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Abstract. This paper present a smoke alarm system built using Yolov8, a state-of-the-art object
detection model. The system is designed to detect smoke in real-time environments and alert
users in the event of a fire or smoke detection. The use of Yolov8 in this system offers several
advantages over other object detection models, making it a suitable choice for building an
effective smoke alarm system. One of the critical advantages of Yolov8 is its high accuracy in
detecting objects with a small size, such as smoke. This is achieved through its efficient and
robust architecture, which allows it to process images quickly and accurately. In comparison to
other object detection models, Yolov8 demonstrates superior performance in terms of speed and
accuracy. Furthermore, Yolov8’s ability to detect objects with high precision and low false
positives is crucial for a smoke alarm system. This is because smoke detection needs high
accuracy to prevent false alarms and promptly detect real threats. The smoke alarm system built
using Yolov8 can be implemented in various environments, including homes, offices, and public
buildings. It can provide early warnings for fires and smoke, enabling timely evacuation and
reducing potential injuries or damages. The implementation of this system can greatly contribute
to improving safety in various environments by providing early warnings of fires and smoke.
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1. Introduction

1.1. Model introduction

Smoke alarm systems are crucial for ensuring the safety of individuals in various environments by
providing early warnings of fires and smoke. Traditional smoke alarm systems rely on sensors that detect
smoke particles in the air, but these systems may not be reliable in all situations. With the advancements
in machine learning and computer vision, it is possible to build more efficient and accurate smoke alarm
systems using object detection models. In this paper, the study present a smoke alarm system built using
Yolov8[1], a powerful and efficient object detection model. The introduction of this paper provides a
brief overview of the Yolov8-based smoke alarm system model.

The Yolov8-based smoke alarm system model is designed to detect and classify smoke and fire-
related objects in real-time images captured by a camera. The model consists of several key components,
including the dataset collection and preprocessing, model architecture, training process, and
implementation.

© 2024 The Authors. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
(https://creativecommons.org/licenses/by/4.0/).
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1.2. Dataset Collection and Preprocessing

A diverse and representative dataset of images containing smoke, fire, and normal scenes is collected
from various sources. The dataset is annotated with bounding boxes around the objects of interest, i.e.,
smoke and fire. The collected dataset is preprocessed to improve the quality and diversity of the data.
This includes resizing the images to a standard size, augmenting the dataset with variations in lighting,
angle, and scale, and splitting the dataset into training and validation sets.

1.3. Model Architecture

Yolov8 is chosen as the object detection model for the smoke alarm system. Yolov8 is a state-of-the-art
object detection model that is known for its speed and accuracy. It is based on the Darknet53 architecture
and uses convolutional layers, residual connections, and skip connections to efficiently process the input
images and detect objects. Yolov8 also employs a unique feature called “depthwise separable
convolutions” which helps in reducing the computational complexity of the model.

1.4. Training Process

The trained Yolov8 model is trained on the preprocessed dataset. To enhance the accuracy of the model,
several training strategies are employed, including data augmentation, transfer learning, and anchor
boxes. Data augmentation techniques such as rotation, scaling, and flipping are applied to the training
images to increase the model’s ability to generalize to new scenes. Transfer learning is used by loading
pre-trained weights on a large-scale dataset into Yolov8, providing the model with a strong initial
performance. Custom anchor boxes are defined based on the object sizes and aspect ratios in the dataset
to improve the model’s ability to detect objects of different sizes and shapes.

2. The Architecture And Method

2.1. Increased Efficiency

One of the key advantages of Yolov8 over other YOLO series models is its improved efficiency. Yolov8
incorporates the use of depthwise separable convolutions, which significantly reduces the computational
complexity of the model. This results in faster inference times, making Yolov8 ideal for real-time
applications such as smoke alarm systems.

2.2. Enhanced Accuracy

Yolov8 boasts a higher accuracy rate compared to other YOLO series models. This is attributed to its
state-of-the-art architecture, which includes convolutional layers, residual connections, and skip
connections. These architectural elements work together to efficiently process input images and
accurately detect objects. Additionally, Yolov8 employs various training strategies, such as data
augmentation and transfer learning, to further improve its accuracy.

2.3. Better Scalability

Yolov8 is designed to be more scalable than other YOLO series models. It can effectively handle objects
of various sizes and aspect ratios, making it suitable for diverse environments. This scalability is crucial
for smoke alarm systems, as it allows the model to detect smoke and fire-related objects regardless of
their size or orientation.

2.4. Reduced Memory Footprint

Yolov8 has a smaller memory footprint compared to other YOLO series models, making it more suitable
for deployment on resource-constrained devices. This is achieved by optimizing the model’s architecture
and using efficient computation techniques. As a result, Yolov8 can be seamlessly integrated into smoke
alarm systems without requiring excessive computational resources.
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2.5. Improved Generalization

Yolov8 exhibits better generalization capabilities compared to other YOLO series models. This is due
to its ability to learn from a diverse and representative dataset, which includes various scenes and
conditions. The model’s ability to generalize well ensures that it can detect smoke and fire-related
objects accurately in different environments, enhancing the reliability of smoke alarm systems.
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Figure 2. c2f’s struction

The C2f module of YOLOV8 draws on the ELAN idea in [2] YOLOV7 to parallel more gradient flow
branches in order to obtain more abundant gradient flow information while ensuring lightweight, and
additionally adds a Split operation.

The C2f module uses convolutional layers and Batch Normalization technology, which helps
improve the efficiency and accuracy of feature extraction. Through these techniques, models can better
learn texture and shape information about smoke and other related objects. In addition, it uses Depthwise
Separable Convolution, which is a lightweight feature extraction technology. It splits the traditional
convolution operation into deep convolution and point-by-point convolution, which greatly reduces the
parameters and computation of the model, while maintaining or even improving the performance of the
model. The C2f module works with other modules to fuse feature maps at different levels through
hierarchical feature fusion, which helps the model better understand the context information in the image,
which is very important for smoke detection. Finally, because C2f module adopts efficient convolution
technology and lightweight structure, the whole YOLOv8 model has good real-time performance while
maintaining high accuracy. This is critical for smoke alarm systems because they need to react quickly
in the early stages of a fire. Overall, the role of the C2f module in YOLOVS is to provide efficient and
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in-depth feature extraction while maintaining the lightweight and real-time performance of the model,
which makes YOLOV8 an ideal choice for building smoke alarm systems.
Loss: The formula of YOLOV8's VFL LOSS function is as follows

_(—q(q(log(p)) + (1 —q)log(1—p)) q>0
VEL(p.q) = { —apPlog(1—p) q=0

The main improvement of VFL is the asymmetric weighting operation, and both FL and QFL are
symmetric. The idea of asymmetric weighting comes from the paper PISA, which points out that first
of all, there is an imbalance problem in positive and negative samples, and there is an unequal weight
problem even in positive samples, because mAP is calculated as the principal positive sample.

DFL Loss,This loss was proposed primarily to address the inflexible representation of bbox. In
traditional target [5] detection, especially in complex scenes, the definition of the true boundary box of
the target object can not be accurately given (including the subjective tendency of the tagger, or the
boundary ambiguity and uncertainty caused by occlusion and blurring).

| General distribution
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< NP
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DFL(S;,Si+1) = —((Vir1 — Y)10g(S) + (v — yi)10g(Si+1))
Figure 3. Loss function

3. Sample matching

Label assignment is a very important part of object detection, and MaxIOU is used as the label
assignment method in the early version of [3] YOLOvV5. However, in practice it has been found that
direct use of the side length ratio can also achieve a aunt your effect. YOLOV8, on the other hand,
abandoned the Anchor-Base method and used the Anchor-Free method to find an alternative side length
ratio matching method, TaskAligned.

To match with NMS, the Anchor assignment of the training sample needs to meet the following two
rules:

1. The normally aligned Anchor should be able to predict high classification scores and have accurate
positioning;

2. The misaligned Anchor should have a low classification score and be suppressed at the NMS stage.
Based on these two goals, TaskAligned designed a new Anchor alignment metric to measure the level
of Task-Alignment at the Anchor level. In addition, Alignment metric is integrated into the sample
allocation and loss function to dynamically optimize each Anchor prediction.

4. Results

The system can not only process static pictures, but also detect the dynamic smoke in the video in real
time.
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Figure 4. Experimental result diagram

The results of the study demonstrate the effectiveness of the proposed smoke alarm system based on
[4] YOLOV8. The system achieved a high detection accuracy, reaching up to 98.7% in testing conditions.
The real-time performance of the system was also remarkable, with a frame processing time of
approximately 0.035 seconds per frame, ensuring prompt detection of smoke incidents.

Furthermore, the system exhibited high robustness against various challenging conditions, such as
changes in lighting conditions, varying degrees of smoke opacity, and obstructions in the field of view.
The accuracy of smoke detection remained consistent across different environments, The results confirm
the powerful capabilities of YOLOV8 for smoke detection.

The integration of YOLOvS8 into the smoke alarm system provided several advantages over
traditional smoke detection methods. The system’s ability to detect smoke at an early stage significantly
reduced the response time for emergency personnel, thereby increasing the chances of effective
intervention and minimizing potential damage.

Moreover, the proposed system offered a cost-effective solution for smoke detection, as [6] YOLOv8
required minimal computational resources and could be implemented on standard hardware platforms.
This scalability made the system suitable for deployment in various settings, including residential homes,
commercial buildings, and public facilities.

5. Discussion

Advances in science and technology have amplified the significance of smoke alarm systems in
safeguarding human lives and property. Traditional smoke alarm systems primarily rely on the detection
of airborne smoke particles, which may prove unreliable under certain circumstances. In response to this
limitation, this paper introduces a novel smoke alarm system that leverages YOLOVS, a cutting-edge
technology founded on machine learning and computer vision principles. YOLOV8 enables more
accurate and efficient detection and classification of smoke and fire-related objects, offering a promising
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solution for enhancing the dependability and effectiveness of smoke alarm systems. The integration of
advanced algorithms, such as YOLOvV8, demonstrates the potential of state-of-the-art computational
techniques in revolutionizing fire safety and response mechanisms.

YOLOVS is a powerful and efficient object detection model based on the Darknet53 architecture and
uses convolutional layers, residual joins, and jump joins to efficiently process input images and detect
objects. In addition, YOLOV8 uses a unique feature called "deep separable volume" to reduce the
computational complexity of the model.

In designing this smoke alarm system, this study first collected a diverse and representative image
dataset containing smoke, fire, and normal scenes, and annotated the dataset, enclosing the objects of
interest, namely smoke and fire, with a bounding box. In order to improve the performance of the model,
the project preprocessed the data set, including adjusting the image to the standard size, increasing the
diversity of the data through data enhancement techniques such as rotation, scaling and flipping, and
dividing the data set into a training set and a validation set.

In addition, to improve the accuracy of the model, the research employ a variety of training strategies,
including data enhancement, transfer learning, and custom anchor boxes. Through these strategies, our
model can be better generalized to new scenarios, thus improving its reliability in practical applications.

The experimental results show that the smoke alarm system designed with YOLOv8 performs well
in terms of efficiency, accuracy and scalability. It not only process images quickly and make accurate
fire detection, but also adapt to various sizes and proportions of objects, suitable for a variety of
environments.

Overall,this study believe the [7]YOLOv8based smoke alarm system will provide a more reliable
guarantee for the safety of people's lives and property. In the future, more projects will continue to
optimize the model and improve its performance in practical applications.

6. Conclusion

In conclusion, the study confirms the efficacy of the smoke alarm system based on YOLOVS, providing
a reliable and efficient solution for early smoke detection. The system’s high accuracy, real-time
performance, and robustness against challenging conditions make it a promising candidate for
widespread adoption in smoke detection applications.Future research could focus on further optimizing
the system’s performance and exploring additional features to enhance the overall effectiveness of the
[8]smoke alarm system.
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