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ABSTRACT

This project introduces an advanced method for detecting flames and smoke using the YOLOv10 algorithm, aimed at
improving fire detection systems for enhanced safety and prevention. The proposed system incorporates significant
advancements to address challenges such as cluttered backgrounds, low visibility, varying fire intensities, and
overlapping objects. By leveraging an enhanced feature extraction mechanism, the system captures finer details of
flames and smoke. It also includes a sophisticated attention mechanism to prioritize critical fire-related areas in an
image while suppressing irrelevant background information. To further enhance detection accuracy, the system uses an
improved bounding box regression method, ensuring precise localization of flames and smoke, even in dense or
challenging environments. These improvements make the system more robust, adaptable, and capable of handling
high-resolution images and videos efficiently. Experimental results demonstrate that the YOLOv10-based system
significantly outperforms previous methods, such as YOLOVSs, in terms of precision, recall, and mean average
precision (mAP). Additionally, the system processes data in real-time, making it suitable for large-scale applications in
industries, public spaces, and residential areas. By ensuring early and reliable detection of flames and smoke, the
proposed system offers a practical solution for improving fire safety and prevention measures.

CHAPTER-1

INTRODUCTION

1.Introduction :

The growing need for effective fire detection systems has become increasingly important as fires pose significant
threats to both human life and property. Traditional fire detection systems, such as smoke alarms and heat detectors,
have limitations in detecting flames and smoke in complex or large-scale environments, especially under varying
visibility and fire intensity conditions. This project introduces an advanced fire detection system based on the
YOLOVI10 (You Only Look Once) algorithm, which leverages state-of-the-art deep learning techniques to enhance the
detection and localization of flames and smoke in real-time.
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YOLOV10 has been chosen as the backbone for this system due to its ability to detect multiple objects within an image
simultaneously, with high accuracy and speed, making it ideal for dynamic, real-world applications. The system uses
enhanced feature extraction, an attention mechanism, and an improved bounding box regression method to address
challenges such as cluttered backgrounds, overlapping objects, and varying fire conditions. These improvements
ensure that the system can reliably detect flames and smoke even in complex, low-visibility, or densely packed
environments. The proposed system not only provides accurate fire detection but also offers real-time processing,
which is essential for immediate alerts in case of a fire outbreak. With applications spanning industrial plants, public
spaces, residential areas, and even large-scale forests, this system aims to provide enhanced fire safety and prevention.
The project's primary goal is to develop a robust, scalable, and efficient fire detection solution that can significantly
reduce the risk of fire-related damages and save lives by enabling quicker responses to fire incidents. the proposed
system also incorporates advanced machine learning techniques such as transfer learning and hyperparameter
optimization to further enhance its accuracy and efficiency. By fine-tuning a pre-trained YOLOv10 model, the system
can adapt to the specific challenges of flame and smoke detection, even with a relatively smaller dataset. The use of
data augmentation techniques also ensures that the model remains robust under various environmental conditions, such
as changing lighting, weather, or backgrounds. These enhancements not only improve detection performance but also
make the system highly adaptable and scalable, allowing it to be deployed in diverse settings ranging from small
residential areas to large industrial complexes. Ultimately, the goal of this project is to create a comprehensive,
adaptable, and reliable fire detection system that provides both accuracy and speed, ensuring that fire incidents are
detected early and mitigating the risks associated with late fire detection.

1.2 SCOPE OF THE PROJECT

The scope of this project revolves around enhancing the accuracy, reliability, and efficiency of flame and smoke
detection through the YOLOvI10 algorithm. The system is designed for real-time processing, enabling the early
detection of fire hazards in environments such as industrial facilities, residential areas, public spaces, and forests. By
addressing challenges such as cluttered backgrounds, low visibility, varying fire intensities, and overlapping objects,
the proposed system ensures high detection performance even in complex conditions. The integration of advanced
feature extraction and attention mechanisms allows the system to focus on critical fire-related areas while minimizing
background noise. Additionally, the system's improved bounding box regression method ensures precise localization
of flames and smoke, even in dense or challenging environments. This makes the system adaptable for large-scale
applications, including smart city infrastructure and industrial safety. The scope of this project extends to improving
fire safety measures by providing early, reliable detection, enabling quicker responses to prevent fire spread, reduce
damage, and save lives. Moreover, the system can be further integrated with other safety systems like automated fire
suppression or emergency response mechanisms. Ultimately, the project aims to offer a robust, scalable solution that
enhances fire detection capabilities and contributes to enhanced fire safety across various sectors.

1.3 OBJECTIVE

The objective of this project is to develop an advanced fire detection system that utilizes the YOLOv10 algorithm to
accurately detect and localize flames and smoke in real-time. The system aims to enhance detection performance by
incorporating advanced techniques such as improved feature extraction, attention mechanisms, and enhanced bounding
box regression methods to address challenges like cluttered backgrounds, varying fire intensities, and overlapping
objects. Additionally, the project focuses on making the system robust enough to function effectively in complex
environments with low visibility or dense surroundings. Through the use of transfer learning and data augmentation,
the system will be optimized for real-time applications, ensuring fast and reliable detection. The goal is to create a
scalable and adaptable solution that can be deployed in diverse settings, such as industrial plants, residential areas,
public spaces, and wildfire management. Ultimately, the project seeks to improve fire safety by providing early and
accurate fire detection, enabling quicker responses to prevent fire-related damages and saving lives.
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1.1 EXISTING SYSTEM:

The existing system in this project utilizes the YOLOvS5s algorithm for detecting flames and smoke in images and
videos. YOLOVS5s is a widely used and efficient object detection model known for its high speed and accuracy in real-
time applications. In the context of fire detection, YOLOVS5s is capable of detecting various objects in the scene,
including flames and smoke, and localizing them within the image by drawing bounding boxes around them.

The existing system leverages YOLOvSs' ability to detect and classify objects in a single forward pass, making it
suitable for applications that require real-time fire detection, such as surveillance systems in industries, residential
areas, and public spaces. It uses a standard feature extraction process, relying on the model's pre-trained weights to
perform object detection. YOLOVSs is capable of handling complex environments, but it may struggle with certain
challenges, such as cluttered backgrounds, varying fire intensities, and low visibility, which can reduce its accuracy in
detecting flames and smoke.

In terms of performance, YOLOVS5s is relatively fast and efficient, but the system could face limitations when dealing
with dense or challenging environments where objects overlap or when the fire or smoke is not clearly visible. Despite
these challenges, YOLOv5s provides a solid foundation for fire detection applications, offering a good balance of
speed and accuracy. However, the need for more advanced techniques to improve detection performance in complex
real-world conditions led to the proposal of YOLOv10 as an enhancement to address these limitations and improve
overall detection accuracy and reliability.

1.4.1 EXISTINGSYSTEM DISADVANTAGES:
> Lower Detection Accuracy: YOLOvSs may miss smaller or partially obscured flames and smoke,
leading to false negatives, whereas YOLOvV10 provides higher precision in complex environments.
> Limited Feature Extraction: YOLOvVSs struggles with capturing fine details of flames and smoke,
while YOLOV10 enhances feature extraction for better detection in cluttered scenarios.
> Inability to Prioritize Critical Features: YOLOvSs processes the entire image equally, while
YOLOV10 uses an attention mechanism to focus on fire-related areas, improving accuracy.
> Bounding Box Regression Limitations: YOLOvSs may provide less accurate bounding box
localization, whereas YOLOv10's improved method ensures better detection, even in dense environments.
> Performance in Dense Environments: YOLOvSs may fail in detecting flames and smoke in crowded
or obstructed scenes, while YOLOv10 excels in these situations.
> Real-Time Detection Limitations: YOLOvSs may struggle with high-resolution images in real-time,
whereas YOLOV10 is optimized for faster processing and real-time detection.

1.5 LITERATURE SURVEY
Title: Enhancing geometric factors in model learning and inference for object detection and instance segmentation
Author: Z. Zheng, P. Wang, D. Ren, W. Liu, R. Ye, Q. Hu, and W. Zuo,

Year: 2022.

Description: The paper titled "Enhancing geometric factors in model learning and inference for object detection and
instance segmentation" by Z. Zheng, P. Wang, D. Ren, W. Liu, R. Ye, Q. Hu, and W. Zuo, published in the IEEE
Transactions on Cybernetics (Aug. 2022), explores the incorporation of geometric factors into the learning and
inference processes of object detection and instance segmentation models. The authors address the challenge of
improving the performance of object detection and segmentation models by considering geometric factors such as the
spatial relationships and shapes of objects. Traditional object detection models, while successful, often fail to account
for the rich geometric information inherent in the objects themselves, which can lead to inaccuracies in localizing or
segmenting objects, especially in complex or cluttered scenes. To overcome this, the paper proposes new methods for
incorporating geometric factors into both model learning and inference. The authors argue that by explicitly modeling
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and leveraging geometric cues such as object shape, orientation, and relative positioning, the detection and
segmentation models can achieve better accuracy, particularly in scenarios where objects exhibit complex or unusual
geometries. The paper demonstrates how these geometric factors enhance the feature extraction process and contribute
to more precise bounding box predictions and better segmentation results. In the context of instance segmentation,
where it is crucial to distinguish between different object instances even when they are close to or overlapping with
each other, geometric information plays a significant role in ensuring that boundaries are correctly identified. This
methodology can be applied to various real-world scenarios, including autonomous driving, robotics, and video
surveillance, where accurate object detection and segmentation are critical.

Title: CSPNet: A new backbone that can enhance learning capability of CNN
Author: C.-Y. Wang, H.-Y. Mark Liao, Y.-H. Wu, P.-Y. Chen, J.-W. Hsieh, and I.-H. Yeh
Year: 2020.

Description: The paper titled "CSPNet: A new backbone that can enhance the learning capability of CNN" by C.-Y.
Wang, H.-Y. Mark Liao, Y.-H. Wu, P.-Y. Chen, J.-W. Hsieh, and [.-H. Yeh, published in the Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition Workshops (CVPRW), June 2020, introduces a
novel convolutional neural network (CNN) backbone known as CSPNet (Cross-Stage Partial Network). The main
contribution of this paper is the introduction of CSPNet, which enhances the learning capability of CNNs, specifically
improving their efficiency in deep network architectures. Traditionally, as CNN architectures become deeper, the
models face challenges in terms of gradient flow, optimization, and learning efficiency. These problems can lead to
slower convergence during training and sometimes poorer overall performance on tasks like image classification,
detection, and segmentation. CSPNet aims to address these issues by introducing a cross-stage partial network
strategy. Instead of utilizing a single stage for feature extraction, it divides the feature maps into multiple groups, with
some being passed through and others being processed in a partial manner before merging again. This helps the
network focus on important features while avoiding unnecessary computations that may contribute to overfitting or
inefficiencies. By splitting the computation across different stages, CSPNet allows for more efficient training and
better gradient propagation, which enhances learning in deeper networks. In terms of model performance, CSPNet
outperforms traditional CNN architectures by reducing the computational complexity while maintaining or improving
accuracy. The model achieves a balance between efficiency and performance, making it particularly suited for real-
time applications or scenarios where computational resources are limited.

Title: Coordinate attention for efficient mobile network design
Author: Q. Hou, D. Zhou, and J. Feng
Year: 2021.

Description: The paper titled "Coordinate Attention for Efficient Mobile Network Design" by Q. Hou, D. Zhou, and J.
Feng, presented at the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), June 2021,
introduces a novel attention mechanism known as Coordinate Attention (CA) to improve the efficiency and
performance of mobile networks, particularly in the context of mobile device usage. The main objective of this work is
to design an efficient attention mechanism for mobile networks that can strike a balance between computational
efficiency and performance. Mobile networks often face resource constraints such as limited computation power,
memory, and bandwidth, making it challenging to deploy large-scale models on such devices. Therefore, there is a
need for lightweight and efficient models that can perform well on mobile devices while keeping resource
consumption in check. The Coordinate Attention mechanism proposed in this paper targets spatial and channel
information by leveraging the coordinate system of feature maps. Traditional attention mechanisms, such as the
Channel Attention (CA) or Spatial Attention (SA), focus on either spatial or channel-wise attention but often miss
capturing the dependencies across both dimensions efficiently. The Coordinate Attention mechanism integrates both
spatial and channel dependencies by incorporating the coordinate system of feature maps into the attention process. It
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reduces computational costs by using an efficient strategy for computing attention, which is crucial for mobile
networks. Coordinate Attention works by splitting the input feature maps into two key components: one that handles
spatial information and another that captures channel-wise dependencies. These components are then fused through an
efficient coordinate-based attention mechanism, allowing the model to focus on the most relevant features while
remaining computationally efficient.

Title: Multi-temporal dependency handling in video smoke recognition: A holistic approach spanning spatial, short-
term, and long-term perspectives

Author: F. Yang, Q. Xue, Y. Cao, X. Li, W. Zhang, and G. Li
Year: 2024

Description: The paper titled "Multi-temporal Dependency Handling in Video Smoke Recognition: A Holistic
Approach Spanning Spatial, Short-term, and Long-term Perspectives" by F. Yang, Q. Xue, Y. Cao, X. Li, W. Zhang,
and G. Li, published in Expert Systems with Applications (July 2024), presents an innovative approach for video-
based smoke recognition by addressing the challenge of handling multi-temporal dependencies. The paper focuses on
improving the recognition of smoke in video sequences, where smoke can exhibit complex and dynamic behaviors
over time. Traditional methods for smoke recognition often struggle to handle the temporal dependencies present in
videos, particularly when the smoke is in motion, appears intermittently, or is influenced by various environmental
factors. This research proposes a holistic approach that spans spatial, short-term, and long-term temporal dependencies
to enhance the accuracy and robustness of smoke detection in video streams.

The core idea of the approach is to integrate spatial information (the appearance of smoke at different locations in the
video frame), short-term temporal dependencies (the immediate transitions from one frame to the next), and long-term
temporal dependencies (the overall progression of smoke over extended periods). By combining these three
perspectives, the model is better equipped to understand the evolving characteristics of smoke in videos, leading to
more reliable and precise detection.

To address these dependencies, the authors introduce a novel framework that effectively combines convolutional
neural networks (CNNs) for spatial feature extraction and recurrent neural networks (RNNs) for temporal modeling.
The short-term dependencies are captured using RNNs that process adjacent video frames, while long-term
dependencies are managed by integrating memory-based mechanisms to maintain context over extended video
segments. This multi-level approach allows the model to capture both the local motion of smoke and its larger-scale
temporal changes over time.

Title: Improved fire detection by YOLOvV8 and YOLOVS to enhance fire safety,
Author: M. N. Uddin, M. Sakibul Islam Sakib, S. Nawer, and R. T. Mohona
Year: 2023.

Description: The paper titled "Improved Fire Detection by YOLOvVS and YOLOVS to Enhance Fire Safety" by M. N.
Uddin, M. Sakibul Islam Sakib, S. Nawer, and R. T. Mohona, presented at the 26th International Conference on
Computer and Information Technology (ICCIT) in December 2023, explores the enhancement of fire detection
systems through the use of advanced object detection algorithms, specifically YOLOvS8 and YOLOVS.

In this work, the authors aim to improve the accuracy and efficiency of fire detection systems, which play a crucial
role in fire safety applications, especially in industrial, commercial, and residential environments. The detection of fire
in real-time is vital for initiating prompt emergency responses and minimizing potential damages. The paper compares
the performance of two popular versions of the YOLO (You Only Look Once) algorithm—YOLOv8 and YOLOvS5—
focusing on how they can be applied to the detection of fire in images and videos.
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The paper highlights that fire detection often faces challenges such as false positives, difficulty in distinguishing fire
from other similar-looking phenomena (like smoke or light reflections), and varying fire intensities across different
environments. YOLO-based models, known for their real-time object detection capabilities, are applied in this study to
address these challenges. YOLOVS, which is widely used for object detection tasks, provides a robust baseline for
comparison. YOLOVS, being a more recent iteration, includes improved feature extraction, better handling of small
objects, and enhanced performance in detecting objects in diverse and cluttered backgrounds, making it particularly
suitable for fire detection tasks.

1.6 PROPOSED SYSTEM

The proposed system introduces the YOLOv10 algorithm for enhanced flame and smoke detection in images and
videos. YOLOV10 is an advanced version of the YOLO series, designed to improve upon its predecessors by
incorporating several innovative techniques that address the limitations of previous models like YOLOvSs. This
system is specifically designed to handle complex environments with cluttered backgrounds, varying fire intensities,
and low visibility, which are common challenges in fire detection scenarios. One of the key improvements in the
proposed system is the integration of an enhanced feature extraction mechanism that captures finer details of flames
and smoke, improving detection accuracy. Additionally, a sophisticated attention mechanism is employed, which
prioritizes critical areas of an image that are likely to contain flames or smoke, while suppressing irrelevant
background information. This mechanism ensures that the model focuses on the most important features, improving
both speed and precision.

Another notable advancement is the use of an improved bounding box regression method, which ensures more precise
localization of flames and smoke, even in dense or challenging environments. The system can accurately identify and
localize fire-related objects in images, even when multiple objects overlap or when flames and smoke are partially
obscured. The proposed YOLOv10-based system is also designed for real-time detection, which is essential for fire
safety applications. By processing high-resolution images and videos quickly and efficiently, the system can provide
immediate alerts to users in various settings, such as industrial plants, public spaces, or residential areas. The system is
robust and adaptable, capable of working in diverse conditions, including varying light levels, environmental factors,
and different fire intensities.

Overall, the proposed system outperforms the existing YOLOvS5s algorithm in terms of precision, recall, and mean
average precision (mAP), making it a significant improvement for real-time fire detection. It represents a more reliable
and adaptable solution for enhancing fire safety and prevention measures across multiple environments.

1.6.1 PROPOSED SYSTEM ADVANTAGES:
> Higher Detection Accuracy: YOLOv10 offers improved accuracy, effectively detecting flames and
smoke, even in challenging environments with low visibility or partial obstructions.
> Enhanced Feature Extraction: YOLOV10 captures finer details of flames and smoke, improving its
ability to detect fire-related objects in cluttered and dynamic settings.
> Advanced Attention Mechanism: YOLOv10 prioritizes fire-related regions, ensuring faster and more
accurate detection by suppressing irrelevant background information.
> Improved Bounding Box Localization: YOLOv10's enhanced bounding box regression method
ensures more precise localization of flames and smoke, even in dense or overlapping environments.
> Better Performance in Dense Environments: YOLOv10 excels in detecting flames and smoke in
complex, object-rich environments, where YOLOvSs may struggle.
> Optimized Real-Time Detection: YOLOvV10 processes high-resolution images more efficiently,
ensuring faster real-time detection suitable for large-scale applications in fire safety.
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CHAPTER 2
PROJECT DESCRIPTION
2.1 GENERAL:

This project focuses on developing an advanced fire detection system using the YOLOvV10 (You Only Look Once)
algorithm to accurately detect flames and smoke in real-time. The primary aim is to address the challenges faced by
traditional fire detection systems, such as their inability to handle complex environments, low visibility, and varying
fire intensities. The YOLOv10 algorithm has been selected due to its capability to detect multiple objects in images or
video streams simultaneously, with high accuracy and speed, making it well-suited for real-time fire detection.

The system is designed to identify and localize flames and smoke by incorporating advanced techniques such as
enhanced feature extraction, an attention mechanism to focus on critical fire-related areas, and an improved bounding
box regression method to ensure precise localization. The integration of transfer learning allows the model to leverage
pre-trained knowledge and adapt it for fire detection, even with a smaller dataset, while data augmentation techniques
improve the system's robustness under various environmental conditions.

The system's primary goal is to provide early, reliable detection of fires, reducing the risk of damage to property and
loss of life. It is intended for use in diverse environments, including industrial plants, residential areas, public spaces,
and even large-scale outdoor areas like forests. With real-time processing capabilities, the system ensures quick alerts,
allowing for rapid response to fire incidents. The project aims to create a scalable, efficient, and adaptive fire detection
solution that enhances fire safety and prevention measures in various contexts.

2.2 METHODOLOGIES

2.2.1IMODULES NAME:

Modules Name:
> Object Detection Engine
Model Adaptation through Pre-trained Networks
Performance Tuning Module
Data Expansion and Augmentation
Model Training and Validation
Real-time Fire & Smoke Detection and Localization

YVVVVVY

Performance Evaluation and Monitoring:

2.2.2 MODULES EXPLANATION:

1) Object Detection Engine:

This module forms the backbone of the system and is responsible for detecting and locating flames and smoke within
images and video streams. Using the advanced YOLOv10 architecture, this engine classifies the objects and
determines their exact position in the image. The ability to detect multiple objects simultaneously, combined with its
high speed, makes this module ideal for real-time fire detection applications, ensuring that hazardous situations are
identified promptly.

2) Model Adaptation through Pre-trained Networks:

This module utilizes transfer learning to enhance the model's performance by leveraging pre-trained networks. The
system starts with a pre-trained YOLOv10 model, which has been trained on large, general datasets. It then fine-tunes
the model using a smaller, domain-specific fire dataset, enabling the system to learn fire-specific features efficiently.
This approach minimizes the need for large amounts of labeled data and accelerates the training process.
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3) Performance Tuning Module:

This module is focused on fine-tuning the model's hyperparameters for optimal performance. Key parameters such as
learning rate, batch size, and number of epochs are adjusted to ensure that the model converges quickly and accurately.
Optimizing these settings improves the detection precision and ensures that the system can work effectively in diverse
conditions, adapting to different types of fire events.

4) Data Expansion and Augmentation:

The data augmentation module is used to artificially increase the size of the training dataset by applying various
transformations like rotation, flipping, scaling, and adjustments in lighting or contrast. This process helps the system to
become more robust, enabling it to generalize well to new and unseen conditions. By simulating different real-world
scenarios, this module ensures that the fire detection system remains effective in varied environments.

5) Model Training and Validation:
This module is responsible for the process of training the fire detection model on labeled datasets and validating its
performance on separate test data. The model learns to recognize and classify fire-related features based on the
training data. During the validation phase, the model's ability to generalize to new data is assessed, helping ensure that
it is not overfitting and can detect fires effectively in real-world conditions.

6) Real-time Fire & Smoke Detection and Localization:

Once trained, this module allows the system to detect flames and smoke in real time. It processes incoming video or
image streams and immediately identifies the presence of fire-related hazards. Additionally, it outputs the location of
these hazards within the image or video frame, helping emergency response teams or automated systems to react
swiftly and accurately in the event of a fire.

7) Performance Evaluation and Monitoring:

The evaluation module focuses on assessing the effectiveness of the fire detection system using standard metrics
such as accuracy, precision, recall, and F1-score. It ensures that the system is performing as expected and provides
insights into areas for improvement. This module also tracks the system’s ability to handle large-scale data in real-
time, making sure that it remains efficient and scalable in production environments.

2.3 TECHNIQUE USED OR ALGORITHM USED
2.3.1 EXISTING TECHNIQUE: -

> YOLOVSs

The existing algorithm in this project is YOLOVSs, which is a version of the YOLO (You Only Look Once) model
designed for real-time object detection. YOLOvVSs is known for its ability to perform both classification and
localization in a single forward pass, making it highly efficient and fast. It divides an image into a grid and predicts
bounding boxes for each object present, along with the corresponding class probabilities for each grid cell. The model
uses convolutional layers to extract features at different levels of abstraction, which are then passed through the
detection head for object localization and classification. YOLOVSs is optimized for speed, making it a popular choice
for real-time applications such as surveillance and industrial monitoring.

However, while YOLOVS5s is effective in general object detection tasks, it has limitations when applied to more
specialized and complex problems such as fire detection. In cluttered environments or scenarios with low visibility,
such as during smoke detection or in images with varying fire intensities, YOLOvSs may struggle to distinguish subtle
features, like faint flames or light smoke. This is due to its architecture, which is more focused on processing speed
than on high-resolution or detailed feature extraction. Additionally, YOLOv5s lacks an attention mechanism, meaning
it cannot emphasize critical regions in an image, leading to lower detection accuracy in situations where the fire or
smoke is small, distant, or partially obscured. Another limitation is its reliance on anchor boxes, which may not always
capture the right aspect ratios for irregularly shaped fire and smoke objects, leading to errors in bounding box
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predictions. These factors limit YOLOVSs' performance in detecting flames and smoke under challenging real-world
conditions, necessitating the adoption of more advanced methods such as YOLOv10, which can address these
challenges more effectively.

2.3.2 PROPOSED TECHNIQUE USED OR ALGORITHM USED:
> YOLOV10:

The proposed algorithm in this project is YOLOv10, an advanced version of the YOLO (You Only Look Once) model
that enhances the performance of object detection tasks, particularly in fire and smoke detection. YOLOvV10 introduces
several improvements over previous versions, particularly YOLOvS5s, which make it more effective for specialized
tasks like detecting flames and smoke in challenging environments. One of the key improvements is the inclusion of
an enhanced feature extraction mechanism that captures finer details of flames and smoke, which are often difficult to
detect due to their small size, subtle appearance, or varying intensity. This enables the model to distinguish between
fire and smoke, even in cluttered or low-visibility conditions.

Another significant enhancement in YOLOvVI10 is the integration of a sophisticated attention mechanism. This
mechanism allows the model to focus on critical areas of an image that are more likely to contain flames or smoke,
while suppressing irrelevant background information. This selective attention helps to reduce the impact of noisy or
cluttered backgrounds and improves the accuracy of detection, particularly in environments with overlapping objects
or other distractions. Additionally, YOLOv10 uses an improved bounding box regression method, which ensures more
precise localization of flames and smoke, even when they appear in dense or difficult-to-interpret images.

Furthermore, YOLOV10 is designed to handle high-resolution images and videos more efficiently, making it well-
suited for real-time detection in large-scale applications, such as fire safety monitoring in industrial sites, residential
areas, or public spaces. With these advancements, YOLOv10 is more robust and adaptable to varied environmental
conditions compared to its predecessors. It also outperforms older models, like YOLOVSs, in terms of precision, recall,
and mean average precision (mAP), making it an ideal choice for accurate, real-time fire and smoke detection.

CHAPTER 3
REQUIREMENTS ENGINEERING
3.1 GENERAL

We can see from the results that on each database, the error rates are very low due to the discriminatory power of
features and the regression capabilities of classifiers. Comparing the highest accuracies (corresponding to the lowest
error rates) to those of previous works, our results are very competitive.

3.2 HARDWARE REQUIREMENTS

The hardware requirements may serve as the basis for a contract for the implementation of the system and
should therefore be a complete and consistent specification of the whole system. They are used by software engineers
as the starting point for the system design. It should what the system do and not how it should be implemented.

¢ PROCESSOR : DUAL CORE 2 DUOS.
e RAM : 4GB DD RAM
e HARD DISK : 250 GB
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3.3 SOFTWARE REQUIREMENTS

The software requirements document is the specification of the system. It should include both a definition and a
specification of requirements. It is a set of what the system should do rather than how it should do it. The software
requirements provide a basis for creating the software requirements specification. It is useful in estimating cost,
planning team activities, performing tasks and tracking the teams and tracking the team’s progress throughout the
development activity.

e Operating System : Windows 7/8/10
¢ Platform : Anaconda

e Programming Language : Python

¢ Front End : VS code

3.4 FUNCTIONAL REQUIREMENTS

A functional requirement defines a function of a software-system or its component. A function is described as a set of
inputs, the behavior, Firstly, the system is the first that achieves the standard notion of semantic security for data
confidentiality in attribute-based deduplication systems by resorting to the hybrid cloud architecture.

3.5 NON-FUNCTIONAL REQUIREMENTS

The major non-functional Requirements of the system are as follows

Usability

The system is designed with completely automated process hence there is no or less user intervention.
Reliability

The system is more reliable because of the qualities that are inherited from the chosen platform python. The code built
by using python is more reliable.

Performance

This system is developing in the high level languages and using the advanced back-end technologies it will give
response to the end user on client system with in very less time.

Supportability

The system is designed to be the cross platform supportable. The system is supported on a wide range of hardware and
any software platform, which is built into the system.

Implementation

The system is implemented in web environment using Jupyter notebook software. The server is used as the intellignce
server and windows 10 professional is used as the platform. Interface the user interface is based on Jupyter notebook
provides server system.
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CHAPTER 4
DESIGN ENGINEERING
4.1 GENERAL

Design Engineering deals with the various UML [Unified Modelling language] diagrams for the implementation of
project. Design is a meaningful engineering representation of a thing that is to be built. Software design is a process
through which the requirements are translated into representation of the software. Design is the place where quality is
rendered in software engineering.

4.2 UML DIAGRAMS

4.2.1 USE CASE DIAGRAM

:

Register and Login

U

Upload Image/Video

U

Detect Fire/Smoke from Upload

-

View Detection Result

N%

Start Live Video Detection

System

Start OpenCam Detedion

>

igger Alarm (if fire/smoke in
webcam)

View.Performance Metrics

EXPLANATION:

The main purpose of a use case diagram is to show what system functions are performed for which actor. Roles of the
actors in the system can be depicted. The above diagram consists of user as actor. Each will play a certain role to
achieve the concept.

© 2026, IJSREM | https://ijsrem.com DOI: 10.55041/IJSREM57720 | Page 11


https://ijsrem.com/

£ 2%

e b
§ IISREM . . . . . .
<« b7 International Journal of Scientific Research in Engineering and Management (IJSREM)
W Volume: 10 Issue: 03 | March - 2026 SJIF Rating: 8.659 ISSN: 2582-3930

4.2.2 CLASS DIAGRAM

User
UploadManager
&username
&password %;llpélutaded_ﬁle
&session_id _type
@
Yog process_file()
$|§gnn£t}|:} | %detect_objects()
.-"] %display_results()
LiveDetectionhanager
_%stream_snurce
@detectinn_siatus
®start_stream()
%stop_stream()
*detect_nbjects_liveﬂ
Strigger_alam()
YOLODetector .
&model_path
&sconfidence_threshold < PerfomanceAnalyzer
_‘%precisinn
:mad_modem recall
predici() DatasetVisualizer EE
annotate_results() :
Spdataset_ino ®save_generated plots()
Spplot_type ®show_metrics()

%load_dataset_stats()
®render_chart()

EXPLANATION

In this class diagram represents how the classes with attributes and methods are linked together to perform the
verification with security. From the above diagram shown the various classes involved in our project.
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4.2.3 OBJECT DIAGRAM

User UploadManager LiveDetectionManager
YOLODetector DatasetVisualizer S B
EXPLANATION:

In the above digram tells about the flow of objects between the classes. It is a diagram that shows a complete or partial
view of the structure of a modeled system. In this object diagram represents how the classes with attributes and
methods are linked together to perform the verification with security.

4.2.4 STATE DIAGRAM

User Registers/Login

|

[Session Created (Tempora ry)Statelj

Image/Video Uploaded

Detection Performed

|

[Live Video/Webcam Sta rted]

[Fire/Smoke Detected (Alarm ONﬂ

View Performance/Charts
User Logs Out

:
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EXPLANATION:

State diagram are a loosely defined diagram to show workflows of stepwise activities and actions, with support for
choice, iteration and concurrency. State diagrams require that the system described is composed of a finite number of
states; sometimes, this is indeed the case, while at other times this is a reasonable abstraction. Many forms of state
diagrams exist, which differ slightly and have different semantics.

4.2.5 ACTIVITY DIAGRAM

[User Registers/Logir}

[Session Created (Temporary)Stateﬂ

[Image/\ﬁdeo Uploadeﬂ

Detection Performed

!

E_ive Video/Webcam Sta rteﬂ

E:ire/Smoke Detected (Alarm ONﬂ

J

[\ﬁew Performance/Chartﬂ

User Logs Out

EXPLANATION:

Activity diagrams are graphical representations of workflows of stepwise activities and actions with support for
choice, iteration and concurrency. In the Unified Modeling Language, activity diagrams can be used to describe the
business and operational step-by-step workflows of components in a system. An activity diagram shows the overall
flow of control.
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4.2.6 SEQUENCE DIAGRAM
User Login/Register Session Upload LiveDetection YoloDetector AlamSystem View
Manager Manager Manager Performances/Charts

' L
1: Click to Regiter/Login :

2:L'JF'r0\-'ide Valid Details to Register/Login then creates Session

3: Create Sessionthmugh'details

H

4: User can upload image or video to make detections

H 5:Process the files and n'ial-ce detections on tjhe file

J

!B Displaythuse-detectinnstuthe usenimage/Video)

i?: Usercan upload: avden for live videi: streaming orli\.'e:webcam deteu:ticunsi

(N T R R

8: Make live stream detections

|

10 Show the live detections with alarm

9: Activate alarm if any detectios

¢ 11: User can check for performance and visualizations

12 Ijisplay the charts énd plots on dataset iand metrics respecitiuely

EXPLANATION:

A sequence diagram in Unified Modeling Language (UML) is a kind of interaction diagram that shows how processes

operate with one another and in what order. It is a construct of a Message Sequence Chart. A sequence diagram shows
object interactions arranged in time sequence. It depicts the objects and classes involved in the scenario and the

sequence of messages exchanged between the objects needed to carry out the functionality of the scenario.
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4.2.7 COLLABORATION DIAGRAM

¥ Cack to Regtast.ogn 2-Smude Vald Detalsto Regater/logn han creates Session

I —iy [
2 | LeanBs | m— —
Uszes . e r — — — — —_— | Sesson
A ¥ Maragee
- o) y
12 Disgiay e chans and phats on dataset and Metecs mepsctivly

\ 4 User can upload imags or wiko 1o make detsctions
11 User can chack for pafoimancs and vausizaion
\ 3 Cxam smsion theughdeiils

| View 10 Show the five dstectons with alsm | -
PadumancasC | / /
Pactumancus )-.,n? | L 2 — e
7: Usercan uploxd 2awde &r live wdea Rroaming ot ive webcam detecions 1 Upioad
. Managa

|

/ A
& Desplay those detections to the eserimage/\Video)
I\

Naﬁ.

5 Frocess P s and maks datections on the fis

e \ ; LeaDiatsaction
Idanag
9 Acavate aarm § any detectios \ . o g i

B Make b syaam datectons

EXPLANATION:

A collaboration diagram, also called a communication diagram or interaction diagram, is an illustration of the
relationships and interactions among software objects in the Unified Modeling Language (UML). The concept is more
than a decade old although it has been refined as modeling paradigms have evolved.

4.2.8 COMPONENT DIAGRAM

User Web Interface >
( Flask) T

Media
Processor

% Yolo Model
Session - V - Alarm
Manager |< — E'r‘::igstecnon e System

EXPLANATION

In the Unified Modeling Language, a component diagram depicts how components are wired together to form larger
components and or software systems. They are used to illustrate the structure of arbitrarily complex systems. User
gives main query and it converted into sub queries and sends through data dissemination to data aggregators. Results
are to be showed to user by data aggregators. All boxes are components and arrow indicates dependencies.
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4.2.9 DATA FLOW DIAGRAM

Level 0

Video/l Fire Detection {Fire/Smoke Detection
Input System Detected) Results

Level 1

Preprocessing

Image/Video Store

Object Detection
(YOoLOv10

Detm://s Fire/Smoke

Detection Result
Generation

Fig 4.9: Data Flow Diagrams
EXPLANATION:

A data flow diagram (DFD) is a graphical representation of the "flow" of data through an information system,
modeling its process aspects. Often they are a preliminary step used to create an overview of the system which can
later be elaborated. DFDs can also be used for the visualization of data processing (structured design).

A DFD shows what kinds of data will be input to and output from the system, where the data will come from and go
to, and where the data will be stored. It does not show information about the timing of processes, or information about
whether processes will operate in sequence or in parallel.
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4.2.10 DEPLOYMENT DIAGRAM

User Device(Browser Flask Web
Client) Sener
Image/Video .
o S
Alarm System Yolo Detector
EXPLANATION:

Deployment Diagram is a type of diagram that specifies the physical hardware on which the software system will

execute. It also determines how the software is deployed on the underlying hardware. It maps software pieces of a
system to the device that are going to execute it.
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Fig 4.11: System Architecture
CHAPTER 5
DEVELOPMENT TOOLS
5.1 Python

Python is a high-level, interpreted, interactive and object-oriented scripting language. Python is designed to be highly
readable. It uses English keywords frequently where as other languages use punctuation, and it has fewer syntactical
constructions than other languages.

5.2 History of Python

Python was developed by Guido van Rossum in the late eighties and early nineties at the National Research Institute
for Mathematics and Computer Science in the Netherlands.

Python is derived from many other languages, including ABC, Modula-3, C, C++, Algol-68, SmallTalk, and Unix
shell and other scripting languages.

Python is copyrighted. Like Perl, Python source code is now available under the GNU General Public License (GPL).

Python is now maintained by a core development team at the institute, although Guido van Rossum still holds a vital
role in directing its progress.

5.3 Importance of Python
. Python is Interpreted — Python is processed at runtime by the interpreter. You do not need to
compile your program before executing it. This is similar to PERL and PHP.

. Python is Interactive — You can actually sit at a Python prompt and interact with the interpreter
directly to write your programs.
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. Python is Object-Oriented — Python supports Object-Oriented style or technique of programming
that encapsulates code within objects.
. Python is a Beginner's Language — Python is a great language for the beginner-level programmers
and supports the development of a wide range of applications from simple text processing to WWW browsers
to games.

5.4 Features of Python

. Easy-to-learn — Python has few keywords, simple structure, and a clearly defined syntax. This
allows the student to pick up the language quickly.

. Easy-to-read — Python code is more clearly defined and visible to the eyes.
o Easy-to-maintain — Python's source code is fairly easy-to-maintain.

. A broad standard library — Python's bulk of the library is very portable and cross-platform
compatible on UNIX, Windows, and Macintosh.

o Interactive Mode — Python has support for an interactive mode which allows interactive testing and
debugging of snippets of code.

o Portable — Python can run on a wide variety of hardware platforms and has the same interface on all
platforms.
. Extendable — You can add low-level modules to the Python interpreter. These modules enable

programmers to add to or customize their tools to be more efficient.
. Databases — Python provides interfaces to all major commercial databases.

. GUI Programming — Python supports GUI applications that can be created and ported to many
system calls, libraries and windows systems, such as Windows MFC, Macintosh, and the X Window system
of Unix.

. Scalable — Python provides a better structure and support for large programs than shell scripting.
Apart from the above-mentioned features, Python has a big list of good features, few are listed below —

o It supports functional and structured programming methods as well as OOP.

e It can be used as a scripting language or can be compiled to byte-code for building large applications.
o [t provides very high-level dynamic data types and supports dynamic type checking.

o [T supports automatic garbage collection.

e It can be easily integrated with C, C++, COM, ActiveX, CORBA, and Java.
5.5 Libraries used in python

o numpy - mainly useful for its N-dimensional array objects.

o pandas - Python data analysis library, including structures such as dataframes.

matplotlib - 2D plotting library producing publication quality figures.

o scikit-learn - the machine learning algorithms used for data analysis and data mining tasks.
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CHAPTER 6
SOFTWARE TESTING

8.1 GENERAL

The purpose of testing is to discover errors. Testing is the process of trying to discover every conceivable fault or
weakness in a work product. It provides a way to check the functionality of components, sub assemblies, assemblies
and/or a finished product It is the process of exercising software with the intent of ensuring that the Software system
meets its requirements and user expectations and does not fail in an unacceptable manner. There are various types of
test. Each test type addresses a specific testing requirement.

8.2 DEVELOPING METHODOLOGIES

The test process is initiated by developing a comprehensive plan to test the general functionality and special
features on a variety of platform combinations. Strict quality control procedures are used. The process verifies that the
application meets the requirements specified in the system requirements document and is bug free. The following are
the considerations used to develop the framework from developing the testing methodologies.

8.3Types of Tests

8.3.1 Unit testing

Unit testing involves the design of test cases that validate that the internal program logic is functioning
properly, and that program input produce valid outputs. All decision branches and internal code flow should be
validated. It is the testing of individual software units of the application .it is done after the completion of an individual
unit before integration. This is a structural testing, that relies on knowledge of its construction and is invasive. Unit
tests perform basic tests at component level and test a specific business process, application, and/or system
configuration. Unit tests ensure that each unique path of a business process performs accurately to the documented
specifications and contains clearly defined inputs and expected results.

8.3.2 Functional test

Functional tests provide systematic demonstrations that functions tested are available as specified by the
business and technical requirements, system documentation, and user manuals.
Functional testing is centered on the following items:

Valid Input . identified classes of valid input must be accepted.

Invalid Input : identified classes of invalid input must be rejected.
Functions : identified functions must be exercised.

Output : identified classes of application outputs must be exercised.

Systems/Procedures: interfacing systems or procedures must be invoked.

8.3.3 System Test
System testing ensures that the entire integrated software system meets requirements. It tests a configuration to
ensure known and predictable results. An example of system testing is the configuration oriented system integration
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test. System testing is based on process descriptions and flows, emphasizing pre-driven process links and integration
points.

8.3.4 Performance Test
The Performance test ensures that the output be produced within the time limits,and the time taken by the
system for compiling, giving response to the users and request being send to the system for to retrieve the results.

8.3.5 Integration Testing

Software integration testing is the incremental integration testing of two or more integrated software
components on a single platform to produce failures caused by interface defects.

The task of the integration test is to check that components or software applications, e.g. components in a
software system or — one step up — software applications at the company level — interact without error.

8.3.6 Acceptance Testing
User Acceptance Testing is a critical phase of any project and requires significant participation by the end

user. It also ensures that the system meets the functional requirements.

Acceptance testing for Data Synchronization:

> The Acknowledgements will be received by the Sender Node after the Packets are

received by the Destination Node

> The Route add operation is done only when there is a Route request in need

> The Status of Nodes information is done automatically in the Cache Updation process
8.2.7 Build the test plan

Any project can be divided into units that can be further performed for detailed processing. Then a testing
strategy for each of this unit is carried out. Unit testing helps to identity the possible bugs in the individual component,
so the component that has bugs can be identified and can be rectified from errors.

CHAPTER 7

FUTURE ENHANCEMENT

9.1 FUTURE ENHANCEMENTS:

In the future, the fire detection system can be further enhanced in several ways to improve its accuracy, scalability, and
adaptability. One potential enhancement could involve integrating deep learning models that specifically address the
detection of other hazardous situations, such as gas leaks or chemical spills, to broaden the system's safety capabilities.
By combining fire detection with multi-hazard recognition, the system could provide a more comprehensive safety
solution for various environments, including industrial sites and urban areas. Additionally, incorporating edge
computing could significantly reduce processing time and improve real-time performance. By processing data locally
on edge devices, the system could provide instant fire alerts without relying on cloud servers, which would be
especially beneficial in remote or low-connectivity areas. Another enhancement could involve the use of drone or
aerial surveillance, where UAVs equipped with thermal and visual cameras could be deployed to detect flames and
smoke over large, difficult-to-reach areas, such as forests or industrial zones. Another area for future enhancement is
the use of multi-modal sensors, including temperature sensors, smoke detectors, and gas sensors, to complement the
image-based detection, providing a more robust and reliable detection system. The integration of Internet of Things
(IoT) technology could allow for automated alerting to emergency responders and smart integration with fire
suppression systems for immediate action.
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Finally, the system could be optimized for use in diverse weather conditions, incorporating adaptive algorithms that
account for environmental factors such as fog, heavy rain, or varying lighting conditions. This would ensure that the
fire detection system performs reliably in all situations, further enhancing safety and prevention measures in a wide
range of real-world scenarios.

CHAPTER 8
CONCLUSIONAND REFERENCES
10.1 CONCLUSION

In conclusion, this project demonstrates the potential of the YOLOv10 algorithm in advancing fire detection systems,
providing a highly efficient and accurate method for detecting flames and smoke in real-time. By addressing common
challenges such as cluttered backgrounds, varying fire intensities, and low visibility, the proposed system significantly
improves detection performance compared to previous methods. Through the integration of advanced techniques like
enhanced feature extraction, attention mechanisms, and improved bounding box regression, the system is capable of
precise flame and smoke localization, even in complex and challenging environments.

The real-time capabilities of the system, coupled with its ability to adapt to different settings, make it a valuable tool
for enhancing fire safety and prevention. Whether in industrial plants, residential areas, or public spaces, the system
provides an effective means of early fire detection, potentially saving lives and reducing property damage. The use of
transfer learning and data augmentation further enhances the system's robustness and efficiency, making it scalable
and suitable for a wide range of applications.

Overall, this project contributes to the development of more reliable and adaptable fire detection technologies, paving
the way for future advancements that could incorporate multi-hazard recognition, edge computing, and IoT integration
to further improve safety and response times in the face of fire-related incidents.
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