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Abstract- Over the years, sensor technologies have been 

devel- oping significantly all over the world. Several sensors 

have been developed for various applications, such as 

detecting vehicle ob- stacles, tracking and surveillance, and 

so on. Due to the im- proved capabilities of cameras, 

surveillance has largely captured the attention of scientists 

among these many applications. This paper presents a 

review of various fire sensing technologies and evaluates the 

performances of the different methods reviewed. This 

paper primarily concentrates on the framework of the var- 

ious architectures, the capability of the various methods to 

de- tect fire and the performance evaluation of the 

frameworks that were reviewed. 

 

Keywords- Fire detection, convolutional neural networks, 

deep learning, R-CNN, flame detection, boundary roughness, 
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I INTRODUCTION 

Globally, millions of hectares of land are destroyed due 

to fire. Thousands of lives including those of humans 

and animals are lost every year. If fire is not properly 

contained, the damage caused by this can be massive. 

Therefore, it is paramount to detect fire at the early stage 

to prevent the cause of large scale damage. This can be 

done by detecting fire using surveillance cameras, 

locating the fire and then notifying the fire department 

or the disaster management team immediately so that 

the fire can be contained without causing further 

damage. There are two approaches for fire detection: (1) 

using traditional fire alarms, and (2) using vision sensor-

assisted fire detection systems. Traditional fire alarms 

are based on sensors that require close proximity for 

activation (e.g : smoke sensors). During the initial stage 

of a fire, sometimes smoke may not be produced much. 

In that case, these systems will take longer to detect the 

fire. These systems also require human involvement to 

confirm whether the fire is dangerous or not. These 

systems can also cause false alarms. Vision sensor-

assisted fire detection systems use cameras for real-time 

fire detection. As a result, it responds faster than 

traditional fire alarms and requires less human 

interference. It can cover large areas and can confirm 

fire without having to visit the location. They are 

affordable and can provide information about the 

intensity, size and location of the fire. By detecting fire 

quickly and accurately at its incipient stage, the 

emissions of flammable toxic products, as well as the 

greenhouse gases produced by the fire itself can be 

reduced. 

 

These environmental effects are often overlooked, but 

undoubtedly come from all fire events. 

 

II FIRE DETECTION METHODOLOGIES 

A Approach I: Based on 

Heat 

Fires produce heat in the surrounding area. A heat 

sensor can be used to detect the heat produced. The 

different types of heat sensors are fixed temperature, 

rate of rise and rate of compensation. Once the 

temperature crosses a specific threshold value, the 

fixed temper- ature sensor gets activated. This 

threshold value may be 58 degree Celsius or above. 

Fixed temperature sensors can be divided into 3 

categories, namely:fusible-element, distributed, and 

bimetals [12]. Fusible-element heat detect consists of 

a eutectic alloy. When the temperature increases to the 

eutectic temperature, the alloy changes state from a 

solid to a liquid-like solder. An electric circuit is 

made and an alarm is actuated due to the release of a 

spring held un-   der pressure. Distributed heat 

detector comprises a twisted pair of electrical 

conductors separated from each other by a heat 

sensitive insulator, and enclosed in a protective 

sheath. An electric circuit is created by the twisted 

conductors and an alarm is actuated since the insulator 

changes physical state from a hard solid to a molten 

state when exposed to heat. Electrical, optical, and 

sheathed thermocouple are the 3 categories of 

distributed heat sensors. In case of fire, the change of 

some parameters of cable with temperature occurs. 

The change of wire resistance and surface 

temperature are the working principles of electrical 

and sheathed thermocouple type heat sensors. The 

working principle of bimetallic type heat sensors is 

thermal expansion of the metals [12]. Two metals 

with different expansion rates are bonded together to 

form one piece of metal which is used as the 
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bimetallic strip in fire alarms. The open electrical 

circuit is closed by the strip which activates an alarm as 

a result of heat. A heat sensitive insulator separates 

one or more fibre optic cables which are protected by 

an outer sheath in optomechanical heat detectors. The 

fibre optic cable transmits a focused light signal. When 

exposed to heat, the heat sensitive insulator changes 

state from a solid to a molten state which results in 

discontinuation of the focused light sig- nal. An alarm 

is actuated by a device that monitors the signal change. 

The electronic types of heat detectors use one or more 

thermistors for temperature detection [12]. 

B Approach II: Based on 

Gas 

The air quality parameters vary when compared to 

the composition of good air quality during a fire and 

carbon monoxide and hydrogen  

 
 
Fig. 1: Acoustic Wave Based Gas Sensing. 

 

cyanide are the most toxic gases responsible for fire 

casualties [12]. If the carbon monoxide level increases then 

the oxygen level decreases. Smouldering fire is indicated 

by a low change in concentration of oxygen. It is also 

called a low intensity fire. However, liquid fuel fires or fast 

burning fires are indicated by a large change in 

concentration of oxygen. 

Semiconductor metal oxide gas sensors are highly 

sensitive and cost less. However, these sensors have 

stability issues that may trigger false alarms. Molecules 

having certain dimensions can be sieved and allowed to 

enter the pores of zeolites. This makes zeolites useful for 

gas separation. Therefore, the selectivity of gas sensors can 

be enhanced by applying certain layers of material, such 

as zeolite, to metal oxides [18]. Acoustic wave-based gas 

sensing methods are recorded to display a shift in 

acoustic wave velocity. A wavelength or intensity 

modulated LASER beam is designed to pass through the 

test gas as shown in Fig. 1 [28]. The gas molecules 

absorb and release the energy of the LASER beam, 

creating an acoustic wave that is detected by an acoustic 

detector. Information regarding gas concentration is 

provided based on the magnitude of the acoustic wave. 

C Approach III: Based on Smoke 

Smoke detection is a crucial factor in preventing disasters 

and inci- dents. Given the large range of methods and 

sensors proposed for smoke detection, none have been 

able to sustain a high frame rate while enhancing 

detection efficiency. There is currently a noticeable 

demand for automatic smoke detection systems that work 

quickly while requiring low maintenance costs. These 

surveillance systems are used for detecting smoke on 

their own or for early warning of fires. For the latter case, 

the flames do not appear in front of the camera during the 

first moments after the ignition, but the burning materials 

emit pillars of smoke which occupy larger volumes. In 

such situations, an incident can be observed even though 

the source of the fire is concealed behind another object, 

such as a fence. 

The problem discussed in this paper is the detection of 

smoke in front of a stationary camera. Smoke may be the 

early precursor of a fire, and its rapid detection may 

reduce the damage caused by a fire. Since low-cost 

surveillance systems tend to use low- resolution cam- eras, 

the algorithm should work quickly and be able to detect 

smoke from low-resolution video data. However, low-

cost high-definition (HD) cameras are currently emerging 

whose data cannot be quickly processed using existing 

surveillance task algorithms. This paper  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig. 2: Smoke detection algorithm. The gray background area 

represents the steps performed using CUDA. 

 

presents a smoke detection method for surveillance 

cameras that relies on the shape features of the smoke 

regions as well as color information. The technique 

involves the use of a stationary cam- era to detect changes 

in the scene using a background subtraction process. The 

color of the smoke is used to assess the probability that 

the pixels of the scene belong to the smoke region which 

is present on the frame. Not all pixels of the actual smoke 

area appear in the foreground mask due to the variable 

smoke intensity. These separate pixels are combined with 

morphological operations and associated-component 

marking methods. The presence of a smoke area is 

confirmed analyzing the roughness of the boundary. 

The final step of the algorithm is to test the density of 
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edge pixels in an area. Comparison of objects in the 

current and previous frames is conducted to distinguish 

between fluid smoke regions and rigid moving objects. 

Some parts of the algorithm have been 

 
Fig. 3: Results of detection by the algorithm (second row) and 

detection by (third row). 

 

 

TABLE I: PERFORMANCE COMPARISON IN 

EACH STEP OF THE ALGORITHM. 

 

 
 

boosted by parallel processing using CUDA GPUs, 

allowing quick processing of both low-resolution and 

high-definition videos. The hybrid approach of CPU 

and GPGPU use in one algorithm where steps that 

benefit from parallelization are implemented using 

CUDA as shown in Fig. 2 [10]. In our comparison with 

the implementation of the proposed method for CPU 

we see that the hybrid approach applied to HD videos 

allows keeping the processing time less than 200ms as 

appropriate surveillance systems while CPU only 

provides less than two frames per second of 

performance [10]. 

The algorithm was tested on multiple video sequences 

and demon- strated adequate processing time for a 

realistic range of frame sizes as shown in Fig. 3 [36]. In 

future work, the most recent background subtraction 

method will be used in parallel to achieve noise-resistant 

detection. In parallel CPU threads, boundary roughness 

and edge density can be calculated. An interesting 

approach to the combi- nation of threaded building 

blocks (TBB) and CUDA will be used in the manner 

explained in Intelligent Classifiers to replace simple 

step-by-step smoke detection. 

D Approach IV: Based on Flames 

Flames have different shapes and textures, there are 

distractions such as flame in colour. For these reasons it 

is very difficult to determine the shape of the flames in 

the images. With conventional flame detection 

methods, artificial features are often used to detect 

flames [1]. To solve the problem of high-level false 

alarm when using direct detection of common object 

detection in the flame detection method, it is suggested 

that the flame-guided detection method, this strategy 

uses the same network to create global image 

information.As shown in Fig. 4 [3],they use these two 

methods to enhance Faster R-CNN (Regions with 

Convolutional Neural Network features) to perform a 

fireplace detection process during a controlled 

manner.(Regions with Convolutional Neural Network 

features) [24] to perform a fire detection process in a 

controlled manner. .They did research on  the BoWFire 

database and showed that the method improved the 

acquisition speed by 10.1% compared to the original 

Faster R-CNN and the false alarm was reduced by 

21.5%, and the overall acquisition accuracy increased 

by 9.3%. PascalVOC [8] tests and Corsician  

 
 

Fig. 4: Model structure of global information-guided flame de- 

tection. 

 

databases strongly indicate the proposed methods. 

The improved results of the methods are due to two 

reasons. One explanation is the powerful features used 

by Faster R-CNN and GIN, and the other is the 

richness of our training set. 

Comparison with other methods. 

. First, the effect of a color-coded guiding strategy on 

R-CNN’s fast-paced approach is read in the BoWFire 

[6] database. As shown in Table II [3], the results are 

compared with the method of Chino et al. [6] , which 

used handmade features to detect flame, and the 

methods of Muhammad et al. [20][22] using 

SqueezeNet and Mo- bileNet. The results of accurate 

comparisons, memory measurement and F 

measurement metrics, as well as comparative results 

of false positives, false benefits and accuracy metrics 

are given in Table II [3]. 

Table II [3] exhibits that the colour guided 

anchoring [33] tech- nique can improve the review of 

the fire discovery. The flames in 97.48% of fire 

pictures are accurately recognized, however this will 

likewise increment false positives. The general 

precision of the dataset is marginally expanded. 

Likewise, as noted in Table II [3], the benefit of the 

Faster R-CNN is the review of the fire target, yet the 

disadvantages are the non appearance of the global 

data and  the restrictions of the preparation 

information. The quantity of false positives utilizing 

just Faster R-CNN is more noteworthy than 25%, 
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which demonstrates that this technique alone is as yet 

inadequate de- spite testing pictures. In addition, they 

found that most of the objects mistakenly identified as 

flames were objects of warm colors, such as sunsets 

and light. Compared with other methods based on 

CNN [19], the proposed method is superior regarding 

precision, F-value, false positives and accuracy. 

Sample images of the detection results guided by GIN 

are given in Fig. 5 [3]. The artificial light source in 

Fig. 5(b) [3] and the sun in Fig. 5(d) [3] are not 

detected as flames, because the two images are noted 

as non-flame by GIN. 

In total, this paper proposes the discovery of 

guided fire flames methods. The first method is color-

coded anchoring strategy, which 

 

TABLE II: COMPARISON OF DIFFERENT 

METHODS. 

 

 

 
 

Fig. 5: Detection results guided by GIN: (a) flame in a factory (top 

left); (b) street with artificial light sources (top right); (c) burning 
house (down left); (d) river in sunset (down right). 

 

is an easy way to get started the effectiveness of Faster 

R-CNN in finding flames. The second method is 

developed to deal with the problem of false positive, by 

using the flame guided by global flame detection that 

significantly reduces the incorrect alarm rating by 

using the same Global Information Network (GIN). We 

have com- pared our methods with the three available 

ones using the BoWFire database, and the results show 

that our methods have gained greater accuracy and 

reduced false positives. We also checked the speed on 

BoWFire database to prove the benefit of colour-

correction strategy. Corsician Fire Database test and 

PascalVOC2012 data confirms the stability of our 

system methods. Improved results for methods are 

identified for two reasons. First explanation is the 

powerful features used by Faster R-CNN and GIN, and 

another richness of our training database. In the next 

step, they are planning to learn how to share  a feature 

map between Faster R-CNN and GIN to reduce the 

slow- down of computers by training them both at the 

same time. Finally, they will re-use the proposed 

methods in a robot that fights a fire and tests its 

effectiveness. 

Another method proposed was a system containing a 

lightweight CNN based on the SqueezeNet 

architecture. This system mainly focuses on the 

detection and localization of the fire. This system can 

minimize human interaction, cause faster response and 

has af- fordable cost. Furthermore, these systems can 

confirm a fire without requiring a visit to the location of 

the fire, and can also provide information about the fire 

including its location, size, degree, etc. A SqueezeNet 

deep neural network model modified according to the 

target problem was used. The SqueezeNet model was 

trained on the ImageNet dataset which contains 

approximately 14 million images and it is capable of 

classifying 1000 different objects. According to the 

target problem, it is only necessary to classify the 

images   as fire or non-fire. Therefore, the number of 

neurons was reduced from 1000 to 2 in the final layer. 

The proposed model consists of two convolutional 

layers, three max pooling layers, one average pooling 

layer, and eight modules called “fire modules”. The 

input of the model consists of color images with 

dimensions of 224×224×3 pixels. In the first 

convolution layer, 64 filters of size 3×3 are applied to 

the input image which generates 64 feature maps. The 

first max  

TABLE III: COMPARISON OF VARIOUS FIRE 

DETEC- TION METHODS FOR DATASET1. 

 

 

pooling layer selects the maximum activations of 

those 64 feature maps with a stride of two pixels. 

Hence, the most useful features are retained and the 

less important features are discarded. The first two 

fire modules, fire2 and fire3, have 128 filters. Fire4 

and fire5 have 256 filters, fire6 and fire7 have 384 

filters, and fire8 and fire9 have 512 filters. Each fire 
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module consists of two additional convolutions: 

squeezing and expansion. As the name suggests, the 

squeeze layer and expansion layer squeezes and 

expands the input respectively. The selected 

SqueezeNet model was pretrained on the ImageNet 

dataset. Hence, it is capable of classifying 1000 

objects. In this case, the final convolution layer is 

modified according to the target problem by reducing 

the number of classes to two, namely, fire and normal. 

The output from the average pooling layer is fed into 

the Softmax classifier to calculate the probabilities of 

the two target classes, namely, fire and normal.To 

avoid the problem of overfitting, various models were 

trained on the collected training data and the 

performance of all these models were evaluated. 

Transfer learning strategy was also examined to 

further improve the accuracy of the proposed model. 

Using the transfer learning strategy, the pretrained 

SqueezeNet architecture was fine-tuned with a 

learning rate of 0.001. The method of fine-tuning was 

done for 10 epochs. This increased the accuracy from 

89.8% to 94.50%. An improvement of approximately 

5% in the accuracy was achieved using transfer 

learning strategy. The experimental results obtained 

using both Dataset 1 and Dataset 2 are compared with 

various fire detection methods as shown in Table III 

[20] and Table IV [20] respectively. 

As shown in Table III [20], the proposed method 

was compared with several fire detection algorithms. 

In terms of false negatives, the findings show that 

Çelik and Demirel [2] and Foggia et al. [11] are the 

best algorithms. The algorithm of Habiboglu et al. [13] 

performs best among the other methods on the basis of 

false positives. Its false negative rate, however, is 

14.29%, the worst result among all the methods that 

were considered. The AlexNet architecture was used 

without fine tuning, which resulted in 90.06% accuracy 

and reducing  

 

TABLE IV: COMPARISON OF VARIOUS FIRE 

DETEC- TION METHODS FOR DATASET2. 

 

 

 

 

the false positives from 11.67% to 9.22%. Transfer 

learning strategy was also used which improved 

accuracy by 4.33% and decreased the false negatives 

and false positives by 8.52% and 0.15% respectively. 

The results of the proposed model were compared with 

various fire detection algorithms in terms of relevance, 

dataset and year of publication. In order to ensure a 

full overview of the performance of the proposed 

approach, yet another set of metrics (precision, recall 

and F-measure) was considered. Dataset2 was evaluated 

in the same way as Dataset1 with the fine-tuned AlexNet 

and the proposed fine-tuned SqueezeNet models. Using 

the proposed model, further improvement was 

achieved. The F-measure score was increased from 

0.89 to 0.91 and the precision was increased from 0.82 

to 0.86. Table IV [20] shows that the proposed method 

has achieved better results than the state-of-the-art 

methods. It is evident from Table III 

[20] and Table IV [20] that the proposed model 

performed much better than any of the state-of-the-art 

models. The findings support the efficacy of the 

proposed framework. 

 

III CONCLUSION 

Detecting early fires with less false positives is the 

primary goal of a fire sensing system. If the sensors 

provide quick responses then fire can be extinguished 

before it destroys life and property. Each approach has 

its own set of strengths and disadvantages . Although 

Approach I has slow response time, it is reliable and it 

gives less false positives. However, the rate of false 

positives in Approach IV is almost the same as the 

existing models but it can process multiple surveillance 

streams. Computational redundancy is another issue 

faced in Approach IV.  Some of the major problems of 

Approach  II are irreversibility, instability and poor 

selectivity. Approach III is susceptible to noise but it 

outperforms the state-of-the-art work by processing 

frames four times faster when HD resolution is used. 

Combining the key strengths of all these fire sensing 

technologies can overcome the drawbacks of the 

traditional system that are seen today. 
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