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ABSTRACT

A smoke detector is an instrument that detects smoke usually
as a fire warning. The devices available are placed in the
ceiling and they take too long to respond to smoke. These
smoke alarms are helpful when the smoke is big enough to
reach the ceiling and alarm that there is a fire in the area. It
takes a big fire and a lot of smoke before it can be detected and
before the alarm goes on. In this study, the detection of smoke
will be done by using an object-detection algorithm. It detects
smoke early even if there is only a small amount to be
detected. These detected smokes are then analyzed and will
then inform the user about the detected smoke. This study can
help a lot in fire prevention because of the detection of smoke
inside the house and can prevent fire as early as the smoke has
been recognized by the camera. The system produced an
overall 89% testing accuracy.

Key words : Deep Learning, Machine Vision, Smoke
Detection, Smoke Alarm.

1. INTRODUCTION

Smoke detectors are especially helpful in such situations
where the fire is expected to produce a substantial amount of
smoke until temperature adjustments are necessary to trigger
a warm detection process and a fire is identified [1]. Smoke
detectors use a photoelectric pillar between components and
sources of light [2]. A alarm is issued on the off chance that
smoke clouds are at the bar. Additionally, there are
refractive-type models that calculate the light changes that
exist inside the instrument as particles of smoke reach it [3].

The fire and smoke checking frameworks are helpful in
various industries, for example, the military, the government
managed savings and practical [4]. The ongoing techniques
for fire and smoke location are utilized just movement and
shading qualities subsequently many wrong cautions are
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going on and this is decline the exhibition of the frameworks.
This exploration displays another technique for fire and
smoke recognition through picture preparation [5].

The available existing devices nowadays are all placed in the
ceiling and they take too long to respond to fire and smoke. It
takes a big fire and a lot of smoke before it can be detected and
before the alarm goes on [6]. When the fire is big enough, it is
harder to stop it when it is detected very late. Commonly,
there are lots of fire cases in the Philippines, most especially
in Manila which is the Capital of the Philippines because of
overpopulation and a lot of informal settlers where the houses
are built from flammable materials [7]. Also, there are lots of
dormitories and condominiums that have fire alarms and
smoke detectors but it takes too long to be detected because the
alarms are placed at the ceiling which causes the fire to
increase until it was detected, and it makes the fire later to be
prevented [8]. It can cause a big fire most especially when
there is no one at home and the fire alarm goes on later that
the fire has already spread.

The main purpose of a smoke detector is to identify the fire is
present. It depends on the sort of detector it is, how it detects
the fire. A photoelectric model has a light source which enters
the sensor chamber [9]. The light is placed away from the
sensor at an angle. When smoke enters, light reflects on the
sensor, which activates the alarm. These devices are better
identified when smoldering fires emerge with smoke before
finally bursting into flames. There is another smoke detection
that doesn’t use photoelectric sensing such as [10]-[14]. Some
others used machine vision based deep learning for general
object detection such as [15]-[17].

With this project, it is easier to detect smoke and it can
prevent the fire earlier than expected with the existing
equipment in the market. This device doesn’t need to reach
the sensor because it will just detect the smoke in real-time
and even if it is just minimal, if the smoke is thick, it will
already be detected as fire-causing smoke and the device will
turn on its alarm.
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The objective of this study is to create a smoke alarm detector
that can sense smoke even the thinnest ones. It is to create a
system that will notify the user if smoke has been detected
inside his/her house.

This study's scope is to detect smoke inside the house that will
inform the user immediately if smoke has been detected. The
study will cover a limited area only or indoors and narrow
areas like school hallways, office rooms, and school
classrooms. The possible clients of this study, generally, are
the public because it is not limited to specific people with the
profession but it can be used by everyone that needs it inside
their homes and offices. The study is limited to detecting
smoke only whether it is smoke-causing cooking, vaping,
smoking or fire.

2. METHODOLOGY

The study developed a system that detects the presence of
smoke automatically and tells the user about the detected
smoke by using the object-detection algorithm in raspberry pi.
Figure 1 shows the methodology of the study.
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Figure 1: Methodology of Smoke Detection System

198

2.1 Smoke Dataset

The study gathered images containing smokes, vapes and
converted them into frames. After gathering images, the
images gathered are resized into 300x300 pixels. The dataset
shown in Figure 2 gathered one by one is indifferent
backgrounds. The study split the data for training and testing,
80% for training which includes 2364 images and 20% for
validation which includes 595 images.
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Figure 2: Smoke Dataset
2.2 Individual Smoke Annotation for Training

For annotating, the study used labellmg as shown in Figure 3.
Labellmg is a resource for graphical labels of images. It is
written in Python, and its graphical GUI uses Qt. Annotations
are stored in PASCAL VOC format, the format ImageNet
uses as XML data. In addition, it also supports YOLO format.

Figure 3: Annotation using Labellmg

2.3 Splitting Dataset

A. Training Dataset

The images were divided into 80:20 giving the training data
set 80 percent of the total images as shown in Figure 4. The
images are trained as 1 as smoke and 0 as not smoke.

Name

data

test

train
EL) test_labels.csv
(L) train_labels.csv

Figure 4: Splitting Dataset
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B. Testing Dataset

The images were divided into 80:20 giving the training data

set 20 percent of the total images. The images are trained as 1

as smoke and 0 as not smoke.

2.4 Training

The study used the ssd_mobilenet_v2_quantized_coco model

for training. It is the most compatible model for raspberry pi.

The process was completed once the loss is below 2.0 as

shown in Figure 5.
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Figure 5: Training Process

2.5 Model

This provides a common framework for the different
programming models as shown in Fig. 6. After having a test,
the model must be always implemented for a particular
instruction set providing the same programming model for
the smoke.
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Figure 6: Model

2.6 Converting TFlite

Fig. 7 below shows that the TensorFlow in Windows must be
converted into TensorFlow Lite or tflite for the model to be
run in the Raspberry Pi. The label map as shown in Fig. 8
must be configured accordingly.
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Figure 7: TFLite Model

] labelmap.pbict - Notepad

File Edit Format View
item {

id: 1

name: "smoke"

j
Figure 8: Label Map

2.7 Detected Smoke

After training, the trained model can now be use and test
using the pi-camera or webcam as shown in Fig. 9. It should
detect smoke and inform the user by announcing the “smoke
detected” sound for every ten counts of detection via speaker
or buzzer as shown in Fig. 10.
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Figure 10: Announcing “smoke detected” for every ten counts of
detection

3. HARDWARE DESIGN

The study created a 3D design prototype of the simulated
home-environment as shown in Fig. 11. During the process of
creating the design, the design took considerations to the size
of the case so that the camera would fit and would cover the
entire prototype to be detected.
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Figure 11: 3D Design Prototype
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Figure 12 shows that the actual prototype used acrylic glass
for the case and foam for the seats and Sintra board for the
table, TV and the table. The size of the case is 15 by 10 by 7
inches.

Figure 12: Actual Prototype

A. Raspberry Pi 4B

A Raspberry Pi 4B works like a computer; by copying the
model script and other files needed, the study executed the
python script and can now detect the smoke.

B. Raspberry Pi-Camera

A Pi-Camera is installed at the corner ceiling of the room
where it can be monitored. It is connected to the Raspberry Pi
4B via ribbon where the smoke detection is done. To work
properly, it needs to be positioned properly.

C. Live Feed

After running the python script, a live feed will appear and
ready to detect smoke whenever possible.

4. RESULTS AND DISCUSSIONS

A. Training Results

The total loss value given is a sum of the classification loss
and the localization loss as shown in Fig. 13. The
optimization algorithms are trying to reduce these loss values
until the researchers are satisfied with the results and
considered the model 'trained'. Generally, the lower the score
the better the model.

TotalLoss
tag: Losses/Totalloss

-4k -2k o 2k 4k Bk 8k 10k 12k 14k

Figure 13: Total Loss
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The X-axis accounts for the number of phases while the
Y-axis reflects the overall loss rate. The study used a loss
function to assess how much the expected values deviate from
the observed training data values. Table 1 shows the loss
value at each step in the training.

Table 1: Total Loss

Wall Time Step Loss Value
1.58E+09 14419 3.598059
1.58E+09 14445 2.372559
1.58E+09 14471 2.30938
1.58E+09 14498 2.165246
1.58E+09 14523 2.459556

B. Testing Results

The system detects the smoke inside or outside the case, as
long as the smoke is inside the range of the camera. Through
this, the device automatically detects the smoke and it will
inform the user of the detected smoke. It will trigger the alarm
“smoke detected” continuously as long as it detects smoke.
Fig. 14 shows the testing results using the model.
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10 Smoke 84%
11 Smoke 7%
12 Smoke 97%
13 Smoke 92%
14 Smoke 95%
15 Smoke 98%
16 Smoke 96%
17 Smoke 97%
18 Smoke 88%
19 Smoke 98%
20 Smoke 81%
21 Smoke 92%
22 Smoke 7%
23 Smoke 96%
24 Smoke 92%
25 Smoke 96%
26 Smoke 99%
27 Smoke 78%
28 Smoke 88%
29 Smoke 98%
30 Smoke 98%

Mean Average | 89%

Table 2 shows the testing results and Fig. 15 shows the actual
testing of the system using the simulated-home environment.
The study was able to get an 89% overall success rate in
detecting the smoke.

5. CONCLUSION AND FUTURE WORKS

In this study, the system has presented an alternative way for
people to prevent fire by detecting early smoke that can cause
a big fire after a long time. The existing devices and
equipment that can prevent fire are lacking as they detect fire
only when the smoke is very thick and if it reaches the ceiling
where the smoke detectors are placed but with this, the

: |
Figure 15: Testing Results using the Smoke-Induced Simulated
Home-Environment

Table 2: Testing Results detection of smoke doesn’t need to be thick and high and fire
Test# Expected Detection  Actual Output can be prevented early by informing the user that smoke has
(% Detection) been detected. This study proved an 89% overall testing
1 Smoke 95%
accuracy.
2 Smoke 99%
3 Smoke 84% In this study, the detection of smoke covers a minimal range
4 Smoke 86% of coverage making all of the smoke outside the area (like
those in wide-area open parking lots) hard to detect. This
5 Smoke 71% . . e -
issue can be solved by the help of the following modifications:
6 Smoke 88% First, changing the model where the dataset images are far
7 Smoke 69% from the camera or adding more dataset images of smoke that
8 Smoke 76% are long-ranged, secondly, by using other algorithms in
9 Smoke 99% detecting smoke that is capable of detecting smoke far from
the camera.
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