
 

International Journal for Multidisciplinary Research (IJFMR) 
 

E-ISSN: 2582-2160   ●   Website: www.ijfmr.com       ●   Email: editor@ijfmr.com 

 

IJFMR250452281 Volume 7, Issue 4, July-August 2025 1 

 

Forest Fire Detection Using Convolutional 

Neural Networks (Cnn) 
 

P. Subasri1, B. Nithya2 
 

1Student Dept. of computer science & engineering School of Engineering & Technology, Surya Group of 

Institutions, Vikravandi - 605652 
2M. Tech AP(SG)Dept. of computer science & engineering School of Engineering & Technology, Surya 

Group of Institutions, Vikravandi - 605652 

 

Abstract 

One of the most frequent yet undesirable phenomena brought on by climate change and rising 

temperatures is wildfires. Due to the regular occurrence of these extremely strong wildfire episodes, 

flora and fauna are suffering significant degradation. Therefore, there is a growing need for advanced yet 

user-friendly systems that enable the effective use of contemporary tools and solutions. Fire and smoke 

detection are crucial tasks in ensuring the safety and security of various environments. In this project, we 

present a comprehensive solution for fire and smoke detection using deep learning techniques. The 

project is developed in Python, utilizing the powerful and efficient YOLOv8 (You Only Look Once 

version 8) architecture. The main objective of this project is to accurately detect and classify fire and 

smoke instances across different scenarios, including static images, pre-recorded videos, and real-time 

webcam feeds. To achieve this, a robust deep learning model was trained on a diverse dataset consisting 

of 3,825 images representing fire, smoke, and normal situations. The implemented model demonstrates 

impressive performance, achieving a training accuracy of 97.00% and a validation accuracy of 94.00%. 

These high accuracy metrics reflect the model's capability to reliably distinguish between fire, smoke, 

and non-hazardous scenes, making it highly effective for practical deployments. The proposed system 

supports multi-purpose detection, providing real-time analysis of visual data from images, videos, and 

live webcam streams. This versatility ensures the system's applicability in a broad range of use cases, 

such as surveillance networks, fire alarm systems, and emergency response operations. In summary, this 

project contributes to the domain of fire and smoke detection by employing YOLOv8, one of the most 

advanced object detection architectures available. The resulting system offers a fast, accurate, and 

scalable solution for identifying fire and smoke in various media types, thereby enhancing safety and 

preparedness in vulnerable environments.  

 

Keywords: YOLOv8 architecture, 97.00% accuracy, Validation accuracy of 94.00%, Python, Fire and 

Smoke  

 

1. INTRODUCTION 

Forests play a crucial role in maintaining environmental balance, influencing weather patterns, and 

providing habitat for wildlife. However, they are highly susceptible to fires, which can cause devastating 

damage. Traditional methods for detecting forest fires, such as sensors, have limitations, including the 

requirement for specific conditions and the risk of malfunction. To address these challenges, video fire 
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detection systems are being implemented, leveraging advancements in digital cameras and video 

processing. These systems can utilize existing security cameras, making them cost-effective and easy to 

deploy. Video-based detection offers several advantages over traditional methods, such as monitoring 

large areas without specific activation conditions and providing faster response times. As a result, they 

can significantly enhance the effectiveness of fire detection and prevention efforts. Recent research has 

focused on the application of real-time object detection models, particularly YOLOv8 (You Only Look 

Once version 8), for improving visual recognition in fire detection systems. Various government and 

research initiatives have employed technologies like optical cameras, sensors, tower monitoring, and 

satellite surveillance to detect fires. Among deep learning models, YOLOv8 stands out due to its high 

speed, accuracy, and efficiency in real-time detection tasks. Unlike traditional feature-based approaches, 

YOLOv8 processes entire images in a single forward pass and automatically learns to detect relevant 

features like smoke and flames from raw visual data. This makes YOLOv8 particularly suitable for 

forest fire detection, where visual cues can vary greatly due to factors like occlusion, noise, or lighting 

conditions. The ability of YOLOv8 to detect multiple objects simultaneously and localize them precisely 

within a frame is critical for applications involving fast-moving and unpredictable fire scenarios. Deep 

learning has revolutionized various fields by enabling models to extract complex patterns from high-

dimensional data. In object detection, architectures like YOLOv8 have achieved significant 

breakthroughs in processing images and videos for real-time analysis. These models can automatically 

identify fire-related patterns in frames captured from aerial footage, satellite images, and ground-based 

surveillance systems, making them ideal for wildfire monitoring. Implementing YOLOv8-based 

detection systems enhances the ability to protect forests, wildlife, and human communities from the 

increasing threat of wildfires. These systems enable early identification and rapid response by 

recognizing visual indicators such as smoke and flame with high confidence. Moreover, YOLOv8’s 

efficiency allows it to be deployed in real-world applications with limited hardware, making it suitable 

for both urban and remote forest areas. In conclusion, YOLOv8 contributes significantly to 

environmental conservation and public safety by offering a fast, reliable, and scalable method for 

detecting and responding to fires. Its deployment in forest fire detection systems represents a major 

advancement in the use of artificial intelligence for sustainable environmental protection.. 

 

2. LITERATURE SURVEY 

Fire detection has been an active area of research for decades due to the increasing risk of wildfires and 

their devastating impact on the environment, property, and human life. Traditional fire detection 

systems, such as thermal sensors, gas sensors, and satellite-based monitoring, have been widely used. 

However, these systems often suffer from high costs, limited coverage, and delayed response times. As a 

result, there has been a shift towards intelligent video-based fire detection methods that offer faster and 

more scalable solutions. Early video-based fire detection approaches relied heavily on handcrafted 

features, such as color, motion, and texture, to identify fire or smoke in surveillance footage. These 

methods often struggled in real-world scenarios due to varying lighting conditions, complex 

backgrounds, and the unpredictable nature of fire and smoke. The limitations of feature engineering 

prompted researchers to explore more advanced machine learning techniques capable of learning robust 

patterns from data. With the rise of deep learning, Convolutional Neural Networks (CNNs) became a 

popular tool for fire detection tasks. CNNs demonstrated superior performance over traditional methods 

by automatically extracting hierarchical features from input images. Researchers trained CNN models on 
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labeled datasets of fire, smoke, and normal scenes, achieving significant improvements in detection 

accuracy and robustness. However, while CNNs offered powerful classification capabilities, they were 

often limited in real-time detection applications due to their computational complexity. To address the 

real-time constraints of fire detection systems, researchers began to integrate object detection models 

into their pipelines. One of the most notable families of object detection models is the YOLO (You Only 

Look Once) series. YOLO models treat object detection as a regression problem and process the entire 

image in a single pass, making them extremely fast and suitable for real-time applications. This 

advantage made YOLO a natural fit for fire and smoke detection systems. Initial versions of YOLO, 

such as YOLOv3 and YOLOv4, were applied to fire detection with promising results. These models 

offered a balance between speed and accuracy, allowing for detection on live video feeds with minimal 

delay. Researchers adapted these architectures by fine-tuning them on custom datasets containing 

images of fire, smoke, and non-fire scenes. The trained models were then deployed on embedded 

devices and surveillance systems for real-time monitoring. YOLOv5, a significant improvement over its 

predecessors, brought enhanced detection performance, modular design, and lightweight deployment. 

Many studies adopted YOLOv5 for fire and smoke detection, citing its ease of customization and 

compatibility with various hardware platforms. Its ability to detect small objects, such as smoke trails in 

early fire stages, made it particularly useful in wildfire prevention efforts. More recently, the emergence 

of YOLOv8 has introduced further advancements in both accuracy and speed. YOLOv8 incorporates 

several architectural refinements, including better feature aggregation, anchor-free detection, and 

optimized training pipelines. These improvements have made YOLOv8 highly suitable for applications 

requiring precise and fast detection, such as fire and smoke recognition in forested and urban 

environments. In one study, YOLOv8 was used to detect smoke in drone footage, demonstrating its 

capability to identify early signs of fire in vast forest areas. The model was trained on a diverse dataset 

of aerial and ground-level images, allowing it to generalize well across different scenes. Results showed 

that YOLOv8 could effectively detect smoke plumes before flames became visible, enabling faster 

emergency response and reducing potential fire spread. Another notable application of YOLOv8 

involved real-time monitoring of industrial facilities, where fire hazards are prevalent. The system was 

integrated with existing surveillance infrastructure and continuously scanned video streams for signs of 

smoke or fire. Upon detection, alerts were generated automatically, providing facility managers with 

immediate situational awareness and improving overall safety. The combination of YOLOv8 with other 

technologies, such as UAVs (Unmanned Aerial Vehicles) and IoT (Internet of Things) devices, has also 

been explored in recent works. These integrated systems allow for wide-area surveillance and 

autonomous fire detection, especially in remote or difficult-to-access regions. YOLOv8's efficiency 

makes it suitable for onboard processing on UAVs, reducing the reliance on cloud computing and 

ensuring low-latency detection. Transfer learning has played a vital role in adapting YOLOv8 for fire 

detection tasks. By initializing models with pre-trained weights and fine-tuning them on fire-specific 

datasets, researchers have significantly reduced training time and improved detection performance. This 

technique is especially beneficial when working with relatively small datasets, which is common in fire 

detection due to the difficulty of capturing diverse fire scenarios. In addition to YOLO-based models, 

other deep learning architectures such as EfficientDet, RetinaNet, and Faster R-CNN have been 

evaluated for fire detection. While these models offer competitive accuracy, they often fall short in terms 

of inference speed, especially when deployed in resource-constrained environments. This trade-off has 

reinforced YOLOv8's position as a preferred choice for real-time fire detection systems. The availability 
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of annotated fire and smoke datasets has also contributed to the progress in this field. Publicly available 

datasets such as the FireNet dataset, Corsican Fire Database, and datasets curated from YouTube videos 

have enabled standardized evaluation of different models. These datasets include varied conditions, 

backgrounds, and fire intensities, making them suitable for training robust and generalizable models. 

Overall, the body of related work shows a clear trend toward integrating real-time object detection 

frameworks, especially YOLOv8, into fire detection systems. The balance of speed, accuracy, and 

deployment flexibility makes YOLOv8 an ideal solution for addressing the challenges of early fire 

detection in a variety of environments. Continued research in this area is expected to further enhance 

detection capabilities, supporting global efforts in wildfire prevention, environmental protection, and 

public safety. 

 

3. PROPOSED SYSTEM 

The proposed fire and smoke detection system utilizes state-of-the-art deep learning techniques, 

specifically the YOLOv8 (You Only Look Once version 8) architecture, to achieve highly accurate and 

efficient fire detection. The system is implemented in Python, leveraging its extensive libraries and 

frameworks to enable seamless integration and rapid development. To ensure robust performance, the 

system is trained on a diverse and comprehensive dataset consisting of 3,825 images of fire, smoke, and 

normal situations. This extensive dataset enables the model to learn meaningful visual features and 

generalize effectively across a variety of real-world conditions, enhancing both accuracy and reliability. 

Focusing on precision and speed, the proposed system achieves an impressive training accuracy of 

97.00% and validation accuracy of 94.00%. These high accuracy rates reflect the model’s ability to 

accurately distinguish between fire, smoke, and normal instances, providing timely and trustworthy 

detection in critical scenarios. Moreover, YOLOv8’s real-time detection capability makes it particularly 

well-suited for applications requiring immediate response, such as surveillance systems, disaster 

monitoring, and emergency management. Overall, the proposed fire and smoke detection system 

represents a significant advancement in the field. By harnessing the power of YOLOv8 and deep 

learning, it delivers a fast, accurate, and adaptable solution for enhancing safety and security measures in 

various environments, including forests, urban areas, and industrial zones. 

 
Figure 1: System Architecture of the proposed system 

 

3.1 IMPLEMENTATION  

The first step in our forest fire detection project using Convolutional Neural Networks (CNN) involves 

working with the dataset. Gathering relevant data is crucial in building any machine learning system. 

Our dataset was sourced from Kaggle, a widely trusted repository for curated datasets used by 

researchers and developers. The dataset includes 3,825 labeled images distributed across three 

categories: Normal, Fire, and Smoke. This diversity is essential for training a model capable of 

distinguishing between safe and hazardous forest conditions. To develop the system, we used the Python 
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programming language, which offers a wide range of libraries for deep learning and image processing. 

We imported essential libraries such as tensorflow and keras for building the model architecture, sklearn 

for splitting the dataset into training and testing portions, PIL for image processing, and numpy, 

matplotlib, and pandas for numerical and visualization tasks. These libraries provided us with a solid 

foundation to implement and evaluate our model efficiently. Once the environment was ready, we 

moved to retrieving and preparing the image data. The images were loaded from their respective folders 

and then resized to a uniform shape of 128x128 pixels. This resizing is necessary because CNN models 

require input data to be of the same dimension. Each image was also converted to a numpy array and 

normalized so that the pixel values ranged between 0 and 1. This process ensures smoother and faster 

convergence during model training. We then proceeded to split the dataset into training and testing sets. 

For effective model learning and evaluation, we used an 80-20 split: 80% of the data was allocated for 

training and 20% for testing. This split allows the model to learn patterns from a substantial portion of 

the data while preserving a separate set for unbiased evaluation. The randomness in splitting was 

controlled with a seed to ensure reproducibility of results across multiple runs. Instead of using 

traditional CNN or MobileNet, we integrated the more advanced YOLOv8 (You Only Look Once 

Version 8) model, a modern real-time object detection framework known for its speed and accuracy. 

YOLOv8 is capable of detecting and classifying multiple objects in a single image in one forward pass, 

making it highly efficient for fire, smoke, and normal area detection. We slightly modified the 

architecture to tailor it toward classification rather than bounding box prediction, allowing the model to 

distinguish between the three classes effectively. YOLOv8 utilizes a unique architecture that fuses 

convolutional layers with advanced residual connections and attention mechanisms, optimizing feature 

extraction. The model starts by applying convolution layers to detect low-level patterns such as edges 

and textures. As the image passes through successive layers, the model begins to capture more abstract 

and high-level features, like shapes associated with smoke clouds or fire bursts. These hierarchical 

features allow the model to understand complex visual information in the dataset. Between each layer, 

YOLOv8 implements down-sampling using max pooling layers to reduce the spatial dimensions and 

computation complexity. Activation functions like Leaky ReLU are used to introduce non-linearity into 

the system. This enables the model to learn non-linear relationships between input images and output 

classes, which is essential in distinguishing visually similar but contextually different images. Once the 

model was built and configured, we compiled it using an Adam optimizer and a categorical cross-

entropy loss function, suitable for multi-class classification problems. We then trained the model using 

the fit function with a batch size of 25 and for a total of 30 epochs. Throughout the training process, 

accuracy and loss metrics were monitored to ensure the model was learning effectively and not 

overfitting. To visually track the training process, we plotted graphs for both training and validation 

accuracy and loss. These plots clearly depicted how the model’s performance evolved with each epoch. 

The training accuracy consistently increased and stabilized around 97%, while the validation accuracy 

followed a similar trend with slight fluctuations, indicating a well-generalized learning process. Upon 

completion of training, we evaluated the model's performance on the reserved test dataset. This step is 

critical to understand how well the model performs on previously unseen data. The YOLOv8-based 

model achieved an impressive accuracy of 94% on the test set. This high level of accuracy demonstrates 

the effectiveness of the chosen architecture and preprocessing techniques in identifying fire and smoke. 

The high test accuracy also indicates the model’s capability to generalize its learning and not just 

memorize the training examples. False positives and false negatives were minimal, and confusion matrix 
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results showed strong performance across all three classes. This makes the system reliable for real-world 

deployment, especially in early forest fire detection systems where every second counts. After 

confirming the model's effectiveness, we moved on to saving the trained model. This step ensures that 

the model does not need to be retrained each time it is used. We utilized the pickle module to serialize 

the model and save it as an .h5 file, which is the standard format used for storing Keras models. This file 

includes the architecture, weights, and optimizer configuration, making it easy to load and reuse in 

deployment environments. By saving the model, we also enabled scalability, allowing this trained model 

to be integrated into cloud-based or edge computing solutions for real-time forest monitoring. The 

modular architecture of our system ensures that future improvements in dataset quality or detection 

techniques can be easily integrated without rebuilding the system from scratch. Overall, this project 

demonstrates a practical and efficient implementation of a YOLOv8-based CNN system for forest fire 

detection. By combining robust data handling, advanced neural network architecture, and thoughtful 

preprocessing, we created a highly accurate model that can play a vital role in disaster prevention and 

environmental monitoring systems. 

 

4. RESULTS AND DISCUSSION 

The results of our forest fire detection project using the YOLOv8 model were highly promising, 

achieving a training accuracy of 97% and a test accuracy of 94%, demonstrating the model’s strong 

ability to generalize to unseen data. The minimal difference between training and testing performance 

indicates that the model did not overfit and effectively learned distinguishing features between fire, 

smoke, and normal conditions. The use of YOLOv8 provided efficient real-time classification, thanks to 

its optimized architecture and deep feature extraction capabilities. Visualizations of the accuracy and 

loss over epochs showed steady improvements and convergence, confirming the stability of the training 

process. These outcomes highlight the model’s potential for real-world deployment in early forest fire 

detection systems, where accurate and rapid classification is critical to prevent environmental disasters. 

 

PREDICTION: 

This is page show the prediction result. 

 
Prediction Result 

 

PERFORMANCE ANALYSIS 
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This  model has an accuracy of 96.30%, a precision of 85.63%, a recall of 98.04%, and an F1-score of 

91.57%. 

 

5. CONCLUSION 

In conclusion, the forest fire detection system developed using the YOLOv8 model proved to be highly 

effective in accurately classifying images into fire, smoke, and normal categories. By leveraging a well-

structured dataset, advanced preprocessing techniques, and a powerful deep learning architecture, the 

model achieved high accuracy and demonstrated strong generalization on unseen data. The successful 

implementation and performance of this system highlight its potential for real-time applications in forest 

monitoring and disaster management, offering a proactive solution to detect and respond to fire hazards 

efficiently and reliably. 
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