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 Fire hazards are the most unavoidable threat in any home, especially with elderly people 
living or working alone in the kitchen. The fire alarms presently used to detect smoke (not 
fire) with their properties are not so reliable. So, a real-time fire detection system is 
proposed that takes input as a live video stream, checks individual frames of the video for 
chances of fire, and alerts the user if fire flames exceed a threshold value. For this, ResNet-
50 and VGG-16 are used to simulate the proposed model using a publicly available dataset 
that comprises 864 images and 15 videos. The proposed approach yields 97.01% training 
accuracy, along with 96.63% precision, 96.28% recall, and 96.45% F1-score. The results 
reveal that the chances of getting false alarms are very low. The proposed model gives a 
more accurate result by examining the number of persons in the room and predicting the 
chances of fire in the absence of people. 
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1. INTRODUCTION 

 
With good medical care facilities and technological 

enhancements, the world's population is aging; nearly every 
country in the world is seeing a rise in the number and 
proportion of elderly people in its population. According to the 
statistics from World Population Prospects: the 2019 revision, 
by 2050, one in six people in the world will be over 65 years 
of age [1]. With a growing number of older adults living alone, 
it is increasingly important to ensure that they are safe at home. 
Frequent falls and burns are the most serious accidents 
occurring in old age. The recovery time among the older 
population is also comparatively longer. It is not rational to put 
the full responsibility of taking care of senior citizens suffering 
from dementia, Alzheimer's disease, etc. on family members 
and friends. Prevention of falls, protection against fire and 
related dangers, and avoiding bathroom hazards are some of 
the main concerns to ensure home safety for elderly people [2]. 
Among them, the kitchen plays an important role in human 
life. It is an essential place for everyday activities such as 
cooking. It is the place most visited by the resident and is also 
the most prone to being set on fire if left unattended. 

Fire hazards are the most common threat to elderly/disabled 
people while working in a kitchen alone. This paper proposes 
a fire detection and surveillance system that detects the 
presence of fire, checks its severity according to various 
threshold values, alerts the control panel, and notifies the 
occupants to evacuate the place immediately. This detection 
system is a step ahead of the current fire alarms [3, 4], as the 
fire alarms currently used detect smoke and its properties, and 
do not actually sense fire. This may give false positives in 
many cases or delayed detection, as smoke can be detected 
only after the fire becomes severe and exceeds a threshold 

value [5-7]. 
The proposed model will set the fire threshold higher to 

generate an alarm if there is someone present in the room, 
which can be detected using computer vision. It will try to 
generate an alarm soon enough, so that the fire can be put out 
in its initial stages to minimize the damage. The model will 
detect both fire and smoke using image processing techniques. 
It will also use motion detection of flames and smoke for better 
results. It is used to further train the detection model and gives 
accurate results. Besides fire detection, this model can also be 
used to detect and prevent falls caused by any unusual object 
present on the floor. 

The remainder of the paper is organized as follows. Section 
2 explains the related work done in the field of fire detection 
in kitchen/home. Section 3 describes the proposed model. 
Experimental results are presented in Section 4. Section 5 
presents the concluding remarks.  

 
 

2. RELATED WORK 
 
Since home safety is a major concern for disabled and 

elderly people, various approaches and devices have been 
developed [8-10]. The approaches in fire detection used 
classical detection methods that were slow to use in real-time 
applications. The researchers developed a method for 
detecting real-time video fire and smoke based on foreground 
image accumulation and optical flow [11-14]. Accumulation 
images are extracted using the frame differential method. A 
statistical model depending on the foreground accumulation 
image recognized the flame regions while assessing the optical 
flow and using a movement feature discriminating model to 
recognize smoke regions. The algorithm could detect the 
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following three detection cases in real time: fire with flame 
and no smoke, fire with smoke and no flame, and fire with 
flame and smoke. They used HSI and RGB color models for 
motion detection and smoke detection in addition to color 
features. Nevertheless, it takes the smoke detectors a long time 
to detect smoke. This risk cannot be taken in elderly care.  

Saifudaullah used Raspberry Pi and Arduino Uno-based 
technologies [15]. It was available at a lower cost with low 
power consumption and faster processing. But it did not 
explain any approach to detect fires. No measures were taken 
to avoid false alarms. Hence, it was not very reliable.  

In recent times, many small-sized and affordable software 
and hardware are available that are easy to use and install for 
fire color modelling and motion detection. But they did not 
provide smoke detection. There is no authentication for false 
alarms [16, 17]. 

In study of Avazov et al. [18], YOLOv7-based fire detection 
system was proposed for maritime environments using 4,622 
ship-scene images with data augmentation. It achieved 93% 
accuracy and achieved effective real-time fire detection. 
However, visually similar objects cause false detections. 

YOLOv8-based Smart Fire Detection System (SFDS) was 
proposed for real-time fire detection in smart cities using IoT, 
fog, and cloud computing [19]. It yielded high precision and 
was found effective for fire detection, with fewer false alarms 
and faster response. 

A YOLOv6-based fire detection system was designed using 
a dataset of 4,000 images acquired from multiple sources [20]. 
It achieved 0.96 recall and 0.83 precision. However, it suffers 
from overfitting. 

Another YOLO-based approach is used for a ship fire 
detection model [21]. It utilized histogram equalization to 
improve detection under challenging conditions. It achieved 
high accuracy and was found effective for real-time fire 
monitoring in maritime environments. 

A forest fire detection approach was proposed using 
YOLOv8-based transfer learning along with the TranSDet 
model [22]. It was trained on 5,200 augmented images. It 
achieved 98% accuracy and detected small, distant fires during 
both daytime and nighttime conditions. 

 
 

3. PROPOSED MODEL 
 

3.1 Motivation 
 
Fire alarm systems are important not only for building a 

smart home, but also have significant use in commercial 
purposes [23, 24]. The Municipal By-Laws and State 
Regulations give complete specifications for fire safety, 
detection, and prevention rules in India. Several commercial 
and residential buildings have been found flouting fire safety 
regulations, particularly high-rise buildings. Many residents 
do not bother to install fire detectors in their buildings. This is 
mainly due to increased costs and maintenance of systems. 
Also, it is a common notion among the elderly population that 
false alarms. Studies show that old people are a bit cranky in 
nature; they switch off the detectors if they give false alarms 
in some cases. Therefore, a model that gives good accuracy for 
alerts is required. 

However, fire alarms are an essential requirement in 
commercial as well as residential buildings. In this paper, a 
cost-effective real-time surveillance fire detection system is 
proposed, which studies the current state and availability of its 

residents in the room and gives us the chances of fire, if any. 
 

3.2 Proposed approach 
 
The proposed model consists of five main modules. These 

modules are image acquisition, division of frames, person 
detection, pre-processing, and deep learning. The brief 
description of these modules is given in the following 
subsections. Figure 1 illustrates the proposed model. 

 

 
 

Figure 1. Proposed model for identifying key frames 
 
3.2.1 Image acquisition   

Firstly, an input is given to the system, which can be either 
a live video stream, a captured pre-recorded video, or any 
image captured at a time instant with a webcam. If the input is 
a video or a live stream, then it is divided into subsequent 
frames. A normal video of 1 second constitutes about 25–30 
frames. It depends on the quality of the webcam used. 

 
3.2.2 Division into frames 

After dividing the video into frames, each frame is studied 
separately. There is no need to run the model and test it on 
each frame because generally, a small spark detected in one 
frame cannot turn into a massive fire in the next frame. The 
time difference between two subsequent frames is very small. 
So, a skip rate of approximately 4 frames per second is used. 
This means that we test for fire in every 1 out of 4 frames here. 

 
3.2.3 Person detection 

The inspection process is started on a single frame. To 
detect the number of persons in that frame, an OpenCV library 
function, HOG Descriptor and its various functions, is used. It 
works as an object detector and gives us the idea and count of 
the different objects present in the room. It acts as a classifier 
for objects. 

 
3.2.4 Image pre-processing 

If there are persons present in the room, then he/she can see 
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and extinguish the fire. However, if there is no one present in 
the room/kitchen, then the chances of fire are relatively higher. 
Various image processing techniques are used to sense the fire 
with the help of its properties such as color, motion detection, 
fire contour detection, and segmentation. 

RGB image is converted into Hue Saturation Value (HSV) 
form to segregate only fire characteristics. Segmentation is 
done to divide the image into smaller segments known as sub-
pixels for better processing. It makes the representation of the 
image easier. Motion detection detects the movement of pixels 
in subsequent frames. Figure 2 depicts the steps involved in 
fire detection. 
 

 
 

Figure 2. Steps involved in fire detection system using image 
processing techniques 

 
3.2.5 Applying deep learning modules 

The image processing techniques detect fire and smoke 
based on their visual properties. The physical properties of 
flame detection include color, shape, and temporal variation, 
whereas smoke detection considers diffuse texture, grayish 
appearance, and complex patterns. But these may give false 
positives in some cases. For instance, a large red colored 
moving object may be mistaken for fire flames if it resembles 
all its basic properties. People, especially senior citizens, get 
easily annoyed by these false alarms. They are more likely to 
remove the detection systems from their homes to avoid any 
panic attacks. 

Therefore, deep learning modules such as ResNet-50 and 
VGG-16 are used to improve the detection accuracy of both 
flame and smoke. Traditional Convolutional Neural Networks 
(CNNs) perform poorly on real-time datasets and may give 
misleading information [25]. Therefore, deep CNNs such as 
ResNet and VGG are used, which work well on real-time 
datasets. However, they take more time to train the model, but 
are also more accurate. They can handle images that are more 
difficult to classify. Feature extraction followed by object 

classification is done in this model. 
Residual Neural Network (ResNet) 50 is a form of 

convolutional neural network in which the actual input vector 
and the pre-processed input vector are combined to train the 
artificial neural network that follows. Figure 3 shows the 
training and testing of the proposed model. 

 

 
 

Figure 3. Training and testing of the proposed model after 
processing using a Convolutional Neural Network (CNN) 
 
In the proposed system, flame detection has higher priority 

because flames provide a distinct and immediate visual 
representation of fire. Smoke detection is a complementary 
indicator. It varies with lighting conditions, background, 
density, and scene depth. Therefore, flame detection provides 
more consistent visual evidence, while smoke detection 
supports early identification of fire without visible flames. 

Firstly, the model is trained on the dataset using ResNet-50. 
The training time is quite higher than that of a traditional CNN. 
The model is created by appending a 'Dense' layer, with a 
number of activation units equivalent to the number of classes 
(3), to a pre-trained ResNet-50 model. This significantly 
reduces the training time. The frames for training and testing 
are read from the directories using the Image Data Generator. 
Data augmentation is performed by horizontally flipping each 
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image by setting the horizontal flip to True in the Image Data 
Generator. Prediction involves sampling the test videos into 
frames and predicting the class probabilities in each sampled 
frame. The class with the maximum probability is assigned to 
the key frame. However, if the max probability is less than 0.5, 
the frame is assigned to the default class. The predicted class 
and the class probability are drawn on the frame before writing 
it into a separate video file using VideoWriter. If signs of fire 
are detected in any frame, the skip rate is immediately 
decreased to 1, testing each subsequent frame from then on for 
fire. 

 
 

4. RESULTS AND DISCUSSION  
 
4.1 Dataset used 

 
Detection of fire and smoke during live surveillance by fire 

authorities can significantly increase the response time to such 
tragedies saving many lives. The dataset used is taken from the 
Kaggle library and is named “Fire and Smoke Detection in 
CCTV Footage” [26]. This kernel translated this task into an 
image recognition problem on sampled CCTV video frames. 
The CCTV footage for training and testing is downloaded 
from publicly available videos. The training set is prepared by 
sampling the videos at a constant rate and manually 
distributing the sampled frames into 'default', 'fire' and 'smoke' 
categories. Frames are kept in directories named after the class 
to which they belong. 

The dataset comprises images and videos as shown in Table 
1. As compared to existing datasets, this dataset comprises 
video-derived frames instead of still images. It has also been 
used in existing fire-detection algorithms. The experiment is 
performed using the Python programming language on Google 
Colab [27]. 

 
Table 1. Dataset used 

 
Class No. of Images No. of Videos 

Training Phase 
Default 161 

12 Fire 274 
Smoke 258 

Testing Phase 
Default 84 

3 Fire 57 
Smoke 30 

 
4.2 Results 

 
4.2.1 Image processing output 

After converting the RGB image into HSV form and 
applying image processing techniques, the output image is 
obtained. Figure 4 shows the signs of fire flames detected. 
 
4.2.2 When a person is present in the room 

The person detector counts and detects the number of 
persons present in the room. If there are people present in the 
room/kitchen, then the chances of fire are relatively less, and 
he/she can extinguish the fire. 

Figure 5 shows the input image with 2 persons in the room. 
By applying the Histogram of Gradients (HOG) Descriptor 
with its parameters and multi-scale functions, we detect the 
person and obtain a probability of fire of 0.085%, which is 
almost negligible.  

 
(a) Input image 

 

 
(b) Output image 

 
Figure 4. Signs of fire flames detected using image 

processing 
 

 
(a) Input image 

 

 
(b) Output image 

 
Figure 5. Person detected in a room with a low chance of fire 
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(a) Original input image 

 

 
(b) Final output image 

 
Figure 6. Fire detected with probability after applying deep 

learning 
 
4.2.3 When no person is present in the room 

In a simple CNN, the flattened vector obtained from the 
images after going through the convolution phase may have 
discarded some essential features from the image due to 
repetitive convolution applied. For this reason, ResNet is used 
that will add the initial features to the pre-processed vector.  

Figure 6(b) shows the final output image when the trained 
deep learning model is simulated on the input image taken in 
Figure 6(a). 

4.2.4 Quantitative analysis 
Table 2 shows the accuracy obtained during the training 

phase from the pre-trained ResNet-50 model for 20 epochs. 
It is observed that the increase in number of epochs 

increases accuracy percentage as the model is trained. The 
training batch size is varied to decrease the system load. It 
gives the number of input images processed in a single training 
session. The default number of classes taken here is 3. 

Figure 7 shows the accuracy obtained during the training 
process. It is observed that the training loss decreases with the 
increase in the number of epochs. Accuracy increases and is 
almost tending to 1 as the number of epochs increase and the 
model is trained further.  

The proposed system can be trained on larger and more 
diverse datasets comprising different fire, smoke, lighting, and 
indoor environments. For real-home deployment, the model 
can be optimized and integrated with edge devices such as 
Raspberry Pi or NVIDIA Jetson, with multiple cameras at 
different angles and IoT connectivity. The system can monitor 
larger areas while maintaining real-time detection and alert 
generation. 

 

  
 

Figure 7. Accuracy vs. number of epochs 
 

Table 2. Accuracy obtained from the training phase 
 

Epoch No. No. of Classes Training Batch Size Accuracy (%) Precision (%) Recall (%) F1-Score (%) 
1 3 50 68.69 67.82 66.94 67.37 
2 3 50 89.32 88.76 87.95 88.35 
3 3 50 90.42 89.84 89.16 89.50 
4 3 50 91.20 90.73 90.02 90.37 
5 3 50 92.93 92.41 91.76 92.08 
6 3 72 93.07 92.58 91.94 92.26 
7 3 72 94.81 94.25 93.72 93.98 
8 3 72 94.81 94.38 93.85 94.11 
9 3 72 95.63 95.14 94.67 94.90 

10 3 72 95.53 95.06 94.52 94.79 
11 3 72 96.13 95.64 95.18 95.41 
12 3 104 96.51 96.03 95.61 95.82 
13 3 104 96.50 96.12 95.69 95.90 
14 3 104 96.58 96.19 95.78 95.98 
15 3 104 96.35 95.96 95.54 95.75 
16 3 112 96.76 96.37 95.91 96.14 
17 3 112 96.32 95.94 95.48 95.71 
18 3 112 96.45 96.08 95.63 95.85 
19 3 112 96.67 96.31 95.86 96.08 
20 3 112 97.01 96.63 96.28 96.45 
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Table 3. Comparative analysis 
 

Ref. Approach Dataset Accuracy 
(%) 

Precision 
(%) 

Recall 
(%) Limitations 

[15] Raspberry Pi + Arduino 
Uno Sensor-based — — — 

Fire-detection approach and false-
alarm handling not addressed in 

detail 

[18] YOLOv7 4,622 ship-scene 
images 93 — — False detections from visually 

similar objects 

[19] YOLOv8 + SFDS Smart-city 
environment — 97.1 — Evaluated for smart-city 

environments 
[20] YOLOv6 4,000 images — 83 96 Overfitting reported 

[21] YOLO + Histogram 
Equalization 

25,000+ ship-fire 
images 99 — — Focused on maritime environments 

[22] YOLOv8 + Transfer 
Learning + TranSDet 

5,200 augmented 
images 98 — — Mainly focused on forest-fire 

surveillance 
Proposed 

Work 
ResNet-50 + VGG-16 + 

HOG 
Fire/smoke 

CCTV images 97.01 96.63 96.28 - 

 
Figure 8 shows the validation loss during the validation 

phase. It reveals that the decrease in validation loss and 
accuracy remains constant as we increase the number of 
epochs during the validation phase of the algorithm. 

Table 3 presents the comparative analysis of the proposed 
and existing techniques. 

 

 
 

Figure 8. Variation in validation loss and accuracy 
 
 
5. CONCLUSION 

 
In this paper, an intelligent and fully trained fire detection 

and alert system is proposed to build safe homes. It analyzes 
the properties of fire and applies various image processing 
techniques to predict the output. This is more reliable than 
conventional fire alarms, as it uses deep learning techniques to 
train the model first and then is tested on a real-time dataset. 
The system has proved to be very reliable with great immunity 
to false alarms. However, there are several limitations of this 
dataset. It has only few videos that limits the diversity of 
camera viewpoints, indoor environments, backgrounds, 
illumination conditions, and fire/smoke appearances. 
Furthermore, bounding-box annotations have to be 
implemented separately in the frames for processing. Also, 
there are no multiple camera viewpoints, environmental 
conditions, lighting variations, fire intensities, smoke 
densities, and geographically diverse scenes. In the future, the 
data size will be increased to improve the accuracy of the 

proposed model. It will be integrated with other smart devices, 
such as a desktop or mobile application, to give an alert to the 
caretakers when their acquaintances are in danger. The 
proposed system will be deployed using an edge device such 
as Raspberry Pi or NVIDIA Jetson connected to an IoT 
platform. The fire detection alerts will be transmitted to a 
mobile application or cloud server in real time using the 
Internet. The application will notify users with the detected 
location and fire status. This provides a practical pathway from 
the current prototype toward real-world deployment. These 
results make the proposed system more efficient, robust, and 
reliable, and can be used commercially. 
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