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Flame edge detection from color images is a chal cently. In
this paper, an extension of active contour model by ng the two
information types to both internal and external en s. T erbb@(the combination
of these two forces allows for flexible |n|t|aI|zat|he co hIS energy is then
incorporated into a level set formulation w evel set_reg arlzatlon term that is
necessary for accurate computation in C rrespcx@ level set method. Edge
extraction of different flame images ustp model anththe classical edge detection
operators are compared and analy perl results show that the existing

methods do not emphasize the cont nd cl% e flame and fire edges while the
proposed method identifies t :X us and dges of the flame fire.
Keywords: Edge detectlon fla contour

1. Introduction.

Aspect ratio age bﬁo ept used to describe the ratio of the width of the
image to it t. Image ng or capture devices (e.g. widescreen TV, computer
LCD moni ypical é@t a specific aspect ratio from a set of about half a dozen
possibilities.

standards on combustion efficiency and pollutant emissions,
itoring is becoming increasingly important in fossil fuel fired
, particularly in power generation plants[1].In fire safety engineering
,flame im%grocessing is also emphasized in a digital imaging based multifunctional
flam Ing system. As one of the important steps in flame image processing, edge
deteéﬂ often the precursor and lays a foundation for other processing. There are
easons why it is necessary to identify flame edges. First, the flame edges form a
@for the quantitative determination of a range of flame characteristic parameters such
ape, size, location, and stability. Second, the definition of flame edges can reduce the
amount of data processing and filter out unwanted information such as background noise
within the image. It is also used to segment a group of flames. This method is used to
detect the flame edge to distinguish real and false alarms by online detection of flame in
video [2].

In flame and fire edge detection several conventional edge-detection methods have
been examined to determine their effectiveness, such as morphological method, wavelet
transform method, neural network method, fuzzy detection method , IFS detection method
and so on [3]. However, classical edge detection methods are mostly utilized in flame
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edge detection [4], such as Roberts operator, Sobel operator, Prewitt operator and Canny
operator which based on first-order differential operator, and Log operator which based
on second-order differential operator. As there may be some noise in flame images and
sometime the flame image is not very clear [5], the edges detected by those operators may
be discontinuous. By adjusting the parameters in this method the results achieved were
still unsatisfactory. In the conventional edge detection methods, the flame image edge
curves are not connected, and the false edges were detected. It is therefore desirable to
develop a dedicated edge detection method for flame and fire image and video processing.

Recently, partial differential equations based on active contour model [6] are widely
used in image segmentation. Existing active contour models can be categorized into two
major classes: edge-based models and region-based models [7]. Edge-based models
utilize image gradient to stop the evolving contours on the object boundaries. Typical
edge based active contour models have an edge-based stopping term and a balloon force
term to control the motion of the contour. One fact is that the segmentation resulfs are®
very poor for the objects with strong noise or edge blurs in their interior areas. n
is that those edge detectors greatly depend on the gradient of the input i@ egion-

based models aim to identify each region of interest by a certain region desckiptoy to guide
n*base an-vese (CV)
. It uses global image

the motion of the active contour. Typically, area info
model is a very popular region-based active contour

information, without depending on gradient. It shpuid oted, that\it£an better handle
image segmentation problems such as strong noi edge us, this model has
widely been used in image segmentation for_past decades. Buthin the CV model, the
image intensities are assumed to be statistica@?omogen However, the assumption
does not hold for some general images, wg imits its ap&c ions.

Thus a new edge detection algorithmgi pose i paper to process a combustion
image and to identify flame and fire " Here of the paper deals with the
introduction of CV model. Sectjo poses a n dge detection of flame and fire
image with detailed descripu%“ on 4sh the experimental results of edge

d

detection with some discussion c s, followed by conclusions in Section 5.
2. Related Work\sog 4\'
2.1. Chan-V. I Q

Chan al e [7] an active contour model which can be seen as a special

roblem [3]. For a given image | in domain €2, the CV model
ing the following energy functional:

case of the Mumfor
is formulated by mirti

2 2
E(C.c.c, [roey)—c[ddy+4, [lieoy)—c,[dxdy, (xy)e@ (@)
insidg(C) outsidgC)
wher@ nd C, are two constants which are the average intensities inside and outside

the , respectively. With the level set method, we assume
C={(xy)eQ:¢(x,y) =0},
inside(C) ={(x,y) e Q: ¢(x,y) > 0}, )
outside(C) ={(x,y) e Q:¢(x, y) <0},
[ 106 y)- H(g)dxdy [ 100 y)- (@=H(g))dxdy
_Jo ,(g) =2 3
O e T T Ao “

By incorporating the length and area energy terms into Eq. (1) and minimizing them,
we obtain the corresponding variational level set formulation as follows:
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5(¢)|:/Udlv[ J_V_ﬂl(l _C1)2+ﬂq(| _C2)2 (4)

Vdl

where 1£>0,v>0, 4,> 0, 4,> 0 are fixed parameters, 4 controls the smoothness
of zero level set, v increases the propagation speed, and 4, and A, control the image
data driven force inside and outside the contour, respectively. V is the gradient operator.
H (@) is the Heaviside function and &(¢) is the Dirac function.

The CV model has good performance in image segmentation due to its ability of
obtaining a larger convergence range and being less sensitive to the initialization.
However, the CV model is only adapted for 2-phase image. If the intensities with inside C
or outside C are not homogeneous, the constants ¢l and c¢2 will not be accurate. As a
consequence, the CV model generally fails to segment images with i tens,lty0
inhomogeneity. r\/

3. An Active Contour Model Combined With the R eglon an
Information (ACRE)

In this section, we present and discuss in detail the@v d d&ch combines
the region information and edge information. F nience, the posed model is
called ACRE. From the previous steps, a contour i lized Nround the object of
interest based on its strong saliency value volve th r ACMs usually use
either edge information or region mforma&{deﬂne energy functional. In this
paper, an extension of ACMs is proposé ddin o information types to both

internal and external energy terms g po mtegratmg region information
into an energy functional is that thi eI ha Iarger convergence range and the

initialization of the curve ca nywhe e image. The Chan-Vese minimal
variance criterion, or fittin or col %ges is given in [8] using region statistic

information by

3
R(C)+F(C) Q()g %ﬁ 1.)dxdy o 32 (1) 'y 9
al

where C is ve and t C,; and C,; are depending on C. In this term,

welgé ich control evolving speed of the curve. Usually, these

parameters are const by experiments that can be very difficult to correctly tune for
specific images [9]. d on its meaning, a measure of information content, the image
entropy is descrj

E, :§_gk og, p, keinside(C)
Q =—>'plog, p,  k eoutside(C) (6)
k=1
;h

ere P, is the probability of the k™ color level. This entropy reflects the diversity of

intensity of the image. To apply this improvement, we assume that 4, =E; and A,=E_, to let

the evolvement be faster and more smoothly.
For color images, edge information is defined by classical Riemannian geometry

results [10]. In this case, the value of each pixel at (Uu;,u;) is treated as an

Ndimensional vector. Using the standard notation of Riemannian geometry, they
ol ol
u

out

describe @ g; =—-

5 and build a metric tensor [gij] . From this matrix, its
u
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eigenvectors @, and corresponding eigenvalues A are obtained. Values of A are

1 1
called the maximal and minimal rate of change, respectively. As [10], the
strength” of edges in the vector-valued case is not simply the rate of maximal
change but how A, compares to A,. Therefore, the first approximation (or gradient)

of edges should be a function f =f(4,,4,).
In this paper, we select

«

fedge = 2’+ -4 (7)
Finally, the vector-valued edges are used to define an edge stopping function as
1
I T (. *s())
edge (8)

where S(I) is the saliency map. This equation can increase the effect of p|xels\Kh?1‘
e

are both in salient regions and at the object boundaries more than others to spe
evolution of the contour to edges of the object.

Finally, to improve performance of the ACM in different sjtuations a new
energy functlonal which combines both the edge and reg@)rmatl@ned as
&@) =] ZE.n(I ~6) H(gxdy + [ = ZE@ .)2(1 D)y

- jgga(¢)|v¢|dxdy (©)
L 2
where g is a contant, H is the Heavj function,\@& is the univariate Dirac

unction N
| ’ 1 &% x@g
5900 =10 A \é‘@)ke (10

—«‘ioos 7H( ?\' otherwise

As shown.in«Eid re 1, if £ o small, the values of 5¢(X) tend to be near zero to

make its ef e rang r@ so the energy functional has a tendency to fall into a local
minimum. THE object ail to be extracted if the initial contour starts far from it.

However, if & is | although o¢(x) tends to obtain a global minimum, the finial
contour locationqayenot be accurate. So in this paper, we choose € =1.5.

O o
&
=

03

02

0.1

Figure 1. The Dirac Function W.R.T Different Epsilon Values
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4. Experimental Results

Our algorithm is implemented in Matlab 7.0 on a 2.8-GHz Intel Pentium V PC. In each
experiment, we choose £ = 1.5, ,u=0.01*2552. Thousands of flame images were

proposed using the algorithm to evaluate its effectiveness. Some of the flame images were
taken for propane Bunsen flames burning in open air. Some images were obtained from
the internet with courtesy of permission of use. The experimental results are obtained by
image segmentation of ACRE model and four classical edge detection operators [9],
comparing the final results and characteristics of them.

4.1. Experimental Results of Simple Fire Images

Our first experiment is carried on different flame images without complicated
background using ACRE and four classical edge detection operators. Some edge detection
results are showed in Figure 2, Figure 3.

(2)Original image' (b) our method __{&)\ROberts (d) Sobel (e) Log
Figure 2. Flamhe €£dge Dgtection Results
From the result of Figures2, We™tan see thatyvhen the edge strength of primary flame
images is different, the edge detéctionyesultgare also different using different methods.
The edges detected by ACRE model ave tqntinuous and clearer than those detected by the
four classical methodg” WioTeover, the etiges detected by the four classical methods are

discontinuous, espectally in the fifSsflame image which has weak edge strength, and from
these discontinugls,gdges it is Rardito‘extract flame feature parameters.

1 2 3
.-
1 2

(b)
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2
(©)

Figure 3. Edge-Detection Result For A Flame Video (A) Frames In A Flame
Video (B) Detected Flame Edge From the Video Sequence Using the
Proposed Method ACRE.(C) Detected Flame Edge From the Video Sequence
Using (1) Roberts (2) Sobel (3)Log

To evaluate the robustness of the system for continuous edge detection many Tapfe
videos are also tested. Figure 3(a) shows a series of frames acquired from a_flame’video.
Figure 3(b) shows the edge detection results by proposed algorithm. Figure 8(cy'$hows the
edge detection results by various operators. It is clear that the\flame edges obteined using
the proposed algorithm show clear and continuous edges,

4.2. Experimental Results of Fire Images with Gomplex Backyround

To verify the effectiveness of our method_in the complex Background, our second
experiment is carried on the complex fire imagdes.

Figure 4. Segmeitation RESuILS of Mine Fire Disaster Image. (A) The Mine
Fire Risaster Image (B¥Roberts (C) Sobel (D) Log (E) Our Method

Figure 4 Smeiws the typigal processed flame images with edges identified with different
edge operators. It is €1Bafty noted that the proposed algorithm can clearly detect the edges
of the flame whiclthe-Common edge detection method cannot achieve.

5. Conclusions

In the paper we first introduce the importance of accurate edge detection in flame
image, and then propose the image segmentation method using ACRE model. Finally, we
Use~tfe° ACRE method and classical edge detection operators to detect the edges in
différent flame images. The experimental results show that the advantage of this method
is that the flame and fire edges detected are clear and continuous. This algorithm provides
a useful addition to fire image processing and fire analysis in fire safety engineering. Our
future work is conducted to extract flame feature parameters from the detected flame
edges for further furnace flame image monitoring and combustion.

280 Copyright © 2016 SERSC



International Journal of Hybrid Information Technology
Vol. 9, No.9 (2016)

Acknowledgment

This work is sponsored by the National Natural Science Foundation of China (NSFC)
#61402192, JiangSu Qing Lan Project, six talent peaks project in Jiangsu Province
#2013DZXX023, the Natural Science Foundation of the Jiangsu Higher Education
Institutions of China #14KJB520006, 14KJB580002,15KJB520004, Jiangsu 333 Project,
the open fund for the Key Laboratory for traffic and transportation security of Jiangsu
Province (TTS2015-05), the open fund of Jiangsu Provincial Key Laboratory for
advanced manufacturing technology (HGAMTL-1401).

References

[1] D. Roddy, “ Power Plant Materials, Design and Technology”, Cambridge, U .K Woodhead Publ, (2010).
[2] B. U. Toreyin and A. E. Cetin, “Online detection of fire in video”, In Proc. IEEE Conference CVPR,
(2007), pp.1-5. 0
[3] B. U. Toreyin, Y. Dedeoglu and A. E. Cetin, “Flame detection in video using hidden Mark
In Proc. IEEE ICIP, (2005), pp.1230-1233. ?N
[4] Z. YuandS. Gao, “Fuzzy Two-dimensional Principal Component Analysis and Its A Face

Recognition”, Advances in Information Sciences and Service Scienges, voI 3, pp’ 335 -341,
(2011).

[5] H. C.Bheemul, G. Lu and Y. Van, “Three-dimensional V|sual a ua tlt@ractenzatlon of
gaseous flames”, Meas . Sci . Technol., vol. 13, no. 10, , 4 165

[6] S. Gao, J. Yang and Y. Yan, “A Local Modified Cha del f tlng Inhomogeneous
Multiphase Images”, Journal of Imaging Systems and TeghnoJogy, vol. %q ), pp. 103-113.

[71 S. Gao and J. Yang, “A multiphase active con r model for Inhom®geneous Brain MR Image
Segmentation”, Multimedia Tools and Appllcatlo 72,n0.8 4) pp. 2321-2337.

[8] T.F.Chan, B.Y. Sandberg and L.A. Vese, “Ac tour W|tho es for Vector-valued Images”, In
Journal of Visual Communication and Ima e R entatlo 11 (2000), pp. 130-141.

[9] C. Yufei, Z. Weidong and W. Zhichen Set n Algorithm based on Image Entropy
and Simulalted Annealing”, In IEEE I 007) % 003

zin

[10] S. Gao,J. Yang and Y. Yan, I| sed locali active contour for Automatic Natural Object
Segmentation”, IET Image Procesgi oI 7, po. %013) pp. 787-794.
%ors

\lel Fegoshe was born in 1973, received his B.S. degree in
. ftware eering from Tsinghua University, Beijing, China in

2003, .S. degree in computer science and technology from
So University, Nanjing, China in 2010. He is an associate
r at Huaiyin institute of technology, Huai’an, China. His

b

Ying Li, she was born in 1977 received her B.S.degree in
Application Electronic Technology from Xinyang Normal University,
Xinyang , China in 2001, her M.S.degree in Computer technology
from East China University of Science and
Technology,Shanghai,China in 2008.She is an associate Professor at
Jiaozuo University, Jiaozuo, China.Her current research interests
include software and network.

nt research interests include image processing and software.

Shangbing Gao, he was born in 1981, received the BS degree in
mathematics from the Northwestern Polytechnical University in 2003.
He received the MS degree in applied mathematics from the Nanjing
University of Information and Science and Technology in 2006. He
received the Ph.D. degree with School of Computer Science and

Copyright © 2016 SERSC 281



International Journal of Hybrid Information Technology
Vol. 9, No.9 (2016)

282

Technology, Nanjing University of Science and Technology (NUST).
Since 2014 he has been an associate professor at Huaiyin Institute of
Technology, China. Her current research interests include pattern
recognition and computer vision.

Yunyang Yan, he was born in 1967, received the BS degree in
computer application from the Nanjing University of Aeronautics
and Astronautics in 1988. He received the MS degree in
computer application from the Southeast University in 2002 and
the PhD degree from the Nanjing University of Science and
Technology (NUST), on the subject of pattern recognition and
intelligence systems in 2008. His current research interests
include pattern recognition, computer vision.

*

Jianxun Xue, he was born in 1978, received his M.S n

aerospace manufacturing from Nanjing Upi ty of
Aeronautics and Astronautics, Nanjing, China i @ eis a
lecturer at Huaiyin institute of ogy, F@ hina.His

t
current research interests in mage essing and
software.terests include softx@ netVO\rL}/

Copyright © 2016 SERSC





