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Abstract: 
This project focuses on leveraging deep learning techniques for the detection of wildfires, 
emphasizing their severe threat to property, human life, and ecosystems. Timely and accurate wildfire 
detection is crucial for effective response and mitigation. Using convolutional neural networks 
(CNNs), the study introduces a novel approach that eliminates the need for manual feature 
engineering by directly learning from diverse data sources, including satellite photos, aerial images, 
and real-time video feeds. Unlike traditional methods that rely heavily on predefined rules or manual 
data analysis, the CNN-based model automatically identifies complex patterns, such as fire fronts and 
smoke plumes, leading to improved detection accuracy.  The project achieves a final accuracy of 
96.36% and a loss of 0.1013 in fire segmentation, with training accuracy at 95.12% and a loss of 
0.1418. During validation, the model reaches a final accuracy of 94.54% with a loss of 0.2612 in fire 
classification. The outcomes demonstrate the potential of deep learning in improving wildfire 
response plans, and early warning systems, and reducing devastation. These results suggest 
significant advancements over existing methods, providing a robust foundation for early wildfire 
detection and response, potentially revolutionizing wildfire management and reducing damage 
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1. Introduction 

Deep learning algorithms are a subset of machine learning algorithms based on developing 
computer models with several processing layers that enable learning at various levels of abstraction [1]. 
Deep learning algorithms have been investigated for use in the detecting and monitoring of wildfires 
using aerial and satellite photography. Deep neural networks can be taught to recognize patterns and 
feature typical of wildfires, such as smoke plumes, fire fronts, and heat signatures, by training them on 
large data sets of wildfire and non-wildfire photos. Many studies have been undertaken to handle 
wildfire challenges since the emergence of machine learning. However, the findings and outcomes were 
quite case-specific. Most investigations have concentrated on specific localities with distinct technique 
settings, making it difficult for others to replicate the results [2].  
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Forest fires, also known as "wildfires," can and do occur naturally and perform a variety of critical 
functions in ecosystems. Wildfires are a pervasive and vital component of the Earth's ecosystem, 
occurring globally throughout all twelve months of the year [3]. However, wildfires are one of the world's 
most destructive natural disasters. They contribute to global warming, ruin property, cause massive 
economic losses, and eventually result in the loss of human and animal life and the destruction of 
communities [4]. The current research reveals an estimated worldwide annual burnt area of roughly 420 
million hectares [5]. 

In recent years, forests, farms, residential areas, wildlife habitats, and ecosystems have all suffered 
significant damage because of wildfires. According to reports from Jabatan Bomba dan Penyelamat 
Malaysia, there were 1,753 fires caused by wildfires in 2021 [6] compared to 2002 in 2020 [7]. The worst 
wildfires in Malaysia experienced happened in Sabah in 1982 – 1983 when over a million hectares of 
natural forest burned in Sabah. At the same time, numerous fires affected Borneo and 3.2 million in 
Kalimantan [8]. As a result, millions of dollars are spent annually on fire management efforts that aim to 
reduce or stop wildfires' negative effects. To effectively manage wildfires, it is essential to comprehend 
them and improve our ability to predict them. Some of these areas include emergency response, 
ecosystem management, land-use planning, and climate adaptation, to name a few [9]. 

In general, wildfires can occur due to a combination of natural and human factors. Natural causes 
may include lightning strikes, volcanic eruptions, or spontaneous combustion in peatlands. Human 
activities that can lead to wildfires include agricultural burning, land clearing through slash-and-burn 
methods, irresponsible disposal of cigarettes or open flames, and accidental ignition from industrial 
activities or campfires. 

2. Literature Review: 

In recent years, there has been significant progress in the use of artificial intelligence and machine 
learning for wildfire detection. Various techniques have been explored, ranging from the use of satellite 
imagery to ground-based sensor networks and advanced AI models. 

• Satellite Imagery-Based Detection: Satellite imagery has been a popular method for wildfire 
monitoring, utilizing sensors like MODIS and VIIRS for heat signature analysis. Recent studies 
have leveraged machine learning models such as Convolutional Neural Networks (CNNs) for 
processing satellite data, achieving notable improvements in detection accuracy. For example, 
research by [10] demonstrated how CNNs could identify wildfires with higher precision by 
extracting spatial features from thermal infrared data. However, satellite-based methods are 
sometimes limited by resolution and cloud cover, which can impede visibility. 

• Ground-Based Sensor Networks: Sensor networks, including heat and smoke sensors, have 
been deployed in high-risk areas to provide early warnings. Research by [11] explored the 
integration of wireless sensor networks (WSNs) for wildfire detection, emphasizing the real-time 
capabilities and low latency of these systems. While effective for localized monitoring, these 
methods face challenges such as high installation and maintenance costs, as well as limited 
coverage compared to satellite-based solutions. 

• Hybrid Approaches: Combining satellite imagery with ground-based sensor networks has 
been shown to enhance detection reliability. A study by [12] integrated data from drones, 
satellites, and ground sensors using AI algorithms, achieving comprehensive wildfire 
monitoring. These hybrid approaches are especially useful in areas where one method alone 
might be insufficient, such as in dense forests or regions with frequent cloud cover. 

• Advanced AI Techniques: Machine learning models, particularly deep learning architectures, 
have transformed wildfire detection capabilities. Beyond traditional CNNs, more recent research 
has focused on techniques like recurrent neural networks (RNNs) for spatiotemporal data 
analysis and transfer learning for model optimization. For instance, [13] demonstrated how 
transfer learning could expedite model training while maintaining high accuracy, which is crucial 
for real-time applications. 
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3. Methodology 

A lot of planning and discussion is carried out before the start of this work. A general overview of 
the work is established. To ensure that the work matches the flow, a great deal of preparation and 
planning is required before it can begin. It also ensures that the project runs smoothly. This work’s time 
management is meticulously planned, and a flowchart is used to create the process. The flowchart in 
Figure 1 illustrates the process of using a Convolutional Neural Network (CNN) to classify wildfire images 
while Figure 2 contains the block diagram. 

 

Figure 1: The flowchart of process flow by using Google colaboratory 

Figure 1 shows a flowchart of how to use a Convolutional Neural Network (CNN) to classify wildfire 
images. The flowchart has the following steps. 

i. Download the FLAME dataset, which is a collection of images of wildfires and non-wildfires 
from different sources. 

ii. Upload the dataset to Google Colab, which is a cloud-based platform that allows you to run 
Python code and access machine learning libraries. 

iii. Train and compile the model using CNN, which means setting up the network architecture, 
the loss function, the optimizer, and the metrics. 

iv. Configure the settings, which means choosing the parameters such as the number of epochs, 
the batch size, the learning rate, and the validation split. 

v. Evaluate the model, which means checking how well the model performs on the validation 
data and comparing the accuracy with the desired threshold. 

vi. If the evaluation is satisfactory, plot the graph for the training model, which shows the change 
in accuracy and loss over the epochs. 
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vii. If the evaluation is not satisfactory, adjust the settings and retrain the model until the desired 
accuracy is achieved. 

viii. Classify the wildfire images, which means using the trained model to predict whether a new 
image contains a wildfire or not. 

ix. Display the result, which shows the predicted label and the confidence score for each image. 

 

Figure 2: Block diagram for wildfire detection using deep learning 

a) Input:- 

i. The dataset uses the aerial imagery of the target area captured by drones. 
ii. Additional contextual data, such as topographical information. 

b) Process:- 

i. Image processing techniques like resizing normalization and enhancement to improve the 
quality of dataset. 

ii. CNN is a deep learning algorithm commonly used for image recognition tasks. 
iii. The architecture typically consists of multiple convolutional layers, pooling layers and fully 

connected layers 
iv. Each layer extracts relevant features and learns representation from the dataset 
v. Annotated training dataset comprising labelled images of wildfire and non-wildfire regions. 
vi. The CNN model is trained using this dataset, where the weights and biases of the network are 

adjusted to minimize the prediction error. 
vii. The trained model is to used to predict wildfire regions in unseen or real-time data. 

c) Output:- 

i. Classify fire against no fire using a convolutional neural network (CNN) approach. 
ii. Can improve accuracy of fire detection. 

4. Results 

In this section, this project has developed a convolutional neural network (CNN) model that has 
demonstrated good accuracy in identifying wildfire patterns in the dataset. Good accuracy in detecting 
fire hotspots and differentiating from non-fire got by training the model on a large dataset of labelled 
images. The deep learning approach has demonstrated its potential for automated and real-time 
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wildfire detection, paving the way for further advancements and refinement in the system to enhance 
its robustness and effectiveness in wildfire prevention and response. 

4.1 Fire Segmentation 

Figure 3 shows the result evaluation for the performance accuracy of fire segmentation. The model's 
training accuracy steadily improves over epochs, reaching 95.93% by the last epoch. An epoch refers to 
one complete pass through the entire training dataset during the training phase of the machine learning 
model. The training process consists of multiple epochs, where the model iteratively updates its 
parameters to minimize the difference between predicted outputs and actual ground truth labels. 
Training loss decreases significantly, indicating that the model is learning effectively. Validation accuracy 
also improves consistently, reaching 96.36% on the last epoch. The model performs well on the test set, 
achieving a test accuracy of 96.36% and a low test loss of 0.1013. There is a slight gap between training 
and validation accuracy, but it doesn't seem to be a significant overfitting issue. The model appears to 
be effective for wildfire detection, as evidenced by high accuracy and low loss on both validation and 
test sets. 

 

Figure 3: Result evaluation for the performance accuracy of fire segmentation 
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Figure 4: Confusion matrix 

 

Figure 5: Result for each class 

Figure 4 shows the confusion matrix provides a detailed breakdown of the model's predictions 
across different classes. Diagonal elements represent the true positive counts for each class. Figure 5 
shows the class which is precision, recall, F1-score, and support. Precision is the proportion of true 
positive predictions among all positive predictions. Recall is the proportion of true positive predictions 
among all actual positives. F1-score is the harmonic mean of precision and recall. Support is the number 
of actual occurrences of each class. Classes 1, 2, and 5 have high precision, recall, and F1-score, 
indicating accurate and reliable predictions. Class 0 has high precision but lower recall, suggesting 
potential room for improvement in detecting instances of this class. Class 4 has a relatively lower 
precision and F1-score, indicating some difficulty in correctly identifying instances of this class. 

The model achieves an overall accuracy of 96%, which is a good performance metric. The weighted 
average precision, recall, and F1-score are all high, indicating a well performing model across all classes. 
Macro average considers each class equally, providing an overall performance metric. Weighted average 
considers the number of instances of each class, giving more weight to larger classes. The model 
demonstrates strong performance, especially in classes 1, 2, and 5. Further investigation and potential 
improvement may be needed for class 0 and class 4 to enhance the model's overall performance. 
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 (a) (b) 

Figure 6: (a) Accuracy values for the training and test sets; (b) Loss values for the training and 
test sets 

Figure 6 illustrates the trends observed during the training and validation phases. As the epochs 
progressed, both training and validation losses decreased, indicating that the model was effectively 
learning to distinguish between fire and non-fire images. The gap between training and validation 
accuracy was minimal, suggesting that the model was not significantly overfitting. This is a critical 
observation, as it demonstrates the model's ability to generalize well to new data. 

Key Insights: 

• The steady improvement in accuracy over epochs indicates that the CNN architecture and 
training strategy were well-tuned for this application. 

• The low and gradually decreasing loss values suggest that the model's predictions became 
increasingly accurate as training progressed. 

• A slight variation in validation loss during certain epochs (e.g., a spike at Epoch 6) may point 
to minor overfitting, which could be addressed with additional regularization techniques or 
further data augmentation. 

4.2 Fire Classification 

Figure 7 shows the results performance training model. There are two classes are involved: 'fire' and 
'No_fire. A weighted loss is applied during training, with a higher weight assigned to the 'No_fire' class 
(1.37) compared to the 'fire' class (0.79). A total of 39,375 files are found, with 31,500 files used for 
training and 7,875 files for validation. The model is trained for 10 epochs. The training accuracy steadily 
increases, reaching 95.12% by the final epoch. The validation accuracy fluctuates but generally stays 
high, reaching 94.54% by the end. Training loss decreases over epochs, indicating that the model is 
learning the patterns in the data. Validation loss shows some variation, and in Epoch 6, there’s a spike, 
suggesting potential overfitting or a need for adjustments. 
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Figure 7: Result performance for training model 

4.3 Classify the wildfire images 

The data have been trained with images stored in the Training folder. It contains two labels: 

• Fire128: The data labeled as 'Fire' 
• No_Fire128: The data labeled as 'NoFire'40 

 
The size of the image is 128x128. Ground truth data will be used. For this project, 3 fire and  no fire 

sample images have been used. 

Table 1: Test result for classifying fire sample images 

Image Result 
 

 
f1 

- This fire image is 13.10% fire and 86.90% no 
Fire 

- The result from the test simulation in 
Google Colab 
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Image Result 
 

 
f2 

- This fire image is 98% fire and 2% no fire 
- The result from test simulation in Google 

Colab 
 
 
 
 
 
 
 
 
 

 

 
f3 

- This fire image is 13.76% fire and 86.24%% 
no fire 

- The result from test simulation in Google 
Colab 

 
The results for individual images revealed that the model had occasional difficulty distinguishing 
between fire and non-fire images, especially in scenarios where environmental conditions complicated 
the detection (e.g., heavy cloud cover or reflective surfaces).  

• Image f1: Classified as 86.90% "No Fire," likely due to minimal visible flames and obscuring 
elements. 

• Image f2: Accurately identified as 98% "Fire," showcasing the model's strength in detecting clear 
fire patterns. 

• Image f3: Incorrectly classified with 86.24% "No Fire," emphasizing the need for more robust 
training data in complex conditions. 
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Table 2: Test result for classifying no fire sample images 

Image Result 
 

 
n1 

- This no fire image is 10.76% fire and 
89.24% no fire. 

- The result from test simulation in 
Google Colab 

 

 
n2 

- This no fire image is 2.39% fire and 
97.61% no fire. 

- The result from test simulation in 
Google Colab 

 

 
n3 

- This no fire image is 88.68% fire and 
11.32% no fire. 

- The result from test simulation in 
Google Colab 

 

The results for individual images revealed that the model had occasional difficulty distinguishing 
between fire and non-fire images, especially in scenarios where environmental conditions complicated 
the detection. 
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• Image n1: Classified as 89.24% "No Fire" and 10.76% "Fire." The model correctly identified this 
image as non-fire, but the small percentage of misclassification suggests the presence of 
features that slightly resembled fire, such as bright reflections. 

• Image n2: Accurately classified as 97.61% "No Fire" with only 2.39% misclassification. This high 
confidence indicates the model's reliability in distinguishing clear non-fire scenarios. 

• Image n3: Misclassified as 88.68% "Fire" and 11.32% "No Fire." This error highlights the model's 
sensitivity to certain non-fire features, such as sunlight reflections or dense clouds, which were 
incorrectly interpreted as fire-like patterns. 

5. Discussion 

While the model shows promising results, there are several challenges in real-world 
implementation, particularly in a context like Malaysia: 

• Data Quality and Variability: Satellite and aerial images may vary in quality due to weather 
conditions, cloud cover, and dense vegetation. In Malaysia, frequent rain and high humidity 
could impact image clarity, making it difficult for the model to distinguish between fire and 
other natural phenomena like mist or heavy rain. 

• Dense Vegetation and Peatlands: Malaysia has unique environmental factors, such as tropical 
rainforests and peatlands, which may present additional difficulties. Fires in peatlands are hard 
to detect as they can burn underground, making it challenging for traditional optical and 
infrared sensors to identify hotspots. 

• Resource and Infrastructure Limitations: Implementing a real-time system requires high-quality 
satellite feeds and reliable internet connectivity, which might not be consistently available in 
remote areas. Additionally, integrating the model with existing emergency systems could pose 
logistical and operational challenges. 

• False Alarms and Public Safety: Given the potential consequences of false positives (unnecessary 
evacuations) and false negatives (delayed responses), careful calibration of the system is crucial. 
In Malaysia, where fire management is crucial for palm oil plantations and forest reserves, any 
inaccuracies could have significant economic and social repercussions. 

6. Conclusion 

The use of deep learning models, such as convolutional neural networks (CNNs), has enabled the 
project to achieve high accuracy in detecting wildfires from various data sources, including satellite 
imagery, aerial images, and real-time video feeds. The models have proven to be capable of learning 
complex patterns and features straight from raw data, eliminating the requirement for human feature 
engineering and enhancing adaptability to various wildfire conditions. In this project, the accuracy for 
fire segmentation achieves 96.36% with the higher F1-score achieving 1.00, recall achieving 1.00, and 
precision achieving 1.00. While accuracy for fire classification achieves 94.54%. The outcomes of the 
project might have a big impact on how wildfires are managed and prevented. By detecting wildfires at 
their early stages, authorities can swiftly mobilise firefighting resources, implement evacuation plans, 
and coordinate effective response strategies. This can reduce the number of fatalities, property losses, 
and negative effects that wildfires bring on the ecosystem. 
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