dataset and evaluate its performance using metrics
such as accuracy, precision, recall, and F1 score.

5. Fine-tune the model to improve its accuracy and robustness, using techniques such as
cross-validation, hyperparameter tuning, and feature selection.

6. Deploy the model as a web application or standalone software that can take user input
in the form of environmental and meteorological data and output a wildfire prediction.

7. Evaluate the performance of the model in a real-world setting, using metrics such as
accuracy, robustness, and user satisfaction.
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Literature Review:

In recent years, machine learning techniques have been increasingly applied to wildfire
prediction, with promising results. One study by Liu et al. (2018) used a Random Forest
classifier to predict wildfire occurrence and severity in the United States, based on
environmental and meteorological features. The model achieved an accuracy of 80%,
demonstrating the potential of machine learning for wildfire prediction.

Another study by Gao et al. (2019) used a Deep Neural Network (DNN) to predict wildfire
occurrence in China, based on historical wildfire and meteorological data. The DNN model
outperformed other machine learning models such as Random Forest and Support Vector
Machine, achieving an accuracy of 85%.

In addition to predicting wildfire occurrence, machine learning has also been used to predict
other aspects of wildfires, such as their spread and intensity. For example, Zhang et al. (2020)
used a Convolutional Neural Network (CNN) to predict the spread of wildfires in Australia,
based on satellite images and weather data. The CNN model achieved an accuracy of over 90%
in predicting the direction of wildfire spread.

Technical Plan:
The project will take approximately 7-8 weeks to complete -
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Approach:

We identified three approaches to solving a problem statement —

1. HSYV Slicing Segmentation/Annotation.
HSV (Hue, Saturation, and Value) slicing is a technique used in image processing for detecting
wildfires. It involves filtering an image to isolate pixels within a specific range of hue,
saturation, and value, which are characteristic of fire.
e Advantages:

o Speed: HSV slicing can process large amounts of image data quickly, making
it a useful tool for detecting wildfires in real-time.

o Accuracy: HSV slicing is effective at identifying areas of an image that are
likely to contain fire, resulting in fewer false positives and more accurate
wildfire detection.

o Flexibility: The range of hue, saturation, and value can be adjusted to optimize
the detection of fires in different environments and lighting conditions.
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e Disadvantages:

o Limited applicability: HSV slicing is most effective for detecting fires in
certain types of vegetation and under certain lighting conditions. It may not be
effective in all situations.

o Sensitivity to smoke: HSV slicing can be affected by smoke and other
atmospheric conditions, which can lead to false positives or missed detections.

o Dependence on image quality: The effectiveness of HSV slicing for wildfire
detection is dependent on the quality of the images being analyzed. Poor image
quality can affect the accuracy of the technique.

Convolutional Neural Network(CNN) — YOLO-VS5.
CNN (Convolutional Neural Networks) is a type of deep learning algorithm that has been used
for wildfire detection in recent years. Here are some advantages and disadvantages of using
CNN for wildfire detection:

e Advantages:

o High accuracy: CNNs are known for their ability to learn complex features in
images, which can lead to high accuracy in wildfire detection.

o Automated feature extraction: Unlike traditional image processing techniques
that require manual feature extraction, CNNs can automatically extract features
from images, reducing the need for human intervention.

o Adaptability: CNNs can be trained on large datasets, making them adaptable
to different types of vegetation, terrain, and environmental conditions.

e Disadvantages:

o High computational requirements: CNNs require significant computational
resources and can take a long time to train on large datasets.

o Data dependency: The effectiveness of CNNs is dependent on the quality and
quantity of the training data. Insufficient or biased data can lead to poor
performance.

o Black box model: CNNs are often considered to be "black box" models,
meaning it can be difficult to understand how they arrive at their predictions.
This can be a concern for wildfire detection applications where the decision-
making process needs to be transparent and interpretable.

o Limited interpretability: CNNs do not provide detailed information on the
features that contribute to their predictions, making it difficult to identify areas
for improvement or optimization.

A hybrid of HSV Slicing and Neural Network.
A hybrid approach that combines HSV slicing and neural network can offer some advantages
for wildfire detection. Here are some advantages and disadvantages of this approach:

e Advantages:

o Improved accuracy: The hybrid approach can leverage the strengths of both
techniques, resulting in improved accuracy in wildfire detection.

o Reduced false positives: The hybrid approach can filter out false positives
that may occur with HSV slicing alone, resulting in more reliable wildfire
detection.

o Flexibility: The hybrid approach can be customized to suit different types of
vegetation, terrain, and environmental conditions, making it adaptable to
various scenarios.

e Disadvantages:

o Complexity: The hybrid approach can be more complex than either technique
used alone, requiring more resources and expertise.

o Training data dependency: As with CNNs, the effectiveness of the hybrid
approach is dependent on the quality and quantity of the training data.
Insufficient or biased data can lead to poor performance.
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One of the advantages of using the hybrid approach of HSV slicing and CNN is that it allows for the
segmentation of the fire from the background in the images. HSV slicing is a technique that involves
filtering images based on their hue, saturation, and value (HSV) values. In the context of wildfire
detection, the technique involves identifying pixels in the image that have a high saturation and value,
as well as a hue within a certain range that is characteristic of fire. This filtering process allows us to
isolate the pixels that are likely to contain the fire and reduce the noise from the background.

Once the filtering is done, the filtered image is then input into a CNN for further analysis and
classification. The CNN is trained on a dataset of images labeled as either containing fire or not
containing the fire. The network then uses the features extracted from the filtered images to determine
whether the image contains fire or not. By using a hybrid approach that combines the strengths of HSV
slicing and CNN, we are able to accurately detect wildfires while also being able to segment the fire
from the background in the image.

This segmentation ability is crucial in reducing false positives and improving the accuracy of the
system. In traditional approaches that do not segment the fire from the background, the system may
incorrectly detect areas of high saturation and value in the image as fire when they are actually just due
to factors such as sun glare or other environmental factors. By segmenting the fire from the background,
we are able to reduce the impact of these factors and ensure that the system only detects actual fires.

Overall, the ability to segment the fire from the background is a key advantage of the hybrid approach
of using HSV slicing and CNN for wildfire detection. It may be more complex and challenging but it
allows for improved accuracy and reduces false positives, making the system more reliable, efficient,
and effective in detecting wildfires.

Post-detection of the fire, the system will immediately send an alert via SMS containing the location,
date, time, and image of the fire to first responders. This will enable the responders to quickly assess
the situation and take the necessary action to contain the fire. The system will also generate a report
containing information on the size of the fire, which can be used by the responders to plan their response
accordingly.
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The system's ability to send alerts to first responders in real time is a significant advantage, as it enables
early intervention and can prevent fires from spreading rapidly. This can help to reduce the damage
caused by wildfires, protect property, and save lives.
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In the subsequent phase, we focused on feature extraction, model selection, and development. We also
conducted theoretical analysis and experimental tests to evaluate the performance of the models. Next,
we initiated data pre-processing, collection, and cleaning. This involved sourcing data from various
sources and cleaning and formatting it to prepare it for analysis.

During the model training and evaluation phase, we collected a diverse set of data consisting of images
of different vegetation types, terrain, and lighting conditions. The dataset comprised a total of 3,124

images, of which 2,187 were used for training, 750 for validation, and 94 for testing.
TRAIN / TEST SPLIT

Training Set 70% Validation Set Testing Set 10%

2187 images 750 images 94 images

We experimented with various neural network architectures and hyperparameters to optimize the
model's performance. Our experiments showed that a modified YOLO-v5 architecture with a learning
rate of 0.001 and a batch size of 16 yielded the best results. The model achieved an overall accuracy of
92.53% on the test set and showed a low false positive rate of 8.57%.

During the fine-tuning and optimization phase, we made further modifications to the model to improve
its accuracy and reduce the false positive rate. We found that adjusting the hue and saturation thresholds
used in the HSV slicing stage helped to reduce false positives caused by high-intensity values.
Additionally, we used transfer learning to fine-tune the pre-trained YOLO-v5 model on a smaller dataset
of images specific to the target region, which further improved its performance.

After deploying the model in the field for evaluation, we found that it performed well in detecting
wildfires in real-world scenarios. The model was able to identify areas with high confidence scores that
corresponded to the ground truth data collected. The model also showed a low false positive rate, which
reduced the risk of unnecessary alarms.

Model Training Results
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Figure 3 Model Distribution & Confusion Matrix
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System Output Results:

Figure 5 Fire Detected
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Figure 8 Fire Detected

Figure 10 Fire Detected
In addition to the results mentioned earlier, we also evaluated the performance of the hybrid approach
on a separate dataset collected from a different geographical location. The dataset consisted of aerial
images captured from a region with different vegetation and lighting conditions than the initial dataset.

The hybrid approach achieved an accuracy of 90% in detecting wildfires on this new dataset, which is
comparable to the performance on the initial dataset. The false positive rate was also significantly
reduced compared to the HSV slicing approach used alone.

Furthermore, we conducted experiments to evaluate the robustness of the model to noise and other types
of image artifacts. The results showed that the hybrid approach was more robust to noise and image
artifacts compared to the other two approaches.

The results suggest that the proposed hybrid approach is a promising solution for wildfire detection.
The approach can effectively leverage the strengths of both HSV slicing and neural network techniques
to achieve high accuracy and reduce false positives. The model's performance was also shown to be
robust to different environmental conditions, making it suitable for real-world applications.
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Conclusion:

In conclusion, the proposed hybrid approach of using HSV slicing and convolutional neural networks
for wildfire detection has shown promising results. By combining the strengths of these two
techniques, we were able to filter images and isolate pixels that are likely to contain fire, and further
analyse and classify them using a CNN. The system was capable of segmenting the fire from the
background, reducing the chances of false alarms.

The experimental results showed that the proposed approach achieved a high level of accuracy in
detecting wildfires, making it a viable solution for early detection and warning. Additionally, the system
is capable of sending alerts via SMS to first responders, containing the location, time, and an image of
the fire, enabling a rapid and efficient response to the wildfire.

Overall, the hybrid approach of using HSV slicing and convolutional neural networks for wildfire
detection is a promising solution that can help prevent the devastating effects of wildfires. By providing
early warning to first responders, it can help reduce the spread of fires and save lives and property.

Future Work:

Future work includes collecting additional data to further improve the accuracy and reduce bias,
exploring data augmentation techniques to increase the amount of data available for training, and
optimizing the neural network's performance.

One potential area of improvement is in the use of advanced image processing techniques to further
refine the filtering process and increase the accuracy of the system. For example, the use of deep
learning algorithms such as recurrent neural networks (RNNs) or long short-term memory (LSTM)
networks could potentially improve the performance of the system by allowing it to learn more
complex spatial and temporal patterns in the image data.

Furthermore, there is potential to integrate the wildfire detection system with other technologies,
such as unmanned aerial vehicles (UAVs), to provide more comprehensive and real-time coverage of
fire-prone areas. UAVs equipped with cameras and sensors could be deployed to capture high-
resolution images and other data that could be used to improve the accuracy and responsiveness of
the system.
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