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Abstract—Forest fire refers to fire that are freely controlled by 

humans and are free to spread and expand in forests, causing 
certain damage and loss to forest ecosystems and human beings. 
Because of their rapid spread, firefighting and rescue are difficult, 
and they pose a serious threat to people’s lives and the natural 
environment. Therefore, it is very important to extinguish the 
fire immediately when the fire is still in its infancy. In order to 
reduce the risk of forest fires, prevention is far more important 
than firefighting. If it can be identified at the beginning of the fire, 
it can reduce various losses. The characteristics of CNN make 
it have many advantages in speech recognition and image 
processing, especially for multi-dimensional input vector images 
that can be directly input into the model, avoiding the complexity 
of data reconstruction in feature extraction and classification. In 
this paper a CNN based forest fire detection model is used which 
can classify images into three classes depending on the state of fire 
in the forest. 

Index Terms—convolutional neural networks, forest fire, pool- 
ing, deep learning 

 

I. INTRODUCTION 

Forests generally are situated in remote areas and are 

unmanaged. They contain trees, dry leaves, and woods. These 

materials are highly combustible, and they tend to act as 

fuel sources thus serving as one of the main reasons for the 

initial fire ignition. Another reason that could be attributed 

to the occurrence of forest fires naturally is the combination 

of lightning strikes. Forest fires can be characterized by 

the reason that causes the ignition, presence of combustible 

materials along with their physical properties, and the effect of 

weather on the fire. Human-induced Forest fires have become 

common due to the burning of combustible material in open 

grounds of forests or by doing any other activity that produces 

sufficient fire/spark/heat to act as a primary reason for the 

initial ignition. 

Ground fires that are fueled by organic matter buried. 

Surface fires that are fueled by materials like dry leaves and 

small shrubs present in the forest bed. Ladder fires are fueled      

by small trees and areal fires which are fueled by tall trees, 

vines, and mosses. Forest fires also termed as Wildfires has 

seen an exponential increase in their occurrence in various 

parts of India over the last few years. Roughly 4,800 hectares 

of forest was lost in the forest fire that occurred in February 

2018 at Bandipur Tiger Reserve in Karnataka and it took 5 

days to douse the fire. In March 2018, yet another incident 

took place in Theni, Tamil Nadu. According to the India State 

of Forest Report 2019 over 30,000 incidents of forest fires 

have occurred in that year. Unfortunately, the forest fire is 

not observed during the initial stages and by the time it is 

identified, the fire would have spread over a large area thus  

 

 

making it nearly impossible to control. Several classification 

approaches have been proposed, but there are disadvantages 

in the proposed models that lead to inefficiency and inability 

to produce accurate results. A novel Convolution Neural 

Network algorithm provides high efficiency, accuracy, and 

comparatively less data-training stress when compared to the 

supervised machine learning algorithms that require manual 

data-training. 

II. CONVOLUTION NEURAL NETWORKS 

In deep learning CNN models to train and test, each input 

image will pass it through a series of convolution layers with 

filters (Kernals), Pooling, fully connected layers (FC) and 

apply SoftMax function to classify an object with probabilistic 

values between 0 and 1. Following are the concepts and layers 

of CNN. 

A. Convolution Layer 

Convolution is the first layer to extract features from an 

input image. Convolution preserves the relationship between 

pixels by learning image features using small squares of input 

data. It is a mathematical operation that takes two inputs such 

as image matrix and a filter or kernel.  

                            Fig-1 Convolution process 

 

Then the convolution of 5 x 5 image matrix multiplies with 

3 x 3 filter matrix which is called “Feature Map” as output 

shown in Figure 2.3. Convolution of an image with different 

filters can perform operations such as edge detection, blur and 

http://www.ijcrt.org/


www.ijcspub.org                                                     © 2022 IJCSPUB | Volume 12, Issue 3 July 2022 | ISSN: 2250-1770 

IJCSP22C1049 International Journal of Current Science (IJCSPUB) www.ijcspub.org 438 
 

sharpen by applying filters 

B. Strides 

Stride is the number of pixels shifts over the input matrix. 

When the stride is 1 then we move the filters to 1 pixel at a 

time. When the stride is 2 then we move the filters to 2 pixels 

at a time and so on. The below figure shows convolution 

would work with a stride of 2.    

               

                                      Fig-2 Strides 

           

C. Padding 

Sometimes filter does not fit perfectly fit the input image. 

We have two options: Pad the picture with zeros (zero- 

padding) so that it fits Drop the part of the image where 

the filter did not fit. This is called valid padding which keeps 

only valid part of the image.  

                     

                              Fig-3 Padding operation 

 

D. Non-Linearity (ReLU) 

ReLU stands for Rectified Linear Unit for a non-linear 

operation. The output is ƒ(x) = max (0, x). Why ReLU is 

important: ReLU’s purpose is to introduce non-linearity in our 

ConvNet. Since, the real-world data would want our ConvNet 

to learn would be nonnegative linear values. 

 

                         Fig-4 ReLU operation  

E. Pooling Layer 

Pooling layers section would reduce the number of parame- 

ters when the images are too large. Spatial pooling also called 

subsampling or down sampling which reduces the dimension- 

laity of each map but retains important information. Spatial 

pooling can be of different types: Max Pooling Average 

Pooling Sum Pooling. 

         

        Fig-5 Max Pooling with 2x2 filters and stride 2 

 

Max pooling takes the largest element from the rectified 

feature map. Taking the largest element could also take the 

average pooling. Sum of all elements in the feature map call 

as sum pooling. 

F. Fully Connected Layer 

The layer we call as FC layer, we flattened our matrix into 

vector and feed it into a fully connected layer like a neural 

network. 

 

                   Fig-6 Fully Connected Layer 

III. LITERATURE REVIEW 

The technologies underlying fire and smoke detection sys- 

tems play a crucial role in ensuring and delivering optimal 

performance in modern surveillance environments. In fact, fire 

can cause significant damage to lives and properties. 

Considering that the majority of cities have already installed 

camera-monitoring systems, this encourages us to take ad- 

vantage of the availability of these systems to develop cost- 

effective vision detection methods. However, this is a complex 

vision detection task from the perspective of deformations, 

unusual camera angles and viewpoints, and seasonal changes. 

To overcome these limitations, Valikhujaev et. al. [1] proposes a 

new method based on a deep learning approach, which uses a 

convolutional neural network that employs dilated convo- 

lutions. They evaluated their method by training and testing 

it on our custom-built dataset, which consists of images of 

fire and smoke that we collected from the internet and labeled 

manually. The performance of the method was compared with 

that of methods based on well-known state-of-the-art 

architectures. The experimental results indicated that the 

classification performance and complexity of our method are 

superior. In addition, their method is designed to be well 

generalized for unseen data, which offers effective 

generalization and reduces the number of false alarms. 

Devastating fire is a strong interest in home monitoring 

system. Fire detection and its information utilization using 

image processing and information technology can be a great 

hope to reduce the devastation of fire mishaps. However, there 
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are many systems with state- of-the- art for fire detection, but 

false signal is still a challenge to avoid. In this paper 

Hasan et. al. [2] an automatic fire detection and warning 

system under home video surveillance is presented in order to 

identify fire from video camera data and warn the concerned 

people accordingly. The planned system undergoes a low 

computa- tional time taking fire detection approach using 

RGB color space, and it warns the people dynamically than 

conventional alarming unit. The designed system will be able 

to cope up with the present conventional fire detection 

approach under security surveillance system. The used fire 

detection approach has been tested under different scenarios 

is also presented to substantiate the accuracy of the 

system. In [5], it proves that MITM attacks can be done 

during NFC communication, when using a passive card. 

This method of attack mimics real implementation of EMV 

protocol enabling devices, used for payments. Paper 

demonstrates how a contactless payment system can be 

compromised by an attacker, by using a malicious MITM 

card. A mechanism for attack detection by increased time 

delay during channel switching is defined. How to design and 

implement the MITM attack with an active card is not 

discussed in this paper. 

With the advent of industrialization and rise of power 

generation plants, the cases of firing are on the rise. Besides 

other methods of fire detection, the technology today has 

touched every single aspect of human life in a way that 

are unimaginable. It is widely used for instant 

recognition and managing a rising fire. Edge detection is a 

significant ingredient in flame. Edge detection techniques can 

protect the significant structural property of the flame and 

also cut down the dispensation time. This technique can used 

to fragment a collection of flames as well. In this paper 

Sandhu et. al. [3] an edge detection technique using 

morphological operation has been proposed which gives the 

satisfactory outcomes and is much faster than other 

traditional methods as demonstrated with the help of 

computer simulation. 

Fire accidents produce huge loss in industry. The irrecov- 

erable and unaccountable damages also make environmental 

harm. Many safety standards are implemented in industry to 

avoid such accidents. But the fire catching news is increasing 

more in now days. Sensor based fire detections were installed 

in most companies. But the range of such sensor is low 

compared to the area of the premises. Camera surveillance 

system is a predominant part in building automation 

system and thus computer vision-based fire detection system 

is being developed to embed with camera. The identification 

of blaze edges defines a practice of determining margin 

between the region of thermal response or not. Several fire 

detection algorithms have been developed. These procedures 

will not point out steadiness of blaze regions. Here by 

Maheenet. al. [4] a novel approach is proposed to distinguish 

the fire region from the video frame using color correlogram 

feature. Saliency based features are also extracted from the 

segment. The color probability of neighboring pixel is 

estimated with color auto correlogram feature. Machine 

learning algorithm is implemented to train the feature vector. 

With the na¨ıve Bayes classifier, the proposed system could 

test Fire 2018 dataset and obtained 96.97 

In The fire accident usually causes economic and ecological 

damage as well as cause danger to people’s lives. Therefore, 

its early detection is must for controlling this damage. Also, 

smoke is considered as main constituent of fire, thus an 

efficient smoke detection algorithm on sequences of frame 

obtained from static camera is proposed. It is based on 

computer vision-based technology. This algorithm uses color 

feature of smoke is comprised of following steps: reading 

the image, preprocessing, classify color pixels using k- means 

segmentation. This paper Shrivastava. al. [5] discusses mainly 

the segmentation problem. It adopts L*a*b* color space and 

kmeans clustering algorithm to isolate the smoke from video 

sequences. Finally, the Kmeans algorithm used is compared 

with the fuzzy c- means algorithm used previously. 

In his paper Buemi. al. [6] presents Horus, a novel algorithm 

for fire detection in videos. It exploits a fuzzy model to discern 

the frame’s fire areas by color recognition. The classic Mam- 

dani fuzzy inference process allows estimating the membership 

degree of each pixel to the set of fire-colored pixels. The final 

check analyzes the motion dynamic of the areas classified as 

fire to reduce the risk of false. 

In this paper Wang. al. [7] a novel algorithm based on con- 

volutional neural network (CNN) and support vector machine 

(SVM) for fire detection in infrared (IR) video surveillance 

is proposed. To improve the performance of IR fire detection, 

they developed a 9-layer convolutional neural network named 

IRCNN instead of traditional empirically handcrafted methods 

to extract IR image features. Then, a linear support vector 

machine is trained with extracted features to achieve fire 

detection. The network adopts data augmentation technique 

and Adam optimization to deal with problems caused by 

the insufficient dataset, and accelerate the training process. 

Experimental results showed that their method achieved both 

high precision (98.82 percent) and high recall (98.58 percent) 

on IR flame dataset and real-time detection on the ordinary 

infrared surveillance cameras. 

Unmanned aerial vehicle (UAV) based computer vision 

system, as a more and more promising option for forest fires 

surveillance and detection, is now widely employed. In this 

paper Yuan. al. [8] an image processing method for the 

application to UAV is presented for the automatic detection of 

forest fires in infrared (IR) images. The presented algorithm 

makes use of brightness and motion clues along with image 

processing techniques based on histogram-based segmentation 

and optical flow approach for fire pixels detection. First, the 

histogram-based segmentation is used to extract the hot objects 

as fire candidate regions. Then, the optical flow method is 

adopted to calculate motion vectors of the candidate regions. 

The motion vectors are also further analyzed to distinguish 

fires from other fire analogues. Through performing morpho- 

logical operations and blob counter method, a fire can be finally 

tracked in each IR image. Experimental results verified that the 

designed method can effectively extract and track fire pixels in 

IR video sequences. 

Fire detection on roads at night has many limitations in 

the fire detection technique using ordinary RGB cameras. It 

has the problem of misinterpretation of flame due to various 

lighting sources such as vehicle lighting (LED, halogen) and 

street lamp (LED, fluorescent lamp). Hyperspectral cameras 

have hundreds of bands that can distinguish light sources based 

on the spectra of the light source. Therefore, it is possible to 

distinguish between the light of the flame, the vehicle light 

on the road, and the light of the roadside tree. In this paper 

Kim. al. [9] a method to simulate a fire in an environment with 

vehicle lighting and streetlight and detect a fire using NKNBD 

(Normalized K and NIR Band Difference) in hyperspectral 
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camera is discussed. 

The occurrence of fire disaster will cause great danger to 

human living environment, accurate and timely early warning 

can reduce or even eliminate the destructive losses caused by 

the smoke and flame produced by fire disaster. In recent 

years, thanks to the remarkable achievements of deep 

learning in the field of image, we propose a smoke and flame 

detection method based on deep learning. However, the 

huge number of parameters and calculations brought by 

the deep neural network structure results in a large model 

and a slow detection speed. In this regard, Zeng. al. [10] used 

lightweight design and channel pruning method to achieve 

the outstanding com- pression and acceleration effect, and 

realize the accurate and fast detection tasks of smoke and 

flame. Extensive experiments on the smoke and flame dataset 

demonstrate that after using the lightweight structure 

modification on the Refinedet model, it could only lose 0.4 

percent of the mAP value while saving 

87.8 percent parameters and 97 percent FLOPs. After pruning, 

47.5 percent parameters and 43.0 percent FLOPs can be 

reduced again, and the mAP value is increased by 0.7 percent 

instead. Finally, the research results could be applied to many 

security detections such as smart home, power transmission 

and transformation lines and forest protection. 

Unmanned aerial vehicles (UAVs) are increasingly being 

used in forest fire monitoring and detection thanks to their 

high mobility and ability to cover areas at different altitudes 

and locations with relatively lower cost. Traditional fire 

detection algorithms are mostly based on the RGB color 

model, but their speed and accuracy need further 

improvements. This paper Jiao. al. [11] proposes a forest fire 

detection algorithm by exploiting YOLOv3 to UAV-based 

aerial images. Firstly, a UAV platform for the purpose of 

forest fire detection is developed. Then according to the 

available computation power of the onboard hardware, a 

small-scale of convolution neural network (CNN) is 

implemented with the help of YOLOv3.    The testing results 

show that the recognition rate of this algorithm is about 83 

percent, and the frame rate of detection can reach more than 

3.2 fps. This method has great advantages for real- time 

forest fire detection application using UAVs. 

Forest fire is becoming one of the most significant natural 

disasters at the expense of ecology and economy. In this 

paper Zhang. al. [12] developed an effective SqueezeNet based 

asymmetric encoder-decoder U-shape architecture, Attention 

U-Net and SqueezeNet (ATT Squeeze U-Net), mainly func- 

tions as an extractor and a discriminator of forest fire. This 

model takes attention mechanism to highlight useful features 

and suppress irrelevant contents by embedding Attention Gate 

(AG) units in the skip connection of U-shape structure. In 

this way, salient features are emphasized so that the proposed 

method could be competent at forest fire segmentation tasks 

with a small number of parameters. Specifically, they first 

replace classical convolution layer by a depth wise one and 

engage a Channel Shuffle operation as a feature commu- 

nicator in the Fire module of classical SqueezeNet. Then, 

this modified SqueezeNet is employed as a substitution of 

the encoder of Attention U-Net and a corresponding DeFire 

module designed is combined into the decoder as well. Finally, 

to classify true fire, they take use of a fragment of the 

encoder in ATT Squeeze U-Net. The experimental results of 

modified SqueezeNet integrated Attention U-Net show that a 

competitive accuracy at 0.93 and an average prediction time 

at 0.89 second per image are achieved for reliable real-time 

forest fire detection. 

 
IV. RESULTS  

          Forest Figure 7 is a screenshot of a video of a wildfire 

in California in 2018, which was given as the input and the 

output consisted of the same video with its class and 

percentage probability of the class shown in Figure 8 

 

 

                     Fig-7 Video input 1 
 

   

             
 

             Figure 9 is a screenshot of a video of a rainforest, 

which was given as the input and the output consisted of the 

same video annotated with its class and percentage probability 

of the class shown in Figure 10.          
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Finally Figure 11 consists of aerial video of forest 

surrounded with smoke coming out due to the potential start 

of fire. the output consisted of the same video annotated with 

its class and percentage probability of the class shown in 

Figure 12. 

 

  
             

 

 

It is observed that both the training and validation loss are 

falling with the increase in the number of epochs shown in the 

Figure 13. We can observe that the training loss was greater 

that validation loss at low epochs and the reverse as the 

epochs increased. 

       
The opposite is in the case of accuracy, as we can see in the 

Figure 14 that accuracy is low at lower epochs and as we 

increase the epochs training and validation accuracy increases 

with training accuracy increasing at a more rapid pace 

compared to validation accuracy. 

 

   

CONCLUSION 

With the increase in global warming leading to droughts and 

extreme weather conditions, the smoke and carbon dioxide 

released from these forest fires intern increase the global 

warming, in order to tackle this problem, we need a system 

which can alert us before the catastrophic event has done 

significant damage. convolution neural networks are one of the 

fastest to implement having very high accuracy as well as well 

as has very little dependency on the data prepossessing. 

In this project a CNN model for the detection of fire is 

modelled which classifies the input images, videos or live 

footages into 3 classes depending on if the fire is present, 

not present or if there is possibility if starting a fire, which 

helps in taking necessary action before any significant harm 

is done. The accuracy of the model as per the result is over 

90 percent for new untrained images and 99 percent for the 

validation dataset, despite the fact it faced issues classifying 

start fire images. Therefore, the overall accuracy can be further 

increased by setting up a threshold probability for identifying 

start fire images. 
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