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Abstract: This paper uses Machine learning (image mining
techniques) for detecting smoke through an image or frame
using difference in luminance and chrominance of the red
and blue color. The smoke generated usually has peculiar
color which can be used for it to be differentiated between a
fog and smoke. This paper uses the color model and
principal component analysis to effectively differentiate
between smoke and other background objects. The methods
used for color modeling is YCbCr and the algorithm
proposed in Tian, Li et al’s. [1] has been implemented for the
principal component analysis.

INDEX TERMS- Smoke Detection, YCbCr, PCA, Digital
Frames

I. INTRODUCTION

Deep breathing is the solution to many health problems as
one inhale fresh and oxygen rich air. But is it true for our
nation. Do we have fresh air especially in the cities which are
congested, full of public, vehicles and industries?

This study is for the people who are smokers not by
choice but due to circumstances, be it people smoking in
public areas, harmful particulates released by various
industries specially in urban areas, vehicle with outdated
PUCs, roadside burning of both biodegradable and non-
biodegradable garbage. Air pollution exposure can trigger
new cases of asthma, worsen a previously existing
respiratory illness, and provoke development or
progression of chronic illnesses including lung cancer and
obstructive pulmonary diseases [5] [6].

The existing methods for smoke detection involves use of
some kind of hardware and these hardware vary from fancy
smoke detector to infrared sensors .Optical smoke detectors
have a very high response time though they generate good
results but the results are not cheap as installing them in
public areas could be expensive and would require proper
hardware management as they are easy to get tempered.

In this paper, a method is purposed which is quite
efficient and cost effective at the same time than the
traditional methods. This is done by using image mining
techniques. It was achieved namely by implementing color
modeling and the Principal component analysis for detection
of smoke. Both techniques when implemented
independently have some flaws as the color modeling

generates excellent results when there is light smoke in the
atmosphere but if the smoke is dense the accuracy is greatly
affected and PCA always require some kind of dimensional
modeling so that it can detect smoke which can be achieved
by using color models . Since it only requires image it can be
implemented on any device which has a camera. This paper
is only for detecting the presence of smoke in an image and
not in a video as it does not take into consideration the
temporal characteristics of the smoke.

II. RELATED ARTCLES AND DISCUSSIONS

The traditional method of smoke detection required
hardware like sensors and had many shortcomings like the
life of hardware, battery of sensor, substantial amount of
smoke for detection, proximity of smoke to the sensor as
discussed in [3,13,4]. So in this day and age of technology
the idea for early and accurate detection of fire and smoke
by the help of video surveillance has been extensively
studied. In [7] a method for automatic monitoring systems
to detect early fire and smoke is described, it uses motion
history detection algorithm to register possible smoke and
fire positions in a video and then analyze the spectral,
spatial and temporal properties in the stream of images.

This paper doesn’t require the study of temporal
properties as the detection n being done is in a single image.
This project is used to detect smoke in our surroundings by
the help of images taken by the user and differentiate it with
fog.

In [7] the spectral probability density is represented by
comparing the flame and smoke histogram model, where
HIS color space is used. In this paper YCbCr model is used as
it is explained in [8] that it is able to distinguish luminance
and chrominance information and that RGB is easily
convertible to YCbCr and vice-versa. [9] also discusses about
the various advantages of YCbCr model in smoke detection.

The main problem with smoke detection is the matting
problem which is nothing but specifying if a region of pixels
contains smoke or not as discussed in [10]. This problem
arises because of the background present in any image. The
spatial models for detecting smoke as discussed in [2] which
are highly important for matting problem as it helps in
studying the structure of the smoke. [2] discusses the
various affects of the atmosphere on the smoke like
atmospheric scattering, airlight, attenuation excreta.
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The detection algorithm mentioned in [11] is a very good
example to showcase the use of color model in detection of
faces. Many things can be learned and implemented for
smoke detection using YCbCr color model from it.

The detection of smoke in images using YCbCr has also
been briefly discussed in [13] but it can only be used in
enclosed areas like offices, banks, excreta. This problem is
reduced with the implementation of PCA in this paper.

[12] proposes a method of smoke detection in stationary
camera video using the multiple features of smoke. It does
so in three steps, the first uses YUV model for color filtering,
the second step involves extracting the features and finally
they are inputed to SVM (Support Vector Machine) classifier
which makes decision on candidate smoke region.

III. ROPOSED SMOKE DETECTION APPROACH

A block diagram of the purposed smoke detection method
is shown in the Fig.l. To ensure the efficiency and
robustness, the purposed method is applied in the block
based manner.

Start

|

Capture the frame using camera

A 4

Compare the frame with standard reference frame

A 4

Perform image subtraction

A

Extract dimensions using colour model

A

Provide these dimensions to PCA model

A

Highlight the region where smoke is detected

Stop

Fig.1. Block diagram of the proposed method

IV. WORKING
A. COLOR SPACE SELECTION

There are a variety of color spaces present for example
RGB, YUV, HSV, HIS, YIQ, etc but YCbCr was used for this
project because there are some special characteristics to this
color space as it separated the brightness and chrominance
effectively [8, 9] and YCbCr can easily be extracted through
linear transformation from RGB space and the
computational efficiency is relatively high since it has to deal
with only Cb and Cr which compensates for the computation
cost.

B. CALCULATING LUMINANCE AND CHROMINANCE

Since YCbCr color model is used there is a need to
compute the value of Y and C for both red and blue which
means there is a need to do RGB band separation but an RGB
image has 3 component which are red, green and blue thus
the memory consumption increases .To solve it three over-
lapping matrices are created in which RGB is separated
respectively [2]. The background of the image can cause
great hindrance while detecting smoke from an image thus it
is of utmost importance to correctly compute the brightness
and saturation of the image so as to reduce returning false
positive for the image. The color of the image as mentioned
above comprises of 3 colors i.e. red, green, and blue which
are used for calculating the chrominance.

For calculating the chrominance of red
Cr =red component / RGB
For calculating the chrominance of blue
Cb = blue component / RGB
For calculating Luminance
Y=022xR+0.587+«G+0.114*B
C. LINEAR MODELING

Each image is treated as a collection of subsections of
pixels f (¢) R'N. If, as is reasonable, assumption that the
scattering coefficient only varies slightly within regions of
smoke is made, regions of the image (represented by f(t))
can be treated as a linear combination of the background
vector of the image without smoke in it (b(t)) and a smoke
vector (s(t))

f(®) = a®)s(t) + (1 - a)b(t) + n(t)

With n(t) € RN representing the noise in the model. With
the assumption of the airtight model s(t) can be thought of
as the scattering component with an infinite thickness. This
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Seemingly strange assumption allows for the airtight model
to be incorporated to be used in this linear fashion.

In the above equation «a (t) can be thought of as a blending
parameter that is € [0; 1]. The equation depends on both the
thickness of the smoke as well as the scattering (smoke)
coefficient at time t. So while the blending will vary from
region to region, a further assumption can be made that a
won’t vary within a specific region of smoke, due to the
likely uniform thickness in a specific small region.

This results in the salient region selection which can
formulate as a two variable estimation problem of a(t) and
s(t) by minimizing the following:

min" f(£) - a(£)s(t) - (1 - a(t) )b() "2 | a(t) € [0, 1]

But this equation has two unknowns and as there is only one
equation, the result is in an infinite amount of solutions. So
the best hope for the estimation of both variables is by
constraining either b(t) or s(t) and as the background from
different cameras will be completely different but in each of
the image the smoke should retain a similar structure, so it
is better to constraint s(t) for the principal component
analysis method.

D. PRINCIPAL COMPONENT ANALYSIS

A given pixel region of pure smoke, with high probability,
lies in a lower dimensional sub-space than the totality of the
image in which it is contained. Principle component analysis
was used to select the salient dimensions which correspond
to the subspace. In order to find this subspace firstly the
covariance matrix corresponding to N pure smoke images is
computed, which results in an N x N matrix, followed by
computing the corresponding Eigen values and vectors.
Once you have the Eigen values, sort the two sets according
to magnitude of Eigen values and select the first Eigen
vectors up to the upper bound of dimensionality you desire.
This results in the information dense dimensions of smoke
to be retained and then can be used in the detection
process.

The subspace can be represented as a matrix £ z RN/
where L is the reduced dimensionality (thus a general
assumption is that L < N). As chosen from the
aforementioned process, each column of E is an Eigen vector
corresponding to pure smoke, an "Eigen smoke". Assuming
that the dimensionality reduction retained all of the salient
dimensions (as hoped!) the smoke vector can be written at
any time-step as s(t) = E y(t) where y(t) R and can be
thought of as operational vector by which s(t) is projected
onto E. This means to incorporate formulation of s(t).

min"f(t) - a(t)Ey(t) - (1 -a(t) )b(t) "2s.t: a(t) € [0,1]

When modeling a(t) or y(t) constant, this equation becomes
quadratic and allows for clean analytical solution to both
a(t) and y(t) by which s(t) can be found via E.

V. RESULTS

Due to the massive size of Tahoe images [14], it is at least
minimally helpful by decreasing the number of regions to
pass on to the classifier. The results from different data sets
from both the Tahoe and South California region are
included.

In all results that follow, the color of the points
correspond to different a values. Specifically green is plotted
if a 0:9, blue if 0:5 a < 0:9, and red if 0:3 < a < 0:5. The
clusters of green dots in the figure show the detection of
smoke in that region.

VI. CONCLUSION

By using the YCbCr color model along with Principal
component analysis a lot of false positive results were
generated. Smoke was successfully detected in the Tahoe
data set and South California data [14] set but it also
developed an intrinsic flaw, that when there are partial dark
cloud the result was false negative but since this method is
used for detection of harmful smokes in ones surroundings
that generally doesn’t involve any dark clouds it is highly
unlikely to come face to face with the flaw. Thus this method
can be applied to implement the smoke detection in ones
surrounding.

© 2018,IRJET | ImpactFactorvalue: 6.171 |

IS0 9001:2008 Certified Journal |

Page 3845



’,/ International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056

JET Volume: 05 Issue: 04 | Apr-2018

www.irjet.net

p-ISSN: 2395-0072

VII. REFERENCES

[1] Hongda Tian, Wanqing Li, Lei Wang, and Philip
Ogunbona. “Smoke detection in video: An image
separation approach.” International Journal of
Computer Vision, 106(2):192- 209, 2014.

[2] Srinivasa G Narasimhan and Shree K Nayar. “Vision and
the atmosphere.” [JCV, 48(3):233-254, 2002.

[3] P. Morerio, L. Marcenaro et al. “Early fire and smoke
detection based on colour features and motion
analysis.” In Image Processing (ICIP), 2012 19t IEEE
International conference: 1041-44, 2012.

[4] P. Santana, P. Gomez, ]. Barata, “A vision-based
system for early fire detection,” in System, Man, and
Cybernetics (SMC), 2012 IEEE Conference:739-44,
2012.

[5] Anthony Seaton et al. “Particulate air pollution and
acute health effects.” Lancet 345:176-178, 1995.

[6] Dockery DW et al. “Effects of inhaled particles on
respiratory health of children.” Am Rev Respir Dis
144: 668-74, 1994.

[7] Chao-Ching Ho. “Machine vision-based real-time
early flame and smoke detection.” Measurement
Science and Technology 20(2009): 045502 (13pp).

[8] Changwoo Ha, Gwanggil Jeon, and Jechang Jeong.
“Vision -Based Smoke Dtection Algorithm for Early
Fire Recognition in Digital Video Recording System.”
Seventh International Conference on Signal Image
Technology & Internet-Based Systems: 209-212,
2011.

[9] S. Razmi, N. Saad, and . Asiradam, “Vision-Based
flame detection:Motion Detection amp; fire analysis,”
in Research and Deelopment (SCOReD), 2010 IEEE
Student Conference :187-191, 2010.

[10] Banafsheh Rekabdar, and Duncan WilsonSmoke,
“Detection via Linear Separation,”
https://experiencingexperience.wordpress.com/tag
/smoke-detection/, 2015.

[11] S. Zhu and N. Zhang, “Face Detection based on skin
color model and geometry features,” in Industrial
Control and Electronics Engineering (ICICEE), 2012
International Conference: 991-994, 2012.

[12] D. Kim and Y. F. Wang, “Smoke detection in video,”
in Computer Science and Information Engineering,
2009 WRI World Congress Volume 5: 759-763, 2012.

[13] T. Celik and K. K. Ma, “Computer vision based fire
detection in color images,” in Soft Computing in
Industrial Applications,2008 IEEE Conference: 108-
111, 2008.

[14] https://www.library.ucdavis.edu/news/5-free-
data-sets-for-mapping-californias-wine-country-
fires/

© 2018,IRJET | ImpactFactorvalue:6.171 | 1SO9001:2008 Certified Journal | Page 3846


https://www.library.ucdavis.edu/news/5-free-data-sets-for-mapping-californias-wine-country-fires/
https://www.library.ucdavis.edu/news/5-free-data-sets-for-mapping-californias-wine-country-fires/
https://www.library.ucdavis.edu/news/5-free-data-sets-for-mapping-californias-wine-country-fires/

‘,/ International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056
JET Volume: 05 Issue: 04 | Apr-2018 www.irjet.net p-ISSN: 2395-0072

© 2018,IRJET | ImpactFactorvalue:6.171 | IS0 9001:2008 Certified Journal | Page 3847



