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Abstract. Fire accidents present considerable risks on a global scale,
leading to considerable losses in life, property, and the environment. Tra-
ditional sensing technologies face challenges in effectively detecting fires,
particularly in large areas. Deep learning approaches have been explored
for fire detection systems, but challenges remain, particularly in scenar-
ios like indoor and forest fires, and distinguishing between fires with or
without smoke. These challenges lead to environmental losses and long
recovery periods. In this paper, our objective was to tackle these chal-
lenges by presenting a solution utilizing a one-stage object detection
method for identifying flames and smoke, where we focused on covering
indoor, outdoor, and forest fires. We employed YOLOv8 and YOLOv5
models in several gathered datasets, aiming for an accurate model. Eval-
uation yields a mAP@0.5 of 93% with YOLOvS&. Based on the results,
the best-obtained model was integrated into the implementation of a live
stream-detecting application.
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1 Introduction

Fire is a major factor causing substantial losses in lives, property, and economic
damage. In 2020, the International Association of Fire and Rescue Services doc-
umented 36,480 incidents of structure fires across eighteen chosen cities globally.
Additionally, 34,880 fire-related casualties were documented in 52 cities around
the world over the four years from 2016 to 2020. Electrical fires are a leading cause
of fires globally. Forests, which cover about 4 billion hectares or roughly 29% of
the Earth’s land area, also suffer significant losses from incidents like forest fires
and tunnel fires. These fires, whether caused by humans or natural events, pose
serious threats, often resulting in catastrophic damages and losses. Forest fires,
in particular, lead to substantial environmental damage that can take decades to
recover from. Early fire detection technologies primarily used particle-activated
'point sensors,” designed based on fire characteristics like heat, gas, flame, and
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smoke. These sensors activate when fire particles reach the sensor, causing a de-
lay. While effective in small rooms, they are not suitable for large, open spaces,
as particles need to travel farther to reach the sensor. The static and dynamic
characteristics of fire flames and smoke include attributes like color and move-
ment, which point sensors do not utilize for detection. Deep learning, particularly
Convolutional Neural Networks, has become increasingly popular across various
fields of machine learning, particularly in tasks like image segmentation, clas-
sification, and retrieval (2,9, 1]. However, the challenge of limited datasets and
the large amount of data required for training hinder optimal model accuracy.
Transfer learning, proposed by Sinno Jialin Pan and Qiang Yang in 2009, offers
a potential solution to this issue [17,1]. Object detection, a critical computer
vision task, is divided into one-stage and two-stage detection models. One-stage
models predict object presence and placement in a single pass, while two-stage
models involve suggesting regions and refining bounding boxes for precise iden-
tification [13,6]. These deep learning techniques are now widely applied in fire
detection systems. Intending to fill several existing gaps, this study introduces a
fire detection method utilizing the one-stage object detection technique. Hence,
we alm to propose a precise model capable of detecting both flames and smoke,
and we strive to integrate our proposed models into all fire detection systems,
encompassing various indoor and outdoor scenarios. The rest of the paper is or-
ganized as follows: The related work section and our proposed detection method
are presented in the third section, following the obtained results and discussion,
and finally the conclusion.

2 Related Work

Flame detection is crucial, especially in low-light conditions where smoke can
cover flames. Dou et al. [5] compared eight object detection models using CNNs
on flame and smoke datasets. They optimized YOLOv5s by integrating CBAM,
BiFPN, and lightweight networks like MobileNetV3. This enhanced model achieved
an 82.1% mAP with 5.9M parameters and 8.1G FLOPs. Yandouzi et al. [16] em-
ployed UAVs for real-time forest fire detection, using YOLOvV6, v7, v8, and Faster
R-CNN with different backbones. Their dataset of 4236 Fire and Smoke im-
ages, captured by ground cameras and drones, underwent augmentation. Ground
cameras provided detailed real-time visuals of forest fires. Using YOLO, they
achieved 89.45% mAP@Q.5, while Faster R-CNN reached 90.57% mAP@Q.5. De-
wangan et al. [4] introduced FIgLib, a dataset of nearly 25,000 labeled wild-
fire smoke images from fixed-view cameras. They proposed SmokeyNet, a deep
learning model for real-time smoke detection, achieving 83.49% image accuracy.
SmokeyNet, based on ResNet34 with two input frames, demonstrates fast per-
formance, processing images in 51.6 milliseconds.

Various machine and deep learning-based methods have been proposed to de-
velop dependable fire detection systems, However, these approaches vary de-
pending on their specific objectives and the techniques they employ. Some stud-
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ies focused more on detecting either flame or smoke only. Meanwhile, others
neglected indoor scenarios.

3 Proposed Detection System

In this research, we introduced a method for detecting fires that includes both
flame and smoke detection (Fig 1). the approach starts with a data-gathering
step, along with a pre-processing stage. Further, the detection phase was a one-
stage object detection technique, where we applied YOLOv5/v8. Several trials
resulted in trained models that were evaluated after, in order to determine the
most suitable one.
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Fig. 1. Proposed One-Stage Detection Approach

3.1 Dataset

Even though several publicly available fire image datasets exist, a few of them
cover all possible cases, such as indoor, outdoor, forest outdoor, flame, and
smoke. In this study, we gathered our own datasets based on existing datasets, in
order to guarantee variety in data as well as the maximum amount of it (Tab.1).

3.2 Pre-processing

The pre-processing phase started with the labeling process. The majority of the
collected images were not already labeled. The process begins with locating the
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Table 1. Collected datasets

Dataset ‘ Images ‘ Annotations ‘ Indoor‘ Outdoor ‘
D1 |Fire:around 1000 - v
D2 | Fire:around 500 - v
D3 Fire:1367 1500 v Ve
D4 Smoke:737 1200 v
Fire:400
D5 smoke:600 B v v
Fire:1052 Fire:1862
D6 Smoke:1670 | Smoke:1699 v v

presence of each flame and smoke with a bonding box, which was converted to
a numeric value and stored in a text file with the same name as the image,
containing the annotations (bounding boxes) for the corresponding image file,
that is object class, object coordinates, height, and width. Furthermore, the im-
ages were resized to (640x640). Afterward, the collected datasets were split into
80%, 13%, and 7% for training, testing, and validating respectively. Augmenting
images in the training set serves various objectives, such as increasing diversity,
mitigating over-fitting, enlarging the dataset, improving generalizability, and ad-
dressing diverse variations. In our study, we employed several data augmentation
techniques, as outlined in Table 2.

Table 2. Data Augmentation

Blur Up to 0.75px
Rotation Between -15° and +15°
Crop 0% Minimum Zoom, 20% Maximum Zoom

3.3 Detection Architecture

One-stage object detection refers to a type of model that predicts the presence
and location of objects in an image with a single pass through the input image.
In our approach, we worked with YOLO(you only look once) with two different
versions: YOLOv8n and YOLOv5n as demonstrated in Fig.1.

Essentially, the YOLO network comprises three fundamental components: the
backbone, responsible for feature extraction; the neck, which focuses on aggre-
gating features; and the head, tasked with taking output features from the neck
as input and producing detections [7].

YOLO-v5 marked the initial native release of architectures within the YOLO
family that were coded in PyTorch [8], departing from the traditional Dark-
net framework. Deep learning technology employed in YOLOv5 enables real-
time and efficient object detection tasks. Compared to its predecessor YOLOv4,
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YOLOvV5 has seen enhancements in model architecture, training methodology,
and overall performance [12].

The YOLOv5 model utilizes the CSP (CrossStage Partial) network structure,
which efficiently decreases redundant computations and enhances computational
efficiency. Nevertheless, YOLOv5 exhibits certain limitations. For instance, it
struggles with detecting small objects and requires improvement in detecting
dense objects. Furthermore, its performance in challenging scenarios like occlu-
sion and pose variations still requires enhancement [7,12].

In January 2023, YOLOvS8 was proposed as a solution combining the best fea-
tures of existing object detectors. YOLOvV8 incorporates the CSP concept from
YOLOV5 [15], the feature fusion method (PAN-FPN) [10,11], and the SPPF
module (Fig. 2). The C2f module, inspired by the ELAN concept in YOLOvT
and combining C3 with ELAN, was introduced in YOLOvS8 [14]. This integra-
tion allows YOLOvVS to acquire a wealth of gradient flow information while still
maintaining its lightweight nature [14,12]. The CBS block is composed of a
convolutional layer, batch normalization, and a Sillu activation function. Mean-
while, the SPPF block includes: a CBS block, and three Max-pooling (5 x 5)
layers that their output concatenates with the CBS, then followed by another
CBS block.
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Fig. 2. Detection Architecture
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4 Results and Discussion

We employed TensorFlow 2.10.1 and Python 3.10 for the execution. Yet, in the
pre-processing stage, we employed the RoboFlow tool for annotation. In the
training phase for each one of D3, D5, and D6 we can notice that the model’s
training classification loss stabilized starting from the 80th, 20th, 70th, and 130th
epochs respectively, while the box loss didn’t stabilize (Figs. 3, 4, 5, and 6). As
for the validation classification loss values, the stabilization started from the
90th epoch for D3, at the 10 epoch for D4, the 50th epoch for D5, and the 70th
for D6, however, the box loss didn’t stabilize for D4, D3, and D5 but for D6 we
can say that it did stabilize a bit starting from the 120th epoch.

train/box_loss train/cls_loss
3.0 4 —e— results
1.6 -
2.5 1
1.4 A
2.0 1
1.2 A
1.5
1.0 1.0
0 50 100 0 50 100
val/box_loss val/cls_loss
264 3.51
3.0 1
2.4 1
2.54
2.2 1
2.0 1
2.07 1.5
1.8 1 1.0 A
0 50 100 0 50 100

Fig. 3. D3 training results

Considering the IoU threshold, a = 0.5
TP : IoU > 0.5
FP : IoU < 0.5
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Fig. 4. D4 training results
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Fig. 6. D6 training results

Intersection over Union (IoU) This metric measures the degree of overlap
between the identified object and the actual object present in the ground truth
data. It serves as a reliable measure to verify the accuracy of the detected object
with the ground truth object[16, ?] we calculate the union of the two bounding
boxes and the intersection between them, with two rectangles, their coordinates
are (x1, y1,x2, y2) and (x3, y3, x4, y4), the IoU is :

Area of Overlap

IoU =

Area of Union

Pl = Min(x2,z4) - Max(x1,23)
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True Positive False Positive  False negative

Fig. 7. Intersection Over Union.

Table 3. Yolo test results

Model Dataset|Class |Precision|Recall mAP@0.5mAPQ
0.5-0.95
D1 All 0.64 0.36 [0.34 0.131
YOLOVSn Al [0.62 0.46 [0.43 0.18
D3 All 0.81 0.86 [0.92 0.42
D4 All 0.94 1 0.99 0.56
Fire [0.65 0.73 ]0.68
D5 Smoke|0.86 0.82 [0.73
YOLOv8n Al |0.87 0.78 [0.70
Fire (0.84 0.76 ]0.88 0.44
D6 Smoke|0.95 0.92 |0.97 0.56
All 0.89 0.84 |0.93 0.50

P2 = Min(y2,y4) - Max(yl,y3)
Aol = P1 x P2
P3=(22-21)(y2-y1)

P4 = (x4 -2x3)(y4-y3)
AoU = P3+ P4 - Aol

ToU values vary from 0 to 1, with 0 indicating no overlap and 1 indicating perfect
prediction and overlap. The IoU measure is useful because of thresholding, which
means we need a threshold a to verify whether the detection is correct. Average
precision AP@a denotes the Area Under the Precision-Recall Curve (AUC-PR)
at the IoU threshold. It is formally defined in Eq. 1. Mean Average Precision
(mAP) The mean Average Precision (mAP) (Eq. 2) is the average of AP values
over all classes, the higher the mAP the better the model’s detection is [3].

1
APQq = d 1
a= [ p@ryar 1
mAPGa = - S AP, (2)
n n

Table 3 presents test results for YOLOv5n and YOLOv8n models across diverse
datasets and classes. YOLOvS8n consistently outperforms YOLOvb5n, as reflected
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in higher precision, recall, and mean Average Precision (mAP) scores. For in-
stance, in dataset D6, for both classes, YOLOv8n achieved a precision of 0.89
and recall of 0.84, resulting in a mAP@Q.5 score of 0.93, while YOLOv5n at-
tained a precision of 0.64, recall of 0.46, and mAP@O0.5 of 0.43. These variations
highlight the importance of dataset selection and model choice for optimizing
fire and smoke detection performance.

Based on the obtained evaluation outcomes, we determined that YOLOvS8 using
the D6 dataset had the best results. Therefore, the model was selected and im-
plemented for fire detection in a live stream camera. Fig 8 demonstrates some
fire-detected instances from the live stream.

5 Conclusion

This paper presented and evaluated a one-stage detection approach utilizing
YOLOv8n and YOLOv5n for fire and smoke detection in various environments.
The evaluation demonstrated the superior efficiency of YOLOvV8 in real-time
object detection, surpassing YOLOv5 with a mAP score of 93%. The study em-
phasized the importance of diverse data instances and detection architectures for
enhancing model efficacy in real-world settings. Looking ahead, there are promis-
ing opportunities to apply these models practically. For example, integrating
them into drone systems for forest fire detection shows potential. Additionally,
incorporating these object detection frameworks into CCTV-based systems could
enhance indoor fire detection capabilities. These future initiatives aim to lever-
age technology advancements to improve fire detection systems across different
landscapes, enhancing safety and protection against fire hazards.
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