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Abstract 

 
Traditional smoke detection methods need sensors close to the source of the smoke. 

In order to avoid this disadvantage, this thesis presents a method for indoor video 

based smoke detection. In addition, it helps to improve the success rate of detection, 

as well as reducing the false detection rate of suspected smoke. This method consists 

of two parts. First, we create a Gaussian mixture model to detect smoke color pixels. 

Then, we use the smoke‟s dynamic features to detect the smoke area and extract it 

from the area found in the first step, and in that way we can find the real smoke area. 

Our results show that this method can detect the smoke even before the flame 

appears. This will provide earlier warnings of fire, thus reducing economic losses 

and casualties. 
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1 Introduction 

Each year, a large number of people die in fires throughout the world, and the real 

killer is not just the fire. When a fire disaster strikes, smoke will always come with the 

fire. The number of deaths caused by smoke is 50%-80% of the total number of deaths 

in the fire. Therefore, smoke is the main cause of deaths when fire occurs in buildings. 

In buildings, there are oftentimes a large number of plastic decorations, chemical fiber 

carpets, foam filler furniture, and similar objects. These things will, in the combustion 

process, produce large amounts of toxic gases and consume a large amount of oxygen. 

The main components of the smoke in the fire are carbon monoxide, carbon dioxide, 

hydrogen sulfide and so on, all being toxic gases. Because of these gases, smoke can 

kill both by poisoning and by suffocation. Therefore, smoke detection is very 

important for fire prevention, to avoid people from dying in the fires; therefore it is 

important for the world. Based on the characteristics of smoke, we want to learn how 

to detect it – this can help us prevent fires from occurring and avoiding people dying.  

What is smoke? Smoke is a physical and chemical phenomenon. When 

substances burn, chemical changes will suddenly occur and particles as well as gases 

will be generated by transformation or decomposition of the substances. These 

particles and gases are what constitute the smoke. Smoke can have different colors, 

because of the different compositions it can have. Because of the impact of air, smoke 

has both irregular and diffuse features. Irregular, in that its shape is always changing, 

and diffuse, in that its area will grow larger and larger. As the area increases, the 

density will decrease more and more. As you see in figure 1, the smoke‟s edge is 

fuzzy, and the area of the smoke is becoming bigger and bigger. The color of the 

smoke in figure 1 is gray-black – however, as the area increases, the color of the 

smoke becomes more light, since the density decreases.  

The traditional methods of detecting smoke use techniques such as particle 

sampling, temperature sampling and relative humidity sampling – however, these 

techniques have proven inefficient and unreliable in many settings. Chen et al. [6] 

state that this is due to many reasons, such as the fact that the sensors needed for the 

detection equipment has to be close to the source of the smoke – otherwise the sensors 

cannot detect the smoke effectively. The traditional smoke detection methods are 

oftentimes hard to use in large places, such as warehouses and tunnels. Furthermore, 

they are difficult to use in areas with strong airflow, such as offshore drilling 

platforms [4, 12]. In addition, sensors always being in harsh environments risk being 

damaged or failing. 

To avoid these situations, an alternative way, which has grown more popular, is 

video smoke detection. These methods use computer programs to analyze videos in 
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more advanced ways, giving more flexibility and better responsiveness in detecting 

smoke. Because the smoke has both static feature (color) as well as dynamic features 

(Irregularity, Diffuse feature and Direction), in this thesis, we propose to use these 

features to detect smoke. Smoke can have different colors depending on the 

substances combusted, but in this thesis, we focus particularly on black and gray 

smoke. As for the dynamic features, we use three characteristics of smoke: irregularity, 

diffusion and direction. Smoke is always moving around and cannot maintain its shape 

– instead, it is changing all the time, seemingly without following any clear pattern. 

Smoke always keeps diffusion. The area of smoke will become larger and larger. In 

the easier case of smoke indoors, which is the main focus of this thesis and where 

wind is seldom a factor, the direction of the smoke is from the bottom, going upwards. 

Using these features, we hope to detect smoke effectively. Smoke detection can 

provide an early warning of fire, reducing economic losses and casualties. 

 

Figure 1. Wildfire (source: English Wikipedia, original upload 2 October 2005 by Nerval) 

[13]. 

1.1 Background 

This chapter will present the background theory relevant for this thesis. 

1.1.1 HSV color domain 

We all know that different smoke colors will be produced when different fuels are 

burned. We can use this property to distinguish the real smoke. In this case, we need 

to choose a suitable way to detect the colors. After some comparisons, we decided to 

use HSV color domain. HSV means hue saturation value. As can be seen in figure 2, 
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the H parameter represents the color information, and shows the position of the 

spectral colors; red, green and blue are separated by 120°. Complementary color differ 

180°. The S parameter represents saturation. This parameter ranges from 0 to 1, and it 

indicates the ratio between the selected color purity and the maximum purity of the 

color. When S = 0, it is only gray. Finally, the V parameter represents the brightness 

of the color, and also ranges from 0 to 1, with 1 being the brightest. 

HSV is an intuitive color model to the user, and is much easier than the RGB 

color space. We specify the color angle H and let V = S = 1. Then, we can add black 

and white in different amounts to get the color which we need. Adding black, the V 

parameter will decrease while the S parameter stays unchanged. Adding white, S will 

decrease and V will not change. 

   

Figure 2: HSV The HSV color model mapped to a cylinder (source:Wikipedia, original 

upload 22 March 2010 by SharkD)[3]. HSV model. (source: Wikipedia, original upload 10 

February 2010 by Jacob Rus)[10] 

1.1.2 Gaussian Mixture Model (GMM) 

The color is an important feature of the smoke. Detecting colors which are similar 

with smoke colors, we can extract areas which might be smoke. In our thesis, we will 

choose to create a Gaussian Mixture Model (GMM) to detect the smoke color pixel in 

HSV color space. Moving target detection is very important. In the extraction of 

moving target detection, background is important for target recognition. Furthermore, 

modeling is an important part of background object extraction. However, due to 

illumination changes and other environmental effects, after the general method of 

modeling, the background is not very clear. But the Gaussian mixture model is one of 

the most successful methods for modeling. As shown in Figure 3, that is why we have 

chosen this method.  
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                              (a) 

        

(b) (c) 

Figure 3: (a) is the original figure; (b) is the foreground of the two frame subtraction, (c) 

is the foreground of the Gaussian model extraction. (source: [9]‘Texture Character Extraction 

Based On Mixture Gaussian Model’) 

First, we must mention two things: background and foreground. Assuming the 

background is static, any moving object can be considered as foreground. Moving 

target detection is about taking out the foreground objects from the background in the 

image sequence. Moving target detection method is commonly accomplished in three 

ways: Optical flow method, inter-frame difference method and background subtraction 

method [14]. 

Problems of moving target detection are divided into two categories: the 

stationary camera and the moving camera [7]. In the case of moving camera, the 

optical flow method is a more well-known solution of doing moving target detection. 

However, due to the complexity of optical flow, it is always difficult to calculate in 

real time. Because of this, we will use a Gaussian background model. Through 

background modeling, we will separate the foreground and the background in a given 

image. In general, the foreground is the moving object, so as to achieve the purpose of 

moving target detection. 
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When the camera is stationary, the key of moving target detection is background 

modeling; it is the basis for foreground object segmentation. Background modeling 

has two modes: single mode and multi-mode. For single mode, the distribution of 

color is very concentrated in each background point; it can be described by using a 

single probability distribution model. For multi-mode, the distribution is more 

dispersed, and requires multiple distribution models in order to be described. The most 

common way of describing the probability model of the distribution of the background 

is by Gaussian mixture distribution. 

This method uses the Gaussian mixture model to describe pixel processes. Based 

on the delay and variance of the Gaussian mixture model, we can determine which 

Gaussian distribution is corresponding to the background color. The pixels which do 

not fit the background distribution can be considered as foreground. 

Gaussian distribution is also called normal distribution. It was developed by the 

German mathematician Gauss in 1809 [14]. There are two important parameters for 

Gaussian distribution: the variance, denoted by 2 , and the mean, denoted by  . 

Depending on a pixel value x, p(x) is determined. Also, when 0 and 12  , the 

distribution of X is a standard normal distribution.  See equation 1. 

2

2

2

)(

2

1
),,( 










x

exp                                                   (1) 

),,( xp  
means probability density. x  is a random variable.   

is the mean of 

the Gaussian distribution, while  is the variance. If a set of data matches the 

Gaussian distribution, then most of this data will be concentrated in the center of p  

within an interval of 2  to 2 , as shown in Figure 4. 

 

Figure 4: A sketch of Gaussian distribution (source: [9] Moving object detection based 

on the Gaussian Mixture Model) 

Usually, if there are many factors affecting the detection, a Gaussian distribution 

cannot be used to fully describe the actual background. We need multiple Gaussian 

models to describe the dynamic background. This means we need to create different 

Gaussian models for different situations. 



 

             

 

  6 

   

   

 

 

In the Gaussian Mixture Model, we use multiple Gaussian models to represent 

each pixel. For a point ),( ji  in a frame image, the observation value at time t  is 

written as tX . At a given point ),( ji , a series of observation values are 

},,,{ 21 tXXX  . It can be seen as a statistical random process. We use the 

number of K  Gaussian Mixture Model to simulate. With the probability distribution 

for the point ),( ji , we can use the following equation to estimate. 

),,()(
,,

1

,  


tktkt

k

k

tkt XNwXP                               (2) 

tkw ,
 is the weight of the k:th Gaussian mixture distribution at time t . N is the 

Gaussian probability density function. 
tk ,  is the mean value for the k:th Gaussian 

mixture distribution.  tk ,
is the variance for the k:th Gaussian mixture distribution. 

This section will show the basic idea about Gaussian distribution Match. For a 

given point ),( ji , we use the value tX  to match with K  Gaussian distributions. K is 

constant, taking a value from 3 to 5. We set one of the K  Gaussian distributions to 

be kN . If this Gaussian distribution kN  matches tX , then we use the value of tX  to 

update the parameters of this kN . If none of the K  Gaussian distributions match tX , 

we use new Gaussian distributions to replace the old one.  

 The definition of Match can be shown like this. We arrange Gaussian 

distributions from big to small by the ratio of weight and variance (the ratio comes 

from 
w ). Then we choose a Gaussian distribution which has a value similar with tX  

and 
1, tj  as the matched Gaussian distribution, as you can see in equation 3: 

)( 22
2

1,   tjtXM                                            (3) 

  is a constant always set to 2.5. If we cannot find any Gaussian distribution 

match with the current pixel, then the smallest Gaussian distribution will be replaced 

by a new Gaussian distribution. In this new Gaussian distribution, the mean value is 

the current pixel value. The new Gaussian distribution will have larger variance and 

smaller weight. The formula for adjusting the weight is shown below: 

tkitktk Mww ,,, )1(   
                                              (4) 

 is the learning rate. If a Gaussian distribution is matched, the value of 
tkM ,
 is 

1. Otherwise, the value of 
tkM ,
is 0. For the Gaussian distribution which is not 

matched,   and   are not changed. For the Gaussian distribution which is matched, 

the values are updated as follows: 

                                  ttt X  1)1(                                                     (5) 
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  is a learning rate which is used to adjust the current Gaussian distribution. If 

  is large, the degree of matching Gaussian distribution is better.  is also a learning 

rate, and it reflects the speed of current pixel merge into the background model. 

The basic idea of modeling is to extract the foreground from the current video 

frame. Let us summarize the modeling process Gaussian mixture model. First, we 

initialize several Gaussian models. Then, we initialize the parameters of the Gaussian 

model, followed by calculating the new parameters that will be used later. After that, 

we process each pixel in each video frame, to see whether it matches a Gaussian 

model. If a pixel matches, then this pixel will be included in this Gaussian model, and 

then we will update the model under the new pixel value. If the pixel does not match, 

we build a new Gaussian model depending on the values of the pixel and the 

initialization parameters, and replace the most unlikely model in the original model. 

Finally, select the most likely models as the background model [7]. 

We establish the Gaussian model for every pixel in the video frame, and then do 

Gaussian model match with these pixels – this is used to extract the foreground (which 

should be the smoke area). According to the background, we use the Gaussian mixture 

model to remove the background pixels (background pixel should be static target pixel) 

to get the smoke pixels. The Gaussian mixture model uses K  – a value ranging from 3 

to 5 – Gaussian models to represent the characteristics of each pixel in video frame 

[14]. After getting a new video frame, the Gaussian mixture model will be updated. 

The current video frame with each pixel point matches with the Gaussian mixture 

model. If successful, this point will be regarded as a background point. Otherwise, it is 

a foreground point. After that, we can find which pixels belong to the foreground. Last, 

we extract the foreground – and the foreground extracted can be considered as smoke 

area. 

1.1.3 Dynamic Analysis 

The attention of the human eye is easily caught by moving objects. Smoke is gas, so it 

cannot maintain its shape over time – rather, it is always changing and moving. As 

time passes, the smoke area will become larger and larger. The dynamic features of 

smoke include irregular shape, diffusion and the direction of movement [6]. Therefore, 

we use the dynamic features of smoke in order to detect it. For the smoke color areas 

which are acquired from the GMM method, we determine whether they have these 

dynamic features. If these areas have the dynamic features of smoke, they can be 

considered as smoke. Otherwise, they will not. This will filter out false smoke areas. 

The false smoke areas are the areas which have color similar with smoke, but still is 

not real smoke. Therefore, these dynamic features of smoke can be useful for 

detecting smoke, and avoiding detection of false smoke. Using these dynamic features 

will greatly improve the accuracy of the detection method. 
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For the irregularity, we set a threshold as standard. Then, we compare the area 

of the extracted part with its circumference. After that, we will get a ratio between 

circumference and area. Then, we compare this ratio with the threshold value to 

determine whether or not the extracted area is irregular. The rule can be shown like 

this: 

If ratio   threshold, then it might be smoke, 

Else, it is not smoke. 

For the diffusion feature, we use the growth rate to determine whether the 

extracted area has this feature. Due to the smoke diffusion process, the smoke area 

will always increase in an image sequence. The growth rate is how much the extracted 

area grows during a given period of time. If the growth rate is larger than a certain 

threshold, we can consider that extracted area to have the diffusion feature. Otherwise, 

it does not. The rule can be shown like this: 

                If growth rate   threshold, then it might be smoke, 

                Else, it is not smoke. 

As for the direction of movement, in the case of no wind, the direction of the 

smoke is from bottom to top. We can use this feature to detect the smoke areas. In this 

way, we can filter away the areas which have the smoke color, but actually is not 

smoke. We use the max value of the binary image for each frame to detect if the 

direction is going up. The rule can be shown like this: 

If the value of the second frame > the value of the first frame, then the direction is 

going up. 

Otherwise, it is not. 

1.1.4 Previous Research 

One technique, which has proven to be very important, is to use Matlab to do video 

smoke detection. Chen et al. [6] says there are many advantages for video smoke 

detection, such as good responsiveness, no need for contact with the smoke, and so on. 

However, using video smoke detection, some difficulties arise. In our thesis, we will 

base our method on the color to determine which chemicals have case the smoke – 

how to do this is a problem which needs to be solved [5, 6].  

There are different kinds of things that can interfere with the smoke detection – 

some are static and some are dynamic. Therefore, as presented by Chen et al. [6], it is 

possible to use two points of analyzing video smoke detection: static analysis and 

dynamic analysis. Then, smoke detection flow diagrams can be useful to detect if 

there is any smoke, and to determine if it actually is smoke. They also discuss the 

issue of when the materials are part of an incomplete combustion, in which case they 

will produce different chemicals. Chen et al. [6] focus on chromaticity and diffusion 

characteristic rule to detect the smoke. They first use the HIS color model to analyze 
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the video in order to determine the smoke area. If the color of the area satisfies some 

rule which they set, then they will imply that thing as the smoke. On the other hand, 

they will use dynamic rules of the smoke which is the spreading attributes. They use 

these attributes to remove the non-smoke area. This paper could be useful for our 

paper. The spreading attributes of smoke is an important feature. This will help us to 

find the smoke more easily. When focusing on indoors environments, there is no wind. 

This means that we can expect the direction of the smoke movement to always be 

from bottom to top. We can use this dynamic feature to improve their dynamic 

analysis. 

In the night, when it is very dark, the smoke will be very difficult to distinguish 

from non-smoke sources, such as flashlight beams, people, and so on. This problem is 

addressed by Liu et al. [17]. They introduce an infrared camera method to detect the 

smoke in the nighttime. In Matlab, this method uses an original image gray scale 

method to extract the smoke part. It then uses smoke detection flow diagrams to detect 

the real smoke. It is really quite a good idea to use infrared cameras in the night, and it 

will therefore be necessary to consider this method in our thesis, in order to solve the 

problem of detecting smoke in poorly lit environments. 

Ho and Kuo [1] present a way of detecting smoke based on density. They analyze 

smoke detection from dynamic sources, such as flickering, and then when the smoke 

is moving, they use background subtraction, temporal wavelet transformation, and 

spatial wavelet transformation methods. Then, they use edge-blurring on moving 

segments and edge-blurring regions to get the smoke which they want to detect. 

Finally, they analyze the density of smoke by first detecting the smoke‟s density, and 

then comparing it with other common non-smoke chemicals‟ densities – in this way, it 

is very easy to detect the real smoke. It is correct to use density to detect smoke, but it 

is a much more complex method compared with detecting smoke using color and 

direction attributes, so we will not use this method in our thesis. 

Truong and Kim [15] focus on both temperature differences, as well as the 

direction of the smoke. From analyzing several video clips, we can know that the 

temperature is changing with the color: when the color ranges from black-grayish to 

black, then the temperature is very high. From analyses of the direction of smoke we 

can know that eventually the smoke will go upwards. This article is really very good, 

with the clever method of observing color changes in order to measure the temperature. 

In addition, we can also determine if it is real smoke from analyzing the direction of 

the motion vector.  

Zhai et al. [16] use block-matching methods instead of optical flow methods, 

because an optical flow method are not good at handling noise, nor is the robustness 

very good. In their paper, they combine dynamic features, stability features, 
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irregularity features and color features to analyze the smoke detection – this allows the 

detection to be more accurate. 

Yuan et al. [4] use the accumulation and main motion orientation to improve the 

video smoke detection. For human eyes, moving objects can easily attract people‟s 

attention. So the motion is a very important feature. Indoors, the direction of the 

smoke motion is always from the bottom to up. Therefore, estimating the object 

moving direction is necessary. In other words, in detecting smoke, we use the 

direction of the motion vector as a parameter. According to the motion direction 

histogram, we make the direction of motion which appears most frequently as the 

main motion direction in a unit of time. If the trend of motion direction of the object is 

from downwards to upwards, then this object may be considered as smoke. All in all, 

this is a good method to detect smoke; we will detect smoke by direction, too. But it is 

not enough for making sure if it is real smoke only based on direction – for example, 

the direction of the shadow of steam is almost the same with smoke.  

Shang et al. [12] use motion segmentation to detect the movement of pixels. 

Then they use a normalized RGB smoke detection model and combining the 

normalized red and green channel, they use threshold detection. Mathematical 

morphology process is to eliminate the interference region suspected of smoke color.  

Kim and Wang [2] focus on the color and shape. Their method is used for 

detecting smoke outdoors, and consists of three steps. First, they check if the camera is 

moving or not. If it is moving, then they will skip the rest of steps. If not, proceed to 

the next step. In the second step, they will locate region of interest (ROIs) and use 

these ROIs to compare with the background image. In the last step, they will use the k-

temporal information of its color and shape to judge if the ROI is smoke or not. This 

method works well. In our thesis, we will not detect smoke outdoors, but we can use 

the second step to get our region of interest. 

Ma and Wu [11] present a method that uses Kalman filter and Gaussian color 

model to detect the smoke. They use the Kalman filter and MHI (Moving History 

Image) analysis to get adaptive background of a scene. Then, they use an image 

subtraction method to get the moving object. After that, they use the Gaussian color 

model to detect suspected fire smoke regions. For the final analysis, they use dynamic 

features and color blending coefficients as smoke features. This method is useful for 

our thesis; we can learn how to detect smoke. 

Xiong et al. [18] discuss the disadvantages of traditional smoke detection, and 

the challenges in video smoke detection. Then they use background subtraction, 

flickering extraction, contour initialization, and contour classification methods to 

solve these problems. We will use the background subtraction method. 
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1.2 Research Focus 

The aim of this research is to investigate different ways of detecting smoke using 

some of its attributes. In our thesis, we will focus on video smoke detection, with 

focus on dynamic detection and color detection. In the video, there is some 

interference which we need eliminate, e.g. walls, floors, flames and shadows. We will 

solve these interferences and detect the real smoke, and in so doing, we can rule out 

non-smoke areas which are similar with smoke. This will reduce the false alarm rate 

and increase the success rate of the method. A final benefit is that we can make away 

with the detection equipment which previously needed to be close to the source of the 

smoke. 

 

1.3 Research Questions 

 Is it possible to eliminate both static and dynamic interference and detect the 

right smoke object?  

 The shadow of smoke has the same features with the real smoke. Can it be 

eliminated?  

 

 

2 Method 

In this chapter, it will show what methods will be used when detecting smoke, and 

how to achieve video smoke detection using programming. 

 

 

 

2.1 Sources 

We have mainly used two databases which are suitable for computer science students: 

one is IEEE Xplore, http://ieeexplore.ieee.org/; the other one is ACM Digital Library, 

http://portal.acm.org/. Because our thesis is about video smoke detection, and there are 

so many articles about image smoke detection, we have used keywords such as „video 

smoke detection‟ when searching for the information. 

 

 

http://ieeexplore.ieee.org/Xplore/dynhome.jsp
http://portal.acm.org/
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2.2 Smoke features 

Smoke will be produced when different materials are burning; this smoke is toxic if 

the combustion is incomplete. Different materials will generate different colors of 

smoke. Furthermore, smoke has some dynamic features. Smoke always moves around, 

and in the beginning, it is difficult to say what direction the smoke has, but as time 

passes, the final direction of the smoke will be upward. The shape of the smoke 

changes without any clear rules or patterns every moment – this, along with the fact 

that the edge of the smoke is fuzzy, tells us that the shape of smoke is irregular. The 

area of the smoke is not very big at the source of the smoke, but as time passes, the 

smoke will diffuse, and the area of the smoke will grow larger, and at the same time, 

the density of the smoke will decrease. 

 

 

2.3 Steps in program implementation 

We have an idea about video smoke detection. To confirm that something in a video is 

smoke, and based on the characteristics of the smoke, we can distinguish between 

static objects and dynamic objects. We will analyze the concrete steps in a later 

section. First, we can use Gaussian Mixture Model (GMM) to extract moving target 

areas. This approach will remove the static target. Second, due to the fact that smoke 

has dynamic features, it would be very useful to remove the areas which do not have 

these features. 

 

2.3.1 Smoke detection flow chart 

According to the static and dynamic characteristics of smoke, smoke detection 

algorithms could provide early warnings of fire. Figure 5 shows the process. We first 

recorded the first frame as the background, and then read the next frame. According to 

the background frame, we used the current frame to remove background pixels. 

According to the static characteristics, we extracted the pixels with the color of smoke. 

Then, we used the dynamic features of smoke – diffusion, irregularity and direction – 

to separate the non-smoke areas from smoke areas. Finally, the real area of smoke was 

extracted. 
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Figure 5: Smoke detection flow chart 

2.3.2 Static Detection 

In our thesis, we create a Gaussian mixture model to detect smoke color pixels. 

Removing the background and extracting the smoke is a very important part in 

detecting smoke. Our approach contains two steps in static detection. The 

prerequisites for understanding are described in the background section. This section 

will show how we use these methods. 

 

Step 1, Build Gaussian mixture model:  

First, we will initialize a Gaussian mixture model ),,( iiii x  (i stands for the 

number of the Gaussian model). ix is the observation value. i is the mean value. 

i
is the variance. Then, we use the first pixel value of the object which is being 

observed as the mean value i . Initialize a large variance and a small weight. Then we 

use these three parameters – mean value, variance and weight – to get an initialized 

Gaussian model. After that, we use the next pixel to match with the Gaussian model 

which has been initialized. If the existing Gaussian model does not match, we add a 

new Gaussian model. Repeat the above steps. 
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Step 2, Match the Gaussian distribution: 

We arranged Gaussian distributions from big to small by the ratio of the weight and 

variance. Then we updated the priority of the Gaussian model, through the updated 

weights iw and variance i . The update priority formula is shown in equation 8. 

                                                        iii wp                                                           (8) 

         The color of the current pixel and the i:th Gaussian distribution will match by the 

update priority until it finds a matching distribution. The matching condition for the 

i:th distribution is: 

                                         ititx  5.21,                                                   (9) 

If there are matching models, then we will update the mean value   and 

variance 2 , as described by equation 10, 11 and 12: 

                                           x  )1(                                                   (10) 

 

                           )()()1( 22   xx T
                                     (11) 

                                               ),(  x                                                       (12) 

Then we will update the weight, as by equation 13: 

                                            iii Mww   )1(                                             (13) 

                       In equation 13, iM means the i:th Gaussian distribution is matched, If a Gaussian 

distribution is matched, the value of iM  is 1. Otherwise, the value of iM is 0. The 

formula (13) also means that the weight of the Gaussian model which matches with 

the current pixel should increase, otherwise the weight will decrease. 

When the Gaussian model reaches the upper limit, if it still has not found any 

Gaussian models matching the current pixel, then the Gaussian model which has the 

least priority will be removed. We will make a new Gaussian model. In the new 

Gaussian distribution, a smaller weight and larger variance will be given, and then 

update all the weight of Gaussian model. 

When we create Gaussian mixture model, we need some samples to test. This 

test can be used to detect whether the pixels in the image of the Gaussian mixture 

model have been created to extract the image area with smoke color, see Figure 6. 
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Figure 6:  Original image                                         The extracted image        

During this step, we can remove some things which might disturb the smoke in the 

background. Some objects have different colors which, when compared with the 

smoke, can be eliminated, e.g. the wall, the metal pail, the floor, the flame. But 

sometimes the color of disruptors are similar with smoke, for example, the people‟s 

moving shadow on the wall is similar with smoke, it will still be distinguishable from 

the smoke. There are some features of the smoke which can be used to distinguish the 

things which are similar with the smoke. The next method will show how to do it. 

2.3.3 Dynamic analysis 

After the previous methods, we can remove the things which do not have the smoke 

color in the background. But if there are some things which might be confused with 

the smoke, such as shadows, people who are moving and so on, and then we can use 

the following method to analyze these things. We will focus on three dynamic 

characteristics of smoke: irregularity, diffusion and direction. 

 

Step 1, Irregularity of smoke: 

Because of the air flowing, smoke is constantly changing shape. Determining the 

shape of the smoke is a difficult task. Therefore, we use two parameters which are the 

perimeter and the smoke area. We compare the perimeter with the smoke area to get a 

ratio. Then, we compare this ratio with a certain threshold. If the ratio is greater than 

this threshold, this area could be the smoke area. Otherwise, it is discarded. The 

equation is shown below. In equation 14, the smoke area is defined as the total pixel 

area of suspected smoke 

 

                           Threshold
area smoke The

area smoke  theofperimeter  The
                          (14) 

The parameter perimeter means the sums of circumferences of smoke regions 

segmented. The parameter smoke area means the sum of smoke pixel extraction. 

Threshold is used to distinguish the other similar smoke area.  
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Step 2, Diffusion of smoke: 

Due to the diffusion of smoke, the size of smoke will continue to increase. Therefore, 

we calculate the period of time for the growth rate of the extracted area in order to 

determine the diffusion of the smoke. In digital images, the area of the smoke (p) can 

be represented by the number of pixels. The time interval can be expressed as the 

number of frames. This is used in equation 15 
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         iA  represents the smoke area at time i . In video processing, the smoke area 

pixel quality and time intervals can be replaced by the interval number of frames. As 

you can see in equation 16 
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iP  is the total number of pixels in the smoke area in the i:th frame of the image 

sequence. iki  )(  is td  which represent the k:th frame. diA  represents the rate of 

change in number of pixels extracted from the smoke area, from the i:th frame to the  

(i + k):th frame. To avoid temporary inconsistencies, due to factors such as airflow, 

we calculate the average growth rate during 10 frame period. This can improve the 

detection accuracy. As can be seen in equation 17 

                                                   didi A
n

A
1

                                             (17) 

diA  is the average growth rate. If the average growth rate is greater than the 

threshold value, this area is considered smoke area. Otherwise, it is not. The threshold 

will be decided by the experimental data. After this step, the dynamic things which 

have color similar with real smoke can be removed. 

 

Step 3, Direction of movement of the smoke: 

For the human eye, moving objects are very clear, and easily attract attention. For the 

extracted areas which we get after applying the GMM method, we will judge its 

movement direction. We use the max value of binary image for each frame to detect if 

the direction is going up. According to the maximum value of binary image, we use 

the value of the first frame of the area which has been detected as the standard. Then 

we let the next frame value of this area to compare with this standard. If the next value 

is larger than the first value, we can consider this area to be moving from bottom to up 

and regard it as smoke area. The processing will continue. But if the next value is 

equal to the first value, then the extracted area is moving sideways; and if the next 

value is smaller than the first value, then the extracted area is moving downwards. In 

either of these two cases, the processing will stop. The rule can be show like this: 
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,12 ff   Then continue, 

12 ff  , stop. 

1f  means the value of  first frame, 2f  means the value of next frame. After 

these three steps, most of the interferences can be eliminated. But there is still an 

interference which cannot be eliminated. That is the shadow of the smoke. It has the 

same dynamic features with the smoke and it can be shown after these steps. If this 

happens, we will use symmetry to remove the shadow. If we detect two similar areas, 

then we will remove the left one, since the left side of the screen always displays the 

shadow of the smoke in our video. So we set the default that smoke area on the left is 

smoke shadow. This area will be removed and not be shown. 

 

3 Result 

The result of our method will be shown in this chapter. The process of this smoke 

detection method has been run on a laptop with an Intel Core 2 Duo P8700 2.53GHz 

CPU. The video format used is AVI.  In this video, different interference sources are 

present, such as metal pail, flame, the shadow on the wall. Our method can effectively 

detect the smoke. The non-smoke area with smoke color can be removed. Static 

interferences can be eliminated. Figure 7 shows screenshots from a sample video. 

 

 

  

(a)                                                                            (b) 

Figure 7. (a) The first frame of the video, (b) the last frame of the video 

 

In Figure 7 (a), we can see that there is no smoke. We just can see the metal pail and 

its shadow on the wall. In the second picture, the smoke appears and its shadow 

appears on the wall. Also, we can see the flame rising from the metal pail. These 
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things could be the disruptors for detecting the right smoke. We need eliminate these 

things and get the correct smoke pixel area. We show the result after detection in 

Figure 8. 

  

(a)                                                                            (b) 

Figure 8. (a) The first frame of the video after detection, (b) the last frame of the video 

after detection. 

Because the smoke does not appear in the first frame of the video, we cannot see 

anything in Figure 8 (a). The metal pail and its shadow on the wall are not mistaken 

for smoke. So after our method, they are not shown in the result. In Figure 8 (b), we 

can see that the smoke areas have been detected. The white areas represent the smoke 

in the picture. Because the smoke has the diffusion and irregularity features, the white 

areas do not have any fixed shapes; rather, they keep changing all the time. 

Furthermore, we cannot see the metal pail, nor can we see the flame or the shadow of 

the smoke on the wall. These things are not the real smoke, and are thus removed by 

our method. Finally, we can see only the real smoke area. 
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Figure 9: The smoke area at different frame in the video 

In Figure 9, we have captured 10 frames while running the video. This can show how 

our method tracks the changes in the smoke while the video is running. Figure 9 

shows that smoke can be detected, before the flame appears. 

Next, we will show the results of the different steps. Figure 10 shows the result 

after the static detection. The static things, e.g. the wall, the floor and the metal pail 

have been eliminated. However, in Figure 10 (b), you can still see the shadow of the 

smoke. This shadow is similar with the real smoke, and they have similar colors. After 

the first step, it would be recognized as a smoke area. So this shadow will be shown 

after the static detection. The other areas which are not being treated as smoke areas 

will not be shown.  

  

(a) (b) 

Figure 10. Comparison Chart after static detection (a) Original image, (b) The extracted 

smoke image 

Shown in Figure 11 are the results after dynamic analysis. By now, only see the real 

smoke can be seen. The wall, the metal pail and the shadow of smoke have all been 

eliminated.  
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(a) (b) 

Figure 11: Comparison Chart after dynamic analysis (a) Original image, (b) The 

extracted smoke image 

Next, we will present the results of our method applied to two other videos, to further 

test our method. The first video is very simple. There is no smoke in this video. We 

chose it because we wanted to test if our method can work in the case of no smoke, to 

avoid false positives. The second video has smoke. Firstly, we present the results of 

the video without smoke. In this video, there is some wood and the shadow of this 

wood. Our method does not mistake this for smoke. Because there is no smoke, the 

result shows nothing. The result is shown in Figure 12. 

  

                                       (a)                                                                          (b) 

Figure 12: Non-smoke video (a) Original image, (b) The result image 

Second, we apply our method on the video which shows little more than the smoke. In 

this video, there are no flames and no static objects, except the background. As Figure 

13 shows, our method successfully detects the smoke. 
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(a) (b) 

Figure 13: Smoke video (a) Original image, (b) The result image 

4 Discussion 

We successfully achieved smoke detection in video, while at the same time removing 

the background. The initial target of our thesis was to detect smoke using three steps. 

First, we remove the background – which is static – and other static object. Second, if 

any dynamic disruptors remain, such as flames, then we use the dynamic features of 

smoke, e.g. irregularity, diffusion and direction, to remove the things which are not 

smoke. Third, we know that when different material burn, they will produce smoke of 

different color. This fact could potentially be used to detect smoke using its color 

properties. We successfully achieved the first two steps. However, as of now, we have 

only managed to distinguish gray and black smoke from other disruptors. This has 

been due to the limited time we have had available, and also because of the dangers 

associated with doing practical experiments with fire in school; in other words, we 

have not been able to do research about what colors are likely to appear when certain 

materials burn, and other research has not provided any relevant information on this 

particular topic. Because of this, we suggest further research focusing on doing 

experiments to find out what smoke colors different fuels produce.  

In the Result chapter, two videos were analyzed using our method. We have 

shown that our method will not falsely detect smoke which is not present in the video, 

and that it can distinguish smoke from other things, both static and dynamic. 

„Is it possible to eliminate both static and dynamic interference and detect the 

right smoke object?‟ This is the first question in 1.3. In our method, we have 

successfully been able to answer this question. Both static and dynamic interferences 

can be removed and the real smoke area can be detected. In the Result chapter, we 

have shown that static things, e.g. metal pails, walls and the floor, have all been 

removed by our method. At the same time, dynamic things, e.g. flames and shadows, 
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can also be removed. For the second research question, „The shadow of smoke has the 

same features with the real smoke. Can it be eliminated?‟ We think that the smoke 

shadow can be removed, and in our method, we have successfully been able to do so. 

The way to test the method of detecting smoke in video is extremely important, 

since the consequences of a method which is lacking can be very high – a method that 

reports smoke when none is present might be a nuisance, but a method that fails to 

detect actual smoke might be fatal. The way we have done it is to just try some videos, 

but that does not prove the reliability of the method. Even if we were to try many 

videos, and the method works well with most of them, still some videos will actually 

fail, possibly resulting in casualties if the method does not detect smoke. Our method 

was successful for the video with smoke of gray and black color. However, if the 

smoke color is white, our method will not work. Furthermore, very thin smoke is 

difficult to be detected using our method. Thus, we suggest further research on how to 

confirm the reliability of different video smoke detection methods.  

There are many ways in which one can detect smoke, and naturally, most of the 

methods are based on certain properties of smoke: smoke has a direction, smoke has 

irregularity and diffusion features, and smoke can have many different colors, among 

other things. We chose the direction and color properties to detect smoke in our thesis, 

but actually, other ways may work as well. For example, because smoke has the 

irregularity and diffusion features, it is possible to detect smoke by analyzing density 

and the fuzzy edge property. As the smoke is emitted from the fire, it is very dense 

and has a small area, seen in the video. However, as the smoke rises, the density will 

decrease, and as a result, the area will increase. That is very easy to see in a video, and 

thus, it is a very good way of detecting smoke in video. There are many disruptors 

which have color similar with smoke, such as shadows. In this case, we still can use 

the edge property to detect smoke. Because the edge of the smoke is fuzzy, and it is 

not for the shadow, then it will be very easy to detect smoke. As materials burn, the 

temperature will change, and the smoke color will vary from light gray to dark. In 

other words, our suggestion to people who want to further explore and develop this 

topic of smoke detection, is to consider these ways of detecting smoke. 

5 Conclusion 

This thesis presents a video-based smoke detection method which can provide early 

warnings of fire. We use both the static characteristics (color) and dynamic 

characteristics (irregularity, diffusion and direction) of the smoke to detect smoke. The 

results show that the improved algorithm can effectively detect smoke, and compared 

with the traditional methods, it does not rely on sensors close to the source of the 
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smoke. It can also detect the smoke area before the fire flame appears. This can 

provide early warning of the fire. Furthermore, it also reduces the rate of false alarms. 

In a conclusion, it is very important for fire prevention to detect smoke, and 

compared with traditional smoke detection methods, video smoke detection is much 

more advanced and reliable, and video smoke detection can provide early prevention 

and warn people about potential fires. In so doing, it may also make sure preventive 

measures are enough in order to stop the fires from developing. This thesis may also 

help people to develop automatic fire alarm systems, to improve the fire detection and 

increase efficiency. Also, if we can combine even more of the smoke properties, and 

in addition have an infrared camera in the night or less lit environments such as 

warehouse, ammunition storage room and other room which have less light, then it 

will provide a much more accurate way of detecting smoke. 
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