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Abstract. Systems for detecting fires are essential for protecting people and property. Still, there are a lot
of problems with these systems' accuracy and the frequency of false warnings. This study uses wireless
sensor networks with deep learning to improve the accuracy of real-time fire detection systems and
decrease false alarms. Wi-Fi camera movies are analyzed using the YOLOVS deep learning model. This
model locates and classifies items quickly and precisely using deep learning techniques. To guarantee
accurate detection, a sizable collection of fire-related data is used to train the model. When a fire occurs,
users receive early warnings via WebRTC technology, and live footage of the burning location is broadcast.
Using these sophisticated technologies, the efficiency of fire detection in the indoor environment can
be improved, providing users with immediate and accurate alarms. Personnel and property safety is
improved, and losses due to fires in the interior environment are decreased.
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HNuTerpanus cucreM riiyooKkoro o0y4eHus
1 0eCrpoOBOIHBIX CEHCOPHBIX ceTeil

AJIS TOYHOI'0 06Hapy>1<eHml moxkapa B nOMEINCHUMN

O.A. lleso™9, /1. }O. Yepuukos?, A.C. CenBaHoB?
“Cubupckuti pedepanvHulil yHUepcumem
Poccuiickas @edepayus, Kpacnosapck

Texnonozuueckuii ynusepcumem-Hpak
Hpaxk, bazoao

AnnoTanus. CucteMbl 0OHApY>KEHHUSI TTI0)KAPOB HEOOXOIMMBI JUIS 3aLUTHI JIIOJIEH 1 UMYIeCTBa.
TeMm He MeHee CylIeCTBYEeT MHOXKECTBO IIPOOJIEM C TOYHOCTBIO ATUX CHCTEM M YAaCTOTOW JIOMKHBIX
MpeaynpexaeHui. B 3ToM nccienoBannm ncnosb3yroTcest 0eCIpOBOIHBIE CEHCOPHBIE CETH C TITYOOKUM
00y4eHHeM /115l TOBBIIIEHNSI TOYHOCTH CUCTEM OOHAPYIKEHHUS 0Kapa B PeaIbHOM BPEMEHH U YMEHBIICHH ST
KOJIMYECTBA JIOXKHBIX TpeBOT. Buneo ¢ xkamepsl Wi-Fi ananusupyeTcst ¢ MCIOIb30BaHUEM MOJIEITH
riryookoro o0yuenust YOLOVS. Dta Mojenb ObICTPO M TOUHO HAXOIUT U KJIaCCU(DHUIIMPYET IPEIMETHI,
UCIIOJIB3YSI METO/IbI ITyOoKoro 0o0yueHus. YroObl rapaHTHPOBATh TOYHOE OOHAPYIKEHHE, 151 00y YeHU S
MOJIEJIN UCTIONB3YEeTCs 3HAUNTEIbHAs KOJUIEKIIUS JAHHBIX, CBA3aHHBIX C IoykapaMHu. IIpy BO3HUKHOBEHUN
ToXKapa IoJIb30BaTeld OJyYaroT paHHHUE IPELyPexAeHNUs ¢ moMolbio TexHomornn WebRTC, a taxoke
UJIET IpsAMasi TPAHCIALUS MecTa TopeHus. VICroap3ys 3TH CI0XKHbIE TEXHOIOT MU, MOYKHO MOBBICUTh
3G PEeKTUBHOCTH OOHAPYIKEHHS [10YKapa B MOMEIEHUH, TIPEJA0CTABIISIS [10Jb30BATEISIM HEMEJICHHbIE
1 TOYHBIE CUTHAJIBI TpeBOTH. [1oBhINIaeTcs 6e30macHOCTh NePCOHANa U UMYLIECTBA, CHUKAIOTCS TOTEPU
OT II0’)KapOB BO BHYTPEHHEH cpezie.

KuroueBble cj10Ba: 00HapyKeHHUE TTOXkKapa, yolovs, rirybokoe o0ydeHune, 6ecripoBOIHBIC CEHCOPHEIE CETH.

Hutuposanue: Jles6 O. A. UaTerpanus cucteM riryookoro o0ydeHus 1 0ecripoBOIHBIX CEHCOPHBIX CETEHl ISt TOYHOTO
oOHapyxeHus noxapa B nomeuenun / O. A. lesi6, 1. 0. Uepuukos, A.C. Cenusanos // XKypu. Cub. dpenep. yH-ta. Texuuka
u TexHonoruu, 2024, 17(1). C. 124-135. EDN: WZHDHV

Introduction

Fires are one of the most dangerous threats that the interior environment faces, generating huge
material losses and endangering people's lives. As a result, early identification of fires is critical to
reducing losses and keeping people safe. There has been substantial advancement in the application
of wireless networking and deep learning technology to detect fires in the interior environment in
recent years. One of the most important tools in this field is wireless sensor network technology,
which allows the employment of a group of sensors connected to a wireless network to monitor and
analyze data related to fires. Wi-Fi cameras and deep learning technology are applied to improve
fire detection accuracy in the indoor environment. It is now possible to monitor and detect fire
occurrences in real time by strategically putting Wi-Fi cameras throughout a building or business.
These cameras' high-quality video feed provides for precise and fast identification of possible fire
dangers [1]. Deep learning, on the other hand, employs artificial intelligence models to analyze images
and videos captured by cameras, thereby enhancing detection accuracy and providing timely and
accurate alerts. One well-known deep learning technique is YOLOVS (You Only Look Once), which
is a powerful model for detecting objects and fire in photos and videos [3, 4]. YOLOVS5 locates and
classifies items quickly and precisely by analyzing data using deep learning algorithms. YOLOvS's
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capacity to handle image and video streams in real-time is one of its main advantages this makes it
perfect for applications that need quick responses. Delays in detecting fires are a common problem
with traditional fire detection systems, which can result in serious loss and damage. We can greatly
shorten the reaction time by using YOLOvV5 and communication technology, allowing for quicker
firefighting and evacuation operations. The decrease in false alerts is another essential feature of fire
detection systems. False alerts erode the confidence of the system. YOLOVS5 can also be trained on
big datasets, allowing it to learn and adapt to different fire conditions. We can improve the algorithm's
capacity to detect fires effectively across multiple contexts by using a wide set of training data, such
as different fire types, sizes, and environmental circumstances.

Many approaches for constructing a fire detection system have been proposed. To identify fires, [5]
employed a variety of color schemes, including RGB, HSI, YUV, YCbCr, and CIE L*a*b*. The paper
[6] provides an overview of four commonly used deep learning-based object identification methods,
highlighting their merits and shortcomings. According to the findings of this study, the fire lighter is
a fire with a probability ranging from 82 % to 84 %. The creation of an internal system for early fire
detection and real-time fire location identification is discussed in [7]. This study's test findings show
that candle fire can be detected with an accuracy of 65.8 %. The paper [8] describes the development
of vision-based early flame detection and notification. The result of the proposed method shows the
flame of wood stoves, candles, and fire lighters as fire. YOLOv3 was improved in [9] to improve
feature extraction capacity and overcome computational complexity for accurate fire detection. In [10],
the YOLOv4 model was developed to identify fires in real-time scenarios. The study [11] proposes
a particular fire detection method based on YOLOVS, which gives superior accuracy and real-time
performance. The fire lighter, according to the findings of this inquiry, is a fire. [12] The purpose of this
study is to develop a fire detection and early warning system that will monitor the property and notify
the homeowner if a fire starts. [13] This paper's main objective is to handle kitchen safety issues and
alert users' phones in the event of a gas leak or fire.

This paper proposes to develop a wireless sensor network based on a Wi-Fi camera and deep
learning. To detect fires, the YOLOvV5 model was used. Compared to previous versions, YOLOVS is
smaller, faster, and more accurate. It is easy to use and does not require any programming knowledge.
The suggested concept was designed to handle flames that resulted from heating stoves, candles, and
lighters as false alarms rather than real fires. The idea also suggested using a communications network
to relay data from the cameras to the fire detection system. The proposed device not only alerts the user
to the presence of a fire but also displays live imagery of the surrounding region. The proposed system

additionally shows the user the location of the fire in the structure.

I. Wi-Fi Cameras and Data Transmission

Because of how easy and convenient Wi-Fi cameras are to use, their popularity has increased.
These cameras enable users to view and record video remotely via wireless data transmission over
a Wi-Fi network. The ability of Wi-Fi cameras to transmit data wirelessly is their primary benefit.
This simplifies installation and configuration by doing away with the requirement for physical cords.
Wi-Fi cameras offer more placement options because they can be installed anywhere that is within the
coverage area of a Wi-Fi network. Wi-Fi cameras use radio waves to send data. A Wi-Fi network, which

serves as a data transfer route, is connected to these cameras. Before the video is wirelessly sent to a
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receiver or a cloud-based storage system, it is transformed into digital signals. One of the key benefits of
Wi-Fi cameras is the ability to access and monitor the footage remotely. Users can see live video feeds
or recorded content from any location with an internet connection by connecting to the camera with a
smartphone, tablet, or computer. This feature is especially useful for home security because it allows
homeowners to keep an eye on their property even when they are not present. Scalability is another
advantage of Wi-Fi cameras. By linking several cameras to a single Wi-Fi network, a comprehensive
surveillance system can be constructed. This allows users to monitor many places at the same time,

which improves security and surveillance capabilities [14].

I1. Web Real-Time Communication

Web Real-Time Communication, or WebRTC for short, is the name of an open-source protocol
that allows people to communicate in real-time through web applications. With WebRTC, data can
be shared, and audio and video may be easily exchanged between browsers without requiring the
installation of any software. RTP (Real-Time Transport Protocol), STUN (Session Traversal Utilities
for NAT), ICE (Interactive Connectivity Establishment), and other technologies are required for
WebRTC technology to function. WebRTC makes it simple for developers to build online apps that
provide file and screen sharing, audio and video chatting, and both. WebRTC offers an application
programming interface (API) for controlling real-time communications. This interface allows
developers to establish secure and effective direct communication channels across browsers. Many
contemporary browsers, including Microsoft Edge, Mozilla Firefox, and Google Chrome, support
WebRTC. Numerous industries, including online gaming, telemedicine, remote learning, online
communications, and real-time collaboration, use WebRTC technologies. By offering a direct and
efficient method of online communication, WebRTC is a potent and distinctive technology that

enhances the user experience [15].

II1. Deep learning and machine learning

Machine learning is the study of methods and frameworks that let computers learn and form
opinions or predictions without needing to be explicitly programmed. It comprises training a computer
system to recognize patterns and form conclusions based on data [16].

Deep learning is a branch of machine learning that draws inspiration from the composition and
operation of the human brain [17]. Artificial neural networks, which are composed of interconnected
layers of nodes, are used to process and learn from massive volumes of data. Deep learning algorithms
are able to extract complex features and generate precise predictions because they are able to

autonomously learn hierarchical data representations.

IV. YOLO (You Only Look Once)

A well-known object recognition method that has revolutionized computer vision is called YOLO
[18]. Joseph Redmon et al. were the ones who first proposed it in 2016. Yolo's real-time processing
speed is its main benefit, which makes it appropriate for applications that need quick and precise object
recognition. YOLO builds a grid from the input image and calculates the bounding boxes and class
probabilities for every grid cell. Yolo has seen numerous improvements and changes since its original

release. Some of the most popular YOLO variants include the following:
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1. YOLOVI: This iteration of YOLO introduced the idea of dividing an image into grids and
forecasting bounding boxes and class probabilities. Nevertheless, it had trouble localizing and was not
able to distinguish small features.

2. YOLOV2 (YOLO9000): To address the shortcomings of the first version, anchor boxes and
a multi-scale approach were included. It also included improved object identification accuracy and a
broader network architecture.

3. YOLOV3: This improved YOLO performance and accuracy by utilizing multiple detection
scales and integrating a feature pyramid network (FPN). Additionally, it brought in novel methods like
Darknet-53, which improved the backbone network's efficiency.

4. YOLOv4: The object classification modularity in YOLOv4 has been enhanced to enhance
accuracy and stability in the recognition of diverse objects.

5. YOLOVS: Introduced in 2020, YOLOVS seeks to improve upon the simplicity and speed
of YOLO. The proposal introduces a unique approach named «Scaled-YOLOv4» together with a
streamlined design to achieve comparable precision while reducing inference time.

Every YOLO version has advanced real-time object detection and has found widespread use in a

range of applications, such as autonomous vehicles, robots, and surveillance systems [19-26].

V. Algorithm

Fig. 1 depicts the proposed algorithm for accurately detecting fire.

The initial stage in training an advanced fire detection system is to amass a dataset of photographs
containing both genuine and false flames, as well as non-fire images [27]. The dataset should be broad,
spanning a wide range of scenarios, such as various lighting conditions and camera angles. It is possible
to obtain the dataset by gathering images from a variety of sources, including video surveillance
cameras, public image repositories, and plain old image capture. Making sure the dataset is indicative
of the real-world situations in which the system will be used and balanced is crucial. A lighter, candle,
or wood stove fire was not regarded as a fire but rather as a false alert in order to improve fire detection
accuracy and lower false alarms. Examples of the positive and negative images used in training are

displayed in Fig. 2.
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Video Stream

( Fire Detection )
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Fig. 1. Fire detection algorithms
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Fig. 2. Sample images used to train the YOLOVS5 model; a — negative images; b — positive images

Following the collection of the dataset, the photos must be labeled in order to identify the areas
of interest (ROIs) that include flames. This is possible with tools like the labellmg application, which
allows the user to define bounding boxes around ROIs and label them accordingly. The annotated
photos are then saved in a format compatible with the deep learning framework that was used to train

the model. Fig. 3 displays the labeling of the fire's location on positive images.

Fig. 3. Labels the fire location in positive images
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A dataset is usually split into training, validation, and testing sets in order to be trained. The
YOLOVS model is trained on the training set, refined and hyperparameters adjusted on the validation
set, and the trained model's final performance is assessed on the testing set. By adjusting its parameters
according to a loss function, the YOLOv5 model gains the ability to recognize and categorize objects
throughout the training phase. The model iterates several times, modifying its weights to minimize
the discrepancy between anticipated and actual object placements. It is an iterative procedure to
train a YOLOvV5 model. It entails training the model, evaluating its performance, and making any
improvements. This repeated development aids in fine-tuning the model and achieving higher detection
and accuracy. An essential part of training a YOLOv5 model is training data. Training a dependable
and accurate YOLOvVS model requires a well-organized and varied dataset, correct annotations, and
appropriate quality control. Data augmentation and iterative development further improve the model's
performance and generalization abilities.

The Wi-Fi camera continuously streams video frames, which are fed into the trained YOLOVS
model. Using Wi-Fi cameras eliminates the need for physical connections, simplifying installation
and setup. Wi-Fi cameras can be installed anywhere within the range of a Wi-Fi network, allowing for
greater flexibility in camera placement. Proper camera placement is essential for ensuring complete
coverage of the area. Fig. 4 depicts a communications network within a home environment, linking
surveillance cameras and the homeowner's smartphone to a fire detector.

The Wi-Fi camera continuously provides video to the fire detection system. Individual frames are
created from the video stream. Each frame is a single image that will be processed for fire detection

by YOLOVS. To improve the quality of the frames before feeding them into YOLOVS, preprocessing

s
l. 2
-
Smartphone

Fig. 4. Communications network within a home environment, linking surveillance cameras and the homeowner's
smartphone to a fire detector
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methods might be used. This may entail scaling the frames to a certain input size, normalizing pixel
values, and if necessary modifying brightness or contrast. After that, the preprocessed frames are
run through the trained YOLOv5 model. The model examines each frame and detects and localizes
fire-related items using bounding boxes to determine the existence of fire. For each recognized object,
YOLOVS returns bounding boxes, class labels, and confidence scores. A confidence threshold can be
used to filter out false positives. Only detections with confidence scores greater than the threshold are
considered valid fire incidents. These procedures are carried out in real-time to examine the incoming
frames from the video stream. This enables rapid identification and reaction to fire occurrences.
When a fire occurs, fire detection software is critical for providing early warning and implementing
appropriate safety measures. One of the most useful features that fire detection software can provide
is the ability to contact the user and provide a video of the location of the fire. To achieve real-time
communication between the fire detection software and the user, this system uses WebRTC technology.
The fire detection alert software on the user's device can receive video directly from surveillance
cameras positioned at the affected site thanks to WebRTC.

VI. Experimental results

We used an image classification program, the Google Colaboratory platform, Android Studio
Flamingo 2022.2.1, and the Yolov5 application on a PC with an Intel (R) Core (TM) i7-8550U CPU
@ 1.80GHz processor and the 64-bit Windows 11 Pro operating system to do this project. The image
labeling program was used to label the location of fires in photographs for training purposes. The
Google Colaboratory platform was used to train and test the fire pictures. The WebRTC-based fire
alarm application was created in Android Studio. The Yolov5 application was used to put the project's
ability to identify flames in photos, videos, and a real-time via a camera to the test. In the case of a
fire, the fire detection program was also upgraded to convey alarms via communications technology.
To ensure a reliable evaluation of the system, we run the proposed method three times. To validate the
effectiveness of the trained model, we tested it with input data from fire images, fire videos, and real-
time camera. When the model detects a fire, it displays a bounding box highlighted in red along with
a confidence score.

In the first test, we checked the program's ability to detect fire in images using two pictures. One
picture contained real fire, while the other did not. Fig. 5 shows the prediction results for detecting real
fire in the images. The program correctly detected the real fire in image (a) with a confidence of 0.90
and 0.91, but did not consider the wood stove as a fire in image (b).

In the second test, we used the program to detect fire in videos that contained both real and fake
fire. Fig. 6 shows the detection results for real fire in the videos. The program correctly predicted the
presence of real fire in video (a) with a confidence level of 0.90 but did not consider the matchstick as
a fire in video (b).

In the third test, we used the program to detect fire in real-time using a camera. Fig. 7 shows the
prediction results for a live camera feed. We tested the program's efficiency using fake fire, and the
result correctly showed that no fire was detected.

An application was developed to facilitate communication between the fire detection software
and the smartphone user over WebRTC. The user gets notified through the user interface of the fire

detection software when a fire is detected. The user's smartphone displays a live video of the fire
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Fire 0.90

W '

Fig. 5. The prediction results for detecting real fire in the images

Fig. 6. The prediction results for detecting real fire in the videos

Fig. 7. The prediction results for a live camera feed
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Fig. 8. Fire alert program displaying a video of the fire area

incident and its location within the building. An early fire alarm makes it possible for the user to
swiftly assess the situation and take appropriate action. Because it enables safe and effective real-time
communication between the user and the software, WebRTC technology is perfect for this use case.
This technology enables high-quality, low-latency video transmission, enabling the user to act quickly
and choose the best course of action. Fire detection software that makes use of WebRTC technology
can be a very effective tool for handling fire situations since it can give users precise, up-to-date
information that can help control the fire and limit possible damage. The fire alert program displays a

video of the fire's location, as shown in Fig. 8.

Conclusion

Deep learning and wireless sensor networks can help achieve accurate interior fire detection.
The proposed system is based on YOLOVS, and the results of the experiments show that the detection
model is more accurate and works well for real-time fire detection. Edge cameras with the fire detection
model can be used to detect fires in buildings, factories, and houses. Furthermore, this technology is
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particularly useful in sensitive places such as petrol stations, where it can aid in the rapid identification
and extinguishment of fires. The use of cutting-edge technology improves the capacity for swift

response and early detection, thereby saving lives and preserving a secure interior environment.
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