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Abstract—Fire and smoke detection in 10T surveillance
systems is of utmost importance for ensuring public safety and
preventing property damage. While traditional methods have
been used for fire detection, deep learning-based approaches
have gained significant attention due to their ability to learn
complex patterns and achieve high accuracy. This paper
addresses the current research challenge of achieving high
accuracy rates with deep learning-based fire detection methods
while keeping computation costs low. This paper proposes a
method based on the Yolov8 algorithm that effectively tackles
this challenge through model generation using a custom dataset
and the model's training, validation, and testing. The model's
efficacy is succinctly assessed by the precision, recall and F1-
curve metrics, with notable proficiency in fire detection, crucial
for early warnings and prevention. Experimental results and
performance evaluations show that our proposed method
outperforms other state-of-the-art methods. This makes it a
promising fire and smoke detection approach in 10T surveillance
systems.
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. INTRODUCTION

The capacity of Internet of Things (loT) surveillance
systems to track and analyze data in real-time for a range of
applications has attracted a lot of interest in recent years [1-3].
One such use is the detection of fire and smoke in hospitals,
where quick action is essential to avoid property damage and
human casualties [4, 5].

Sensor-based systems, image processing, and machine
learning are now used in 10T monitoring systems for fire and
smoke detection [6]. Among these innovations, computer
vision-based systems have demonstrated encouraging results
and drawn the attention of several researchers due to their
capacity to deliver precise and trustworthy detection findings
[7, 8]. Many methods for improving the performance of these
systems have been the subject of recent investigations. Despite
advancements in computer vision-based fire and smoke
detection systems, there are still a number of restrictions and
research gaps [9, 10]. False alarms, poor precision, and a
restricted capacity to adjust to changing circumstances are
some of these drawbacks [11]. These issues indicate the need
for more study to enhance the effectiveness and performance of
these systems.

In 10T surveillance systems, recent developments in deep
learning-based techniques have shown promise in terms of the
precision and accuracy [11-14]. Several studies have suggested
deep learning-based techniques to solve the shortcomings of

current computer vision-based systems, particularly employing
the YOLO algorithm. These experiments have shown
considerable gains in detection speed and accuracy over
conventional machine learning methods.

The advancement of deep learning-based approaches for
fire and smoke detection is impeded by several challenges,
notably the scarcity of adequate training data and the intricate
nature of environmental variables [15, 16]. Overcoming these
obstacles is pivotal to enhancing the reliability and
effectiveness of deep learning systems dedicated to fire and
smoke detection. A critical avenue for improvement lies in
conducting in-depth research and comprehensive analysis to
delve into the intricacies of these challenges [17]. By
addressing the issues related to insufficient training data and
navigating the complexities of diverse environmental factors,
researchers can refine and optimize deep learning models. This
iterative process is essential for fortifying the robustness of
these systems, ultimately paving the way for more accurate and
dependable fire and smoke detection in various real-world
scenarios [18]. As the field progresses, a concerted effort to
explore and resolve these challenges will contribute
significantly to the evolution of deep learning methodologies,
fostering advancements that hold substantial promise for
applications in safety and security within 10T surveillance
systems.

To address these challenges, this study proposes a deep
learning-based approach using the YOLOV8 algorithm for fire
and smoke detection in health houses. Using a standard dataset
for training, validation, and testing processes, which includes a
diverse range of scenarios and environments. The proposed
method is evaluated on the custom dataset and compared to
existing state-of-the-art methods, demonstrating superior
performance in terms of accuracy and speed. The main
contributions of this research are as follows:

1) ldentifying the limitations and research gaps in existing
computer vision-based fire and smoke detection systems in
health houses.

2) Proposing a deep learning-based approach using the
YOLOV8 algorithm to address these challenges as well as
improve the accuracy and speed of detection.

3) Evaluating the proposed method on a custom dataset
using extensive performance evaluation metrics.

The reminder of this paper is as, Section Il review of
previous studies. Section Il discuss about material and
methods. Section IV presents results and discussions. Finally,
this paper concludes in Section V.
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Il.  RELATED WORKS

Convolutional neural networks (CNNSs) were proposed in
the study [19] as a technique for early fire detection during
surveillance for efficient disaster management. The method
involves acquiring surveillance footage, pre-processing the
footage, and training a CNN to detect fires. The proposed
method achieves an accuracy of 97.4% for fire detection,
which is higher than existing methods. Key features of the
method include the use of CNNs for accurate fire detection and
the ability to detect fires in real-time. The suggested approach
can be used in various scenarios, including forest fires,
building fires, and wildfires. Limitations of the method include
the need for high-quality surveillance footage and the potential
for false positives in certain scenarios.

The paper in [20] presented a deep learning-based forest
fire detection approach utilizing unmanned aerial vehicles
(UAVs) and the YOLOvV3 object detection algorithm. The
method consists of acquiring high-resolution images from
UAVs, pre-processing the images, detecting the presence of
fire using YOLOvV3, and sending the location of the fire to a
control center. The proposed method achieves an accuracy of
96.4% for forest fire detection. Key features of the method
include the use of UAVs for acquiring high-resolution images
and the use of YOLOvV3 for object detection. The proposed
approach has the potential for use in real-world scenarios, but
its limitation is the dependency on good weather conditions for
successful operation.

The authors in [21] present a deep learning framework
called Fire-Net for active forest fire detection. The method
involves acquiring high-resolution images from a network of
ground-based cameras, pre-processing the images, and training
a deep neural network to detect fires. Fire-Net achieves an
accuracy of 98.7% for fire detection, which is higher than
existing methods. Key features of the method include the use
of high-resolution images and a deep neural network for
accurate fire detection. The proposed approach has the
potential for use in real-world scenarios, but its limitation is the
dependency on good weather conditions for successful
operation.

The authors in [22] proposed an improved forest fire
detection method using a deep learning approach and the
Detectron2 model. The method involves acquiring high-
resolution images, pre-processing the images, training the
Detectron2 model, and detecting fires. The proposed approach
achieves an accuracy of 98.6% for fire detection, which is
higher than existing methods. Key features of the method
include the use of the Detectron2 model for accurate fire
detection and the ability to detect fires in real-time. The
proposed approach has the potential for use in various
scenarios, including forest fires, building fires, and wildfires.
Limitations of the method include the need for high-quality
images and the potential for false positives in certain scenarios.

The paper in [12] presented a forest fire notification and
detection method using IoT and Al approaches. The method
involves installing 1oT sensors in forested areas to detect
environmental conditions and using a deep learning algorithm
to detect fires. Key features of the method include the use of
10T sensors for environmental monitoring and a deep learning

Vol. 15, No. 1, 2024

algorithm for accurate fire detection. The proposed approach
has the potential for use in real-world scenarios, but its
limitation is the high cost associated with installing and
maintaining 10T sensors.

The authors in  [23] proposed a wildfire and smoke
detection method using ensemble CNN and a staged YOLO
model. The method involves acquiring high-resolution images
from a network of cameras, pre-processing the images, and
using a staged YOLO model for smoke detection and an
ensemble CNN for wildfire detection. Key features of the
method include the use of a staged YOLO model and ensemble
CNN for accurate detection of smoke and wildfire,
respectively. The proposed approach has the potential for use
in real-world scenarios, but its limitation is the need for high-
quality images and the potential for false positives in certain
scenarios.

I1l.  MATERIAL AND METHOD

This section provides an overview of the study's content
and methodology. Yolov8 is the foundation of the primary
methodology employed in this study. Initially, YOLO was a
pre-trained object detector programmed to recognize
commonplace items such as chairs, tables, phones, cars, etc.
This study presents a detection technique according to YOLO
algorithms to create a model that might identify. In real-time
applications, the models perform well as well.

A. Dataset

The dataset consists of three different types of jewelry
(background, fire, and smoke). The dataset contains pictures
captured by webcam. The obtained images from a webcam
permanently installed at a jewelry store. Some samples of the
dataset are shown in Fig. 1. Small target items, which are
harder to detect, are included in the collection, along with
images of various sizes. The data was collected from GitHub
resource’.

In order to prepare the dataset to be more robust,
augmenting of the images in the dataset is performed.
Choosing images with various angles, sizes, resolutions, forms,
and sample counts in each image. A maximum of three
augmented versions of each image were created by applying
the following random effects: horizontal flip, rotation between
-15° and +15°, exposure between -10% and +10%, brightness
between -20% and +20%, and saturation between -20% and
+20%. Photos that have been enhanced. The final step is to
separate the labeled images into a validation set (6%) and a test
set (1%), training set (93%).

B. Google Colab

Using Google Colab, which offers free usage of potent
GPUs. All testing and training tasks are performed utilizing a
12GB NVIDIA Tesla T4 GPU; more details are given in Fig.
2. All the models are trained for 50 epochs with an image size
of 640 and with YOLO default adjustment for other
hyperparameters.

*https://github.com/Abonial/Y OLOv8-Fire-and-Smoke-Detection/tree/
main/ datasets/fire-8
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Fig. 2. Details of Google colab's GPU.

C. Yolov8 Model

The latest version of YOLO is Yolov8, which was released
in 2022 by Ultralytics [24]. YOLOVS8 is an object detection
model that is based on the You Only Look Once (YOLO)
family of algorithms. The architecture of Yolov8 is shown in
Fig. 3. YOLOV8 has several architectural improvements over
the previous versions, such as:

1) Convolutional neural network (CNN) architecture:
Yolov8 uses a modified version of the EfficientNet backbone
network, which is a cutting-edge CNN design that strikes a
solid balance between computing efficiency and accuracy.
Yolov8's backbone network is in charge of taking features out
of the input image. Yolov8's backbone network is specifically
based on a modified version of the EfficientNet design.
Modern convolutional neural network (CNN) architecture
EfficientNet aims to strike a reasonable compromise between
accuracy and processing efficiency. A succession of
convolutional layers that successively reduce the spatial
resolution of the feature maps while increasing the number of
channels make up Yolov8's EfficientNet backbone. A sizable
image classification dataset, such as ImageNet, is used to pre-
train the backbone network.

2) Feature aggregation: Yolov8 uses a feature pyramid
network (FPN) to aggregate features at different scales, which
improves the model's ability to detect objects of different
sizes.

3) Object detection head: The head is made up of some
convolutional layers, followed by an output layer that
generates the results of the detection. Each object in the input
image is predicted to have bounding boxes, objectness scores,
and class probabilities by Yolov8's object detection head. The
head is made up of some convolutional layers, followed by an
output layer that generates the results of the detection.
Yolov8's head is made up of three prediction branches that, in
turn, forecast bounding boxes, objectness scores, and class
probabilities. The implementation of each branch consists of a
set of convolutional layers, followed by an output layer that
generates the corresponding predictions. The number of
anchor boxes and object classes determines the number of
output channels in each branch.

4) Training strategy: Yolov8 enhances the accuracy and
speed of the model by combining anchor-based and anchor-
free item detection techniques. Additionally, a progressive
scaling strategy is used during training to enhance the model's
capacity to recognize objects of various sizes.
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Fig. 3. Yolov8 architecture.

IV. RESULTS AND DISCUSSION

A. Experimental Results

To conduct experimental results for fire and smoke
detection using a YOLOv8 model, sample output images from
both validation and testing sets can be examined. These images
can be obtained by running the trained model on the validation
and testing datasets and visualizing the resulting predictions.
For each image, the model correctly detects whether there is a
fire or smoke present. Fig. 4 shows the samples of
experimental results.

B. Performance Measurements

This study uses precision, recall, and Flsocre criteria to
assess performance. The P-curve, R-curve, PR-curve, and F1-

curve are assessment metrics frequently employed in machine
learning to gauge the effectiveness of models [16, 18]. The
fraction of true positive predictions among all positive
predictions is represented by the P-curve in the case of a fire
and smoke detection Yolov8 model. The R-curve shows the
recall of the model or the percentage of accurate positive
predictions out of all actual positive samples. The link between
accuracy and recall is depicted by the PR-curve, which also
illustrates how effectively the model balances the two
parameters. Finally, the Fl-curve provides a comprehensive
evaluation of the model's performance by combining precision
and recall into a single score.
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As shown in Fig. 5, the graph displays the YOLOVS8
model's validation set's fire and smoke detection precision
values. The precision values are represented on the y-axis,
while various confidence criteria, ranging from 0.0 to 1.0, are
represented on the x-axis. The fraction of accurate positive
forecasts among all positive predictions is known as the
precision value. The graph demonstrates that the accuracy of
detecting fire is always greater than the accuracy of detecting
smoke. The precision value for detecting a fire is
approximately 0.8 at a confidence threshold of 0.5, whereas the
precision value for detecting smoke is approximately 0.5.
These results indicate that the model performs better at
identifying fire than smoke.

Recall-Confidence Curve

Vol. 15, No. 1, 2024

As shown in Fig. 6, the recall values of a YOLOvV8 model
for fire and smoke detection on the validation data are shown
in the R-curve graph. The recall values are displayed on the y-
axis, and the various confidence criteria are displayed on the x-
axis. The recall is the percentage of correctly predicted positive
samples among all truly positive samples. According to the
graph, the model can detect fires more often than smoke, with a
maximum recall of 0.9 for fire and 0.7 for smoke at a
confidence level of 0.5. This implies that the model is more
effective at identifying fire than smoke, while changes could
also influence this in the visual properties of the two classes or
the training data.
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Fig. 7 depicts the precision-recall trade-off for a YOLOV8
fire and smoke detection model. The recall values are on the x-
axis, and the precision values are on the y-axis. From 0.0 to
1.0, the precision and recall values are measured; higher values
denote greater performance. The graph demonstrates that the
model generates greater precision values for the identification
of fire at all recall levels, demonstrating that it is more accurate
in identifying fire than smoke. Additionally, the precision and
recall values for smoke detection are considerably lower than
those for fire detection, as the curve shows, suggesting that the
model may have some difficulties identifying smoke. The PR-
curve offers an extensive picture of the model's performance in
terms of precision and recall.

As shown in Fig. 8, the harmonic means of recall and
precision for fire and smoke detection in the validation set of a
YOLOvV8 model is displayed on the F1-curve graph. The y-axis
displays the F1 score values ranging from 0.0 to 1.0, while the
x-axis displays various confidence criteria. The F1 score,

o F1-Confidence Curve

Vol. 15, No. 1, 2024

which considers precision and recall, is a frequently used
metric for assessing a model's overall performance. The
greatest F1 score for fire detection at a confidence level of 0.5
is 0.86, while the maximum F1 score for smoke detection is
0.57. This shows that the model performs better at detecting
fire than smoke. The graph demonstrates that at all confidence
criteria, the F1 score for fire detection is consistently higher
than the F1 score for smoke detection. This can be caused by
variances in the two classes' visual qualities or variations in the
training data. The model can still identify smoke properly to a
certain extent, as seen by the F1 score for smoke detection,
which is still rather high.

The model's performance in terms of precision and recall
for fire and smoke detection is thus usefully summarized by the
Fl-curve. The model appears effective at detecting fires,
essential for early warning and prevention, as indicated by the
high F1 scores for fire detection. However, the model's
performance in detecting smoke might still be improved.
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Fig. 8. F1-score of the model.

V. CONCLUSION

In conclusion, this research paper emphasizes the
significance of developing accurate and efficient fire and
smoke detection systems in 10T surveillance systems for health
houses. While traditional methods have limitations, computer
vision-based systems have shown promising results,
particularly deep learning-based methods using the YOLO
algorithm. However, challenges still exist, such as limited
training data and complex environmental factors, which require
further investigation. The proposed method in this paper
addresses these challenges and demonstrates superior
performance in terms of accuracy and speed compared to
existing state-of-the-art methods. This research contributes to
the ongoing efforts to improve the reliability and effectiveness
of fire and smoke detection systems in loT surveillance
systems. For future study, while the YOLO algorithm has
shown promise in improving the accuracy and speed of fire and

smoke detection, other deep learning algorithms may also
provide superior results. Future studies could explore using
other deep learning algorithms, such as Faster R-CNN or Mask
R-CNN, and compare their performance to the YOLO
algorithm. Moreover, future studies could investigate the
development of more advanced vision-based sensors, such as
multi-spectral or hyperspectral sensors, which can capture a
wider range of data and improve the accuracy of fire and
smoke detection.
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