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Abstract 
This paper treats the problem of tracking contours of 
flames captured by PLIF imaging using geodesic paths 
and level sets. Successive images of the combustion 
process captured in controlled experiments are smoothed 
by non-linear diffusion filtering then active contour 
models are used to obtain the curves that most accurately 
describe the flame boundary. These curves are matched 
using the concept of shortest path (geodesic) computation 
on a cost surface. Level Set representation is employed so 
that complex curve evolutions including those with 
topological changes in their structures could be handled. 
A critical point detection algorithm is used to identify 
important curve landmarks that are then used to modify 
the cost surface so as to improve the quality and stability 
of the matching. Accordingly, the propagation of curves 
representing successive flame contours within a sequence 
is obtained and used for studying the flame dynamics. 

 

1. Introduction 
In this paper we are interested in studying flame 

structure deformations from image sequences that capture 
combustion processes of varying types and turbulence 
levels. The local intensity in the recorded images is a 
function of the local OH concentration in the flames. 
Since OH is formed in the reaction zone of the flame and 
is rapidly quenched by cold unreacted gases, it is a good 
indicator of the flame front position.  This fact makes the 
task of studying flame structures and deformations 
possible through the evolution of their boundaries. If 
these boundaries are matched, the results can then be used 
to study the dynamics of the flame in a number of ways. 
For example, intermediate curves can be interpolated 
between the experimentally obtained curves and velocities 
of the boundary points can be estimated. 

In order to segment the flames, non-linear diffusion 
filtering is first employed to smooth the experimentally 
captured images. The flame boundaries are then 
automatically detected using active contour models and 
the resulting curves are used in the matching procedure. 

The nature of the flame data necessitates the use of a 
curve-matching algorithm that can successfully handle 
large deformations including topology changes and 
curves with high degrees of wrinkling. In [1] an algorithm 
that is based on point-wise tracking of structures by 
matching their contours is proposed. The method 
computes a set of geodesic paths connecting two curves. 
The curves are implicitly represented using level sets, 
which enables handling complex cases with topological 
changes in their structures. In the work presented here this 
curve matching method is extended and applied to image 
sequences of combustion processes captured in controlled 
experiments. A modification to the cost function on which 
the geodesic paths are traced is proposed such that 
specific landmark pairs of points on the two curves to be 
matched are steered to correspond. A critical point 
detection algorithm is used to identify these landmarks 
whose incorporation improves the quality and stability of 
the matching results.  

2. Image Data Acquisition 
The image data sequences are obtained through 

controlled experiments using Planar Laser Induced 
Florescence (PLIF) imaging of OH radicals in combustion 
processes. The data includes both premixed flames 
subjected to varying degrees of turbulence as well as 
diffusion (non premixed) flames. The different 
experimental setups used are shown in Figure 1. 
Examples of the obtained time-resolved image sequences 
are shown in Figure 2 and Figure 3.  
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Figure 1: Experimental imaging setups. (a) 
Premixed flames.  (b) Diffusion flames. 
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Figure 2. A premixed flame sequence. (a-d) Four 
frames captured with a 1.7 millisecond interframe
interval. 

 
In PLIF imaging suitable optics are used to transform a 

laser beam into a light sheet that traverses the flame.  If 
the wavelength is tuned to match a molecular resonance 
line of OH then light from the sheet is inelastically 
scattered from the OH radicals present in the interaction 
region. This scattered light is detected using a CCD 

camera arrangement. The high-speed laser diagnostic 
system used here has the capability of recording rapid 
sequences of up to 8 images per sequence with temporal 
resolution ranging from microseconds to milliseconds. 
Detailed information about the experimental setups used 
to produce the different image datasets is given in [2][3]. 
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Figure 3. A diffusion flame sequence. (a-d) Four 
frames captured with a 125 microsecond interframe 
interval. 

3. Smoothing and Segmentation 
To improve the signal to noise ratios and simplify the 

segmentation of the OH boundaries, the images were 
smoothed using non-linear diffusion filtering or edge-
preserving filtering. The method is based on the original 
approach formulated by Perona and Malik [4]. The 
principle of the method is to smooth out noise locally by 
diffusive flow while at the same time preventing flow 
across boundaries. By a proper choice of the diffusion 
kernel, object boundaries may be enhanced and physical 
gradients sharpened thus simplifying the determination of 
object boundaries. Basically we filter the data using the 
following equation: 

 � �� �� �*I div g G I I
t �

�
� � �

�
 (1) 

where I represents the image intensity and 
� �� �*g G I

�
�  represents a locally adaptive diffusive 

strength. The latter is chosen to be inversely proportional 
to the image gradient I� . For stability reasons [5], the 
image is convolved with a Gaussian kernel G

�
of width 

� . Details of the numerical implementation used are 



described in [6]. Examples of the results obtained are 
shown in Figure 4. 
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Figure 4. The result of smoothing the images in (a)
Figure 2d and (b) Figure 3c using non-linear diffusion
filtering. 

 
For the segmentation of the flames in different 

measurement series, active contour models (snakes) are 
used [7][8]. This results in the identification of the flame 
front boundaries, which are fed to the curve-matching 
algorithm described in the next section. Details of the 
segmentation procedure used are reported in [9]. 
Examples of the results obtained are shown in Figure 5. 
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Figure 5. Segmenting the images in Figure 4 using
active contour models. The results are overlaid on the
original unsmoothed images. 

4. Curve Matching 
The choice of a viable curve-matching algorithm for 

the targeted application data is constrained by the need to 
have an accurate and robust method that can handle a 
wide variety of curve structures especially those with 
sharp edges, cusps and topology changes. In this paper the 
curve matching algorithm proposed by Cohen et al in 
[1][10] is extended and employed. The method is based 
on the computation of a set of geodesic paths connecting 
two curves, namely, the source and the destination curves, 
S  and D , respectively. The curves are implicitly 
represented using level sets, which facilitates handling 
complex curves and allows for topological changes in 
their structures. We improve the curve matching results 
by incorporating a new term in the cost function that 

favors certain pairs of points to correspond (match). 
These corresponding pairs of points can either be 
manually marked by the user or automatically detected. 

4.1 Locating the Optimal Paths 
In [1] it is shown that the matching routes between the 

source and destination contour points (S and D) are those 
that minimize the following cost function � �,f x y  along 
their path  

 � �, S Df x y D D� �  (2) 
where SD  and DD are the geodesic distance maps of S  
and D  respectively and will be defined later in the text.  
This cost function characterizes the similarity between the 
two curves S and D and also enables the matching to be 
symmetric, i.e. the optimal paths obtained using this 
function are the same whether S is matched to D or vice 
versa. Since the minimal paths are orthogonal to the equal 
distance contours, they can be reconstructed by starting 
on a point on the source contour and moving in the 
direction of the gradient of the cost function until 
reaching the destination curve. The path is thus defined 
by a parameterized curve ( )p s  such that  

 � �,p f x y
s

�
� ��

�
. (3) 

In our implementation, we smooth the gradient of the cost 
function using a 2D-Gaussian kernel, which gave more 
plausible and robust results. 

In order to calculate SD  and DD , the work of Kimmel 
et al [11] is considered. They proved that a curve ( )s�  
tracing an evolving contour when restricted to the xy  
plane has the following evolution equation 

 � � 2 2
1 2 1 2,t s t an bn cn n n� � � �

��� ��  (4) 

where � �1 2,n n n�

��  is the unit vector normal to the 
contour while a , b , and c  are coefficient that depend on 
the gradients of the surface on which the geodesic paths 
are to be found. Level sets can be incorporated in order to 
eliminate the parameterization dependence in the 
evolution equation, which introduces errors and fails to 
handle curves of complex structure or varying topology. 
The resulting equivalent evolution equation thus becomes 

 2 2
x y x yt a b c� � � � �� � �  (5) 

where �  is a 3-D function that evolves such that its zero 
level set tracks the evolving curve ( )s� , i.e. 
� � � �1, 0s t� ��

� . Now, the two distance maps DS and 
DD are defined by solving the propagation equation (5) on 
a graph surface Z twice, once for S and once for D, such 
that � �,SD x y��  and � �,DD x y�� . The signed 
Euclidian distance maps [12] 0�  and 0�  of the curves S  
and D , respectively, are used as initial estimates.   



The graph surface Z on which these geodesic distance 
maps are computed has to be the same for the 
computation of both maps in order to define a similarity 
measure between S  and D . Z should also have both S  
and D as zero level sets. One such surface is 

 0 0( , , ) min( , )Z x y z � �� . (6) 
Modifications to the graph surface can be incorporated, 

for example, to allow for geometrical properties of the 
curves to be taken into account. This is helpful when 
geometric similarities exist between the matched curves, 
however, there is a limited range over which the 
geometrical similarity can be considered [10]. 

4.2 Matching with Point Correspondence 
To improve the quality and stability of the matching 

results when geometrically similar feature points of the 
curves have moved over a wide range, we propose adding 
another term CD  to the cost function � �,f x y . This term 
steers the algorithm into matching certain distinctive 
landmarks when their correspondence can be accurately 
identified. We define CD  as 

� � � � � � � �� �
1 2

1
, , , ,

i i

N

p piC
i

D x y w x y D x y D x y
�

� ��  (7) 

where � � � �1 2 1 1 2 2, , , ,i i i i i ip p x y x y�  is the thi  pair 
of landmark points to be matched and 

1ipD and 
2ipD  are 

their Euclidean distance maps. N  is the number of pairs 
used. � �,iw x y  is a 2-D weighting function that is 
incorporated to localize the effect of the matching term, 
i.e. to attenuate its effect as the distance to 1 2,i ip p  
increases. We use 

 � � � � � �� �
1 2

, , ,
i ip piw x y d x y d x y

�
�

�

� �  (8) 
where �  and �  are positive constants and 

� � � � � �
2 2

,
ijp ij ijd x y x x y y� � � � , 1,2j � .  

CD  adds components to the cost function that act as a 
field steering corresponding landmark pairs to each other, 
see Figure 6. Accordingly, the cost function becomes  

 � �, S D Cf x y D D D� � � . (9) 
The pairs of points to be matched can be identified 

either manually or automatically. Here an algorithm for 
critical point detection (CPD) on a simple closed 2-D 
object boundary is used [13].  The algorithm does not 
require curvature estimation or Gaussian filtering. In 
summary, a set of pseudocritical points (candidates from 
the original boundary) oC  is generated. Assigned to each 
point in oC  is a critical level that depends on the shape of 
the triangle formed by that point and its two 
pseudocritical neighbors. The points with the lowest 
critical level are deleted recursively until only the true 

critical points with critical levels higher than a specified 
level remain. An example illustrating this CPD scheme is 
shown in Figure 7. 
 

pi1

pi2

 

(a)  (b) 
Figure 6. Matching a pair of corresponding points.  (a) 

CD  in the vicinity of 1 2,i ip p . (b) The gradient 

CD� , which acts as a field steering 1ip  to 2ip . 
 

  
(a)  (b) 

Figure 7. Critical point detection applied on the flame 
boundary contours shown in Figure 5. The original 
curves are shown in thin gray and the critical points as 
connected black dots. 

5. Flame Front Tracking Results 
We applied the algorithms described in Section 4 to 

match the boundary curves of the experimentally obtained 
PLIF flame data (i.e. match the flame fronts in the 
images). Figure 8a-c shows the results on the sequence 
shown in Figure 2. Figure 8d-f shows some intermediate 
reconstructed (i.e. temporally interpolated) curves that 
were generated using the obtained matching paths 
between consecutive experimentally captured frames.  

Figure 9a shows the results of matching the fronts of 
the diffusion flames shown in Figure 3-b and c. The 
example illustrates how the algorithm manages to handle 
topology changes (note the flame split/extinction in the 
lower left side). Figure 9b illustrates the improvements on 
the matching results when incorporating the proposed 



point correspondence term CD  in the cost function. The 
corresponding pairs of points were acquired using the 
CPD algorithm discussed earlier. 

6. Conclusions 
The capability of tracking flame contours in time as 

shown here facilitates the study of flame dynamics. For 
instance, once the contours are matched, the matching 
paths can be used to interpolate and visualize intermediate 
frames within the experimentally sampled image 
sequences and flame front velocities can also be 
estimated.  

The curve matching methods presented here may 
provide alternative ways to studying the movement of 
flame fronts subjected to turbulent flow fields. This can 
be used for model development and validation of 
technical combustion processes.  In combination with 
standard flow velocimetry techniques such as particle 
imaging velocimetry (PIV), the presented methods 
provide a unique way to track the response of the flame 
front in the presence of turbulence.  Applications range 
from aero- and automobile engine research to the design 
of technical combustors used in industry and for heating. 
Currently we are working on integrating the techniques 
presented in this paper with new PIV data for facilitating 
the separation of the effects of flow and chemistry on 
local flame front structures. 
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(c) (f) 
Figure 8. Curve matching of flame fronts extracted from the four successive frames shown
in Figure 2.  (a-c) The matching paths for the 1st↔2nd, 2nd↔3rd, and 3rd↔4th frames, 
respectively. (d-f) Intermediate reconstructed curves between original flame fronts. Thick
curves indicate the original flame fronts segmented using snakes. 

 



(a) (b) 
Figure 9. Curve matching of the flame contours extracted from the diffusion flames shown in Figure 3-b and c. (a) 
The matching paths. (b) Improving the matching results by incorporating two pairs of corresponding points
marked as black dots. 
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