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Abstract: In this paper, we propose a novel semi-automatic method for burn scar delineation from Landsat imagery using modified
Chan-Vese model. Burn scars show reddish-brown from Landsat's band 742 combination. This feature can be used for semi-automatic
delineation of burn scars. Usual segmentation algorithms detect all objects in the image, while our goal is to detect burn scars from a
given Landsat image, regardless of other objects. Our algorithm is based on segmenting objects of interest (OOI) using modified Chan-
Vese model. Firstly, we choose sample pixels visually from the burn scar. From these sample pixels, a discrimination function for
whether a pixel belongs to burn scar or not is determined by the principal component analysis and interval estimation. Then we define
a modified Chan-Vese functional. In order to minimize this modified Chan-Vese functional, the evolution equation corresponding to
the functional is given. The initial contour of the evolution is a function of the discrimination function, and automatically located near
the boundary of OOI. An improved stopping function is used in our evolution equation. Our stopping function depends on image
gradient and the discrimination function. This stopping function helps the evolving curve reaches the exterior and interior boundaries
of burn scar fast and accurately. Landsat imagery of burn scars over Russia is used to test our algorithm. The result shows that the
algorithm is very accurate for delineating exterior and interior burn scar boundaries.
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1. Introduction

Forest fires occur in various parts of the world every year. Forest fires and resultant burn scars can be observed in
satellite images. In order to evaluate fire situation and the damage of fire, delineation of burn scars from satellite images
is often a routine work [1].

In order to delineate burn scars, we first should know the feature of burn scars in satellite images. Given a satellite image,
if some physical quantities such as radiance, reflectance, and NDVI are known, it would be helpful to distinguish burn
scars from other objects. But, in many cases, the only resource available is a color image with fires or burn scars in it.
Burn scars can still easily be distinguished by visual inspection if we really know what they look like [2]. In this paper,



we discuss the delineation of burn scars from Landsat images with combination of Band 742, i.e.,, Band 7, 4 and 2 is
shown in Red, Green, and Blue respectively.

Delineation of burn scar by hand is a tedious work, and
the delineation is not quite accurate since it is very
difficult to exactly follow the burn scar boundary by
mouse click. Burn scars show reddish-brown from
Landsat's Band 742 combination, and this feature can be
used for semi-automatic or automatic delineation of
burn scars. For example, an ESA backed, Earth
observation based service used Landsat images to
automatically detect the 2004 burn scars within some
fire-prone areas in Europe [3].

In this paper, we propose a novel semi-automatic
method for burn scar delineation using modified Chan-
Vese model.

Fig. 1 Image showing burn scar (approximately 18km X1lk),

acquired on 2002-08-16 over Chukotka, Russia The study area is Chukotka, Russia. Figure 1 shows the

image with burn scars.

Section 2 describes how to delineate burn scars in Landsat images. Section 2.1 discusses general geodesic active models
and why they are not applicable to our case. Section 2.2 describes our algorithm using modified Chan-Vese model.
Section 3 shows the result of the delineated burn scars from the Landsat image. The result is also analyzed in this section.
Section 4 concludes the paper.

2. Burn scar delineation using geodesic active contour method and Chan-Vese model

Our aim is to delineate burn scars from Landsat images such as Figure 1. The Landsat image is from Global Land Cover
Facility (GLCF), University of Maryland (Courtesy of U.S. Geological Survey) [4]. Figure 1 has been acquired on 2002-
08-16 over Chukotka, Russia. The path number is 92, and the row number is 15.

We first discuss the mathematical problem of delineating burn scars in Figure 1. Mathematically, our problem is to find a
solution on how to delineate the boundaries of Objects of Interest (OOI). In our case, the OOI are burn scars.

Before proposing our method, we first review common methods for boundary delineation.

Generally speaking, there are two categories of methods for delineating boundaries of objects: edge detection methods
and active contour methods. Edge detection methods have two disadvantages: detected edges may be not continuous and
may contain many un-wanted points. So edge detection is not suitable for our case. Therefore, we adapt active contour
methods.

2.1 From the snake algorithm, the level set method to Chan-Vese model

Active contour methods do not have the disadvantages mentioned in edge detection methods. But existing active contour
methods can not be directly used to our burn scar delineation problem and thus we will propose our algorithm in Section
2.2.

The first active contour method was the snake algorithm [5]. The main idea of the snake algorithm is as follows: Given
an initial contour in an image, we can define a corresponding energy. If the contour changes, the energy will change
accordingly. When the energy reaches its minimum, the corresponding contour is regarded as the boundary of object(s).
The contour evolves like a snake, and thus the algorithm gets its name.

Regarding our case, the snake algorithm has two problems: the first problem is that it cannot handle changes in topology.
For example, if the initial contour is a circle, no matter how to evolve, it can not evolve to two circles. Thus, the snake
algorithm is only applicable to detecting the boundaries of objects that with the same topology as the initial contour. The



topology of burn scars may be very complicated in some cases. For example, we have no prior knowledge of the number
of burn scars in the image before the delineation is conducted. Even for one piece of burn scar, we may also encounter
complicated structures such as the shape of burn scar is like a donut with center unburnt. Thus, for a given initial contour,
we can not assume the topology of burn scars is the same as the initial contour. The other problem is that the snake
algorithm can not detect interior boundaries (if the burn scars have any). If we give an initial contour, say, the boundary
of the image, and let it shrink, when it reaches the exterior boundary, it will terminate evolution. For these two reasons,
the snake algorithm is not applicable to burn scar delineation.

The level set method is an improved contour evolution method due to J. Sethian and S. Osher [6]. Better than the snake
algorithm, it can handle topology changes in evolution. The main idea of the level set method is to construct a family of
surfaces z = ¢(x, y,t), where x, y are image coordinates, t is time, such that the intersections of these surfaces and

z =0 are evolving contours. For a given time t, ¢(x,y,t) =0 is the contour in the (x,y) plane. Thus, ¢(x,y,0)=0
represents the initial contour and #(x,y,t — o) =0 tends to the desired contour of objects. The evolving level set
function z = ¢(x, y,t) can be obtained by solving its corresponding partial differential equations.

But even the level set method also can not be directly applied to burn scar delineation due to two reasons. The first
reason is that the evolving contour may stop at some non burn scars points. In level set theory, for every point in the
image, a stopping function is defined. The stopping function indicates the speed of evolution at that point. If the value of
stopping function is very big, the curve will run past that point with the speed valued by stopping function along a certain
direction. If the speed is reaching 0, the curve will stop at that point. Usually, the stopping function is defined as a
decreasing function of the gradient and only depends on the gradient, i.e., at the location where the gradient is big, the
stopping function is small, which means evolution tends to stop at that location. So the evolution curve of level set
method may stop at the place where the gradient is big, but that place may not be OOI at all. This problem can be solved
if a “good” stopping function is defined. A good stopping function means that it is small if and only if two conditions are
satisfied: 1) the point is in burn scar area, and 2) that point has a big gradient. In section 2.2 we will construct a stopping
function of such kind.

The second reason that the level set method can not be directly used is similar to the problem mentioned for the snake
algorithm: when the evolved curve meets the exterior boundary, it will terminate evolution. Assume that the initial curve
is the image boundary, after several evolutions, it successfully arrives at the exterior boundary of burn scars. We want it
shrink again and also find the interior boundary if the interior boundary exists. But since the stopping function reaches 0
at the exterior boundary, the curve will not march on. Thus, the interior boundary can not be detected.

The Chan-Vese model (CV model) proposed by Chan and Vese can solve this problem [7]. An energy functional is
defined in the CV model. Like the snake algorithm, when the energy reaches its minimum, the corresponding contour is
regarded as the boundary of object(s). The CV-derived contour can delineate exterior and interior boundaries of object(s)
because of the “fitting energy” term in the functional. The original CV model only deals with delineating boundaries of
all objects in the image. We shall generalize it to delineating only OOI (burn scars in our case), regardless of all other
objects.

2.2 Our algorithm of delineating boundaries of burn scars

As discussed in Section 2.1, for our problem, the difficulties are in two aspects. 1) The topology of the burn scar may be
complicated. For example, the burn scar may have interior and exterior boundaries. 2) Only boundaries of burn scar are
wanted in the final result. Other features should be excluded.

In order to overcome these two difficulties, following problems should be solved.

1. determine the properties of burn scar pixels and give out a criterion whether a pixel is in burn scar area;

2. give the stopping function at each point in the image. The stopping function should be small if and only if the
point is in burn scar and the gradient at that point is big;

3. give the evolution equation corresponding to the modified CV model;

4. give the numerical solution of the equation.



In what follows, assume the image is a color image 1(x;,X,) unless stated otherwise. Let x=(xy,X,), the image also
can be expressed by 1(x), where I(x) is a vector denoted by 1(x)=(l,1,,15)=(R,G,B).

2.2.1 Properties of burn scar pixels and interval estimation of burn scar pixels

Suppose we start evolution. During the evolution, when the curve evolves to a new point, the speed and direction at that
point should be given. Outside the burn scar area, the speed should be big so that the algorithm can be efficient, and
when reaching the boundary of burn scar, the speed should be approaching zero. Inside the burn scar area, the speed
should also be big until interior boundary is met. So the discrimination function of whether a point is in burn area or not
should be given. To construct this discrimination function, the properties of the burn scar pixels should be studied. This is
done by choosing some sample points of the burn scars. Then properties of burn scar population are estimated from these
samples.

Thus, we first discuss the properties of the burn scar pixels. Since the image is displayed in Red, Green, Blue (RGB for
short) combination, we want to set up a criterion that describes whether a point is a burn scar point using a discrimination
function of R, G, and B. For example, one simple criterion might be: “a point is regarded as a burn scar if and only if 1)
Rela;,b;], 2) Gela,,b,], and 3) B €[as,b;], where a;, b;, i=1, 2, 3 are some integers”. We want the criterion as

precise as possible, i.e., should avoid “type I error” (omission) and “type Il error” (commission).

It is quite intuitive that the above mentioned rectangular parallelepiped may not best describe the burn scar situation.
Before the burn scar study is done, the distribution of burn scar points may have any shape to us. For example they may
concentrate along certain line in RGB co-ordinates. If so, using a rectangular parallelepiped criterion in RGB co-
ordinates will definitely cause type Il error, which could be avoided by using rectangular parallelepiped criterion in a
new co-ordinate system with the concentration line as the new X-axis. So we should find if there exists a co-ordinate
system better than RGB system, so that in that new system the discrimination function is simple and precise. Principal
Component Analysis (PCA) is a way to find out this kind of new system. For the detail of PCA, please refer to [8].

The main procedures of PCA are as follows. In 1(x,X,) , we choose N sample pixels (X3, X;2, Xi3):A 1 (Xn1s X2+ Xn3)
from burn scars. Therefore, X =(x;;) is an (nx3) matrix. Let X* = (xi’;)nx3 be the normalized matrix of X . If the

correlation coefficient matrix of X " is denoted by p = (pij) 3« » then the corresponding eigenvectors of p are axes of the

new co-ordinate system. Assume the eigenvalues are 4,4, and 4; (A4, >4, > 13). Corresponding eigenvectors are
Wy, w,, w5, Where o; (1=12,3) is a column. Then a point (X;;, X5, Xj3) in the RGB co-ordinate system can be written
as (Pi1, P2, Pi3) in the new co-ordinate system, i.e., if let P = (pj)n.s, then P =X(w;, w,,w;) . If a vector is denoted
by a=(a;,a,,a3) in the new co-ordinate system, then a; is called the i-th principal component of a (i=12,3). The

percentage of contribution of the i-th principal component to the total sample variance is e; :#, i=1230
M+, +

which measures the importance of the i-th principal component. If the percentage of contribution of the first principal

component, €, is big enough, the information from R, G, B can be mostly explained by the first principal component.

Thus, only the first principal component is needed to be considered. In what follows, we construct an interval in @, axis

by the method of interval estimation. The interval should cover almost all n samples by interval estimation.

n n
Letting P, =lz Pi1; Sp = iZ:(pil —P)? , we can use t-distribution with n—1 degrees of freedom to construct
L) ' n-143

Py B0k
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\/ﬁ 2 1+\/ﬁ 2

degrees of freedom and 0 <« <1, usually & =0.05 (i.e., 95% confidence).

a confidence interval {51— } with degree of confidence 1-« , where t, is the t-value with n-1
2



The above procedures can be summarized as: Every pixel in the image is transformed from RGB co-ordinates to the new
co-ordinates via PCA. The first component in the new co-ordinates is called first principal component and contains most
important information. If the value of first principal component is within the confidence interval, we regard that the pixel
is in the burn scar area with a confidence of 1-« .

Thus for a given pixel x, we could define a function y(1(x)), which describes whether this point is in burn scar area or
not. Supposing that the confidence interval obtained by PCA is [a, b], and the value of first principal component is
u(l(x)), then »(1(x)) is defined by
1 as<u(l(x)<h,
1(x)) =
7{1x) {0 others.

This information is used in the construction of stopping function below.
2.2.2 Stopping function
We shall now define our stopping function.

A stopping function is a decreasing function of gradient. Usually, it only depends on gradient, regardless of other image
information. For example, for a grey image 1(x),

1

‘V(GJ*I) ‘2
e

g(x) =

X
is a typical stopping function, where K >0 is a contrast factor, G_(x) = o %exp[— |4—|] is a Gaussian filter with a
o

parameter o, V is the gradient operator, and * is the convolution operator.

This kind of stopping function has disadvantages mentioned in 2.1 and it is only for grey images. We want to define a
new stopping function for color images. A good stopping function should be small if and only if two conditions are
satisfied: 1) the point is in burn scar area, and 2) that point has a big gradient.

In color images, the concept of gradient is the largest eigenvalue A of the following matrix:
2 2 2
1+R;, +G; +Bjy Ry Ry, + Gy Gy, + By By,
Ry R,, +Gy G, +B, B, 1+R; +G; +Bf |

where R, G and B represents the pixel’s value of red, green and blue after Gaussian convolution respectively;
R, =0,R, ... For the detailed definition of A, please refer to [9, 10].

Our stopping function is
1

1+(G,*y) A
It can be verified that (1) satisfies the two conditions mentioned.

9(x) = @

2.2.3 Modified CV model and evolution equation

Assume that in a grey image 1(x,, x,) , the region enclosed by & is denoted by @ . The whole image domain is denoted
by Q. Then, the original CV energy function is:
Eic.c, &) = u- Length(©) + v - Area(inside(C))

i - 2
" /1+J.inside(£) [10x0, ) =€ | diyilxy + 4 .[

1(X;,X,)—C |? dx,dx,,
outside(g)| (1 2) | 172



where £ >0,v>0, 4", A~ >0 are fixed parameters; and ¢, ¢~ are two constants to be determined; The first two terms

are regularizing terms, and last two terms are “fitting energy” which is used to control the interior and exterior
boundaries.

Then, the CV model is to find the minimization of (2), i.e., find {cﬂc‘,éf)} such that
min,E(c*,c”, 5)
c*,c’,é)

is reached.

We now generalize the energy of (2) into color images, and we use the notations of the level set function ¢ (ref. [6]).

Recall that ¢ =0 is an implicit representation of é) i.e., é}={(x1, X2) : (X1, X,,t) = O} is the contour at evolution time t
in the color image.

Our modified CV functional is defined by
E@.8 . =" (VoI-D2dxdx, +uf gIVH,(0)|dxde, +v[ g H, (@axdx
: ' 2l W2 TH] & 19%2 o & 1942

1 * d + + 12
+§Iinside(£)(GG 7);% [ 1 (%, X2) = ¢ |7 H (d)dx,dX, 3)

3
*%f utsite() 5° *7>§ﬂ? |10 %) =€ 2 (L= H, (4))dx,dx,

where ¢, u, v, g(x),G,,7,1; are as defined before; A;, 4 ,c; ,c;" are the generalizations of A*, A~ >0,c¢”,c" in color
images; 7 is a constant called penalty constant; H,(¢) is the regularization of Heaviside function,

H,.(®) = E(l + 2 arctan(ﬂjj .
2 T &

Comparing (2) and (3), the first term in (3) is a new term. This term is called penalizing term. It measures the deviation
of level set function ¢ from signed distance function (ref. [11]).

The second and the third term in (3) are the generalizations of the first and the second term of (2). In (3), these two terms
are used so as to the contour will stop at the places where the stopping functions are small.

The corresponding minimization problem is
in ,E(¢,E" (¢), & 4
i pE(.E7(9),€°() @
For the detail of mathematical description of our algorithm, please refer to [12].

2.2.4 Numerical solution of modified CV model

In order to find the solution of (4), we compute the first variation of E(qﬁ,g+ (@), £- (#)) respective to ¢, £+ ,and £- , and

get the corresponding Euler-Lagrange equations. We also use the method of negative gradient flow to the Euler-Lagrange
equation respective to ¢ . Then, we have



j 1104, %2)H ($01, %2)) gy j' 1 (40, X2)(L— H, (¢, ¥2)))dbgdxy

G (9 =2 L) =2 (5)
j H, (40, ¥2))digdxy j (1, (4(xg, X))y
Q Q

o¢ 1 V¢ Gg *y : Gy *y ;

— i o i _,_0* .+._.+20_* —(1. _ )2
E—ndw{(l Ww)W}@(aﬁ){ydw[gle v-g-=% .Zl“ﬂ (- +=2 Zl‘/q (i-c) (6)
P(X1, %2,0) = dp(x1, X2), in Q
5:(p) 04
|V—¢Igﬁy—0 on 0Q

where J,(¢) is the derivative of H, (¢) (Ref. [13]); the initial &, (X;,X,) iS given by

Po (X1, Xp) = P‘(Go— *y(1(X, Xz))—%j,

where p >0 is a constant suggested to be larger than 2¢. Recall that ¢,(x;,x,) =0 is the initial contour. From the
definition of y and the expression of ¢,(x;, X,), it is easy to see if y is absolutely accurate, ¢,(X;, X,) =0 is already

the interior and exterior boundaries of the OOI. But this discrimination of whether a point is a burn scar point may have
type | error or type Il error. Thus ¢, (X;, X,) = 0 may be not the exact boundaries of the OOl yet, but ¢, (X, X,) =0 is
quite close to the real boundaries already.

The iteration formula of ¢ in (6) is

¢Q1J,riz = ¢)r(]1,x2 +7- I—(¢>?1,x2 ) ) (7)
where 7 is the time step, and L is the right hand side of (6). Here (x;, X,) is the grid points and n means the n-th
iteration.

We can make a short summary of what we have done in our algorithm;

1. choose sample pixels from burn scars;
2. startevolution; The initial " (n=0) is defined by d¢,;

3. during the evolution, compute ¢;" (¢") and ¢; (¢") (i=1, 2, 3) using (5); compute ¢

"L using (7) ;
When ¢(x;,X,) is given, the next step is to find the level set ¢(x;,x,)=0, i.e., the solutions {(x;,X,)} such that
P(%, %) =0.

The exact solutions {(x;, X,)}of ¢(X;,%,) =0 should be real numbers. But, because of the discreteness of grid points,
we need to find the integer solutions of ¢(x;,X,) =0. Finding the integer solutions of ¢(x;,X,)=0 can be done by
it #(x, %) 20

, then
else.

1
comparing every pixel (x4, X,) with its 8-neighborhood pixels. If we define sign(x;, X,) :{ L

(Xq,X5) is regarded as the solution of ¢(x;,Xx,) =0 if and only if

8-sign(xy, X,) — ZSign(ylvyZ) 2 0,
(Y1,Y2)e 8-neighbor of (x,x;)

i.e., the sign of #(X;,x,) changes in the 8-neighborhood of (x;,X,) .

Thus, the contour ¢(X;,X,) =0 is found.



3. Results

Figure 2 shows the result of delineation of interior and exterior boundaries of burn scar.

In general, the result is quite promising. In the image, there are one big burn scar with complicated topological structure
and several small burn scars scattered around. The delineation results of both big and small burn scars are satisfactory.

For the big burn scar, the real exterior boundaries are almost delineated, except for some missing areas, especially in
burning areas with smokes. The real interior boundaries are also almost delineated, while there are some tiny delineated
boundaries may be not quite necessary. But most of those “unnecessary” interior boundaries should not be considered as
wrong. The areas inside and outside the boundaries still look different, although not quite obvious. Those “tiny”
boundaries could be removed if some constraints such as minimum perimeter are added to the algorithm

For the small burn scars, most of them are delineated. Some delineated burn scars are smaller than their real shape, i.e.,
the contour over shrink, especially in the burning area with smokes. This can be improved slightly if the selection of
sample pixels from burn scars is done precisely.

One problem of our algorithm is that this algorithm tends to miss some burning areas if we do not want non burn scars
also delineated, although different selections of sample points will cause different results. The reason is that the property
of pixels in those burning areas of burn scar is slightly from other burn scar pixels, i.e., the OOl is not so uniform. Thus
the discrimination function based on only one interval obtained by using interval estimation only once may be not
accurate enough.

This can be improved by regarding the whole non-uniform OOl as the combination of several small OOls. Each of small
OOl is almost uniform. For each small OOI, we can have a discrimination function. Then we can get the discrimination
function of the whole OOI by combining the discrimination functions of small OOls.



4. Conclusion

Forest fires and resultant burn scars can be observed in Landsat images. Burn scars show reddish-brown from Landsat's
band 742 combination. This feature can be used for semi-automatic delineation of burn scars. In this paper, we have
proposed a novel semi-automatic method for burn scar delineation from Landsat imagery using modified Chan-Vese
model. This method can detect interior and exterior boundaries of burn scars.

Landsat imagery of burn scars over Russia is used to test our algorithm. We have constructed one discrimination function
of burn scar based on the sample points choosing from burn scar areas. Then we define a modified Chan-Vese functional
and find the solution to the minimization of this functional. The solution curve is the interior and exterior boundaries of
burn scars. The result is satisfactory. Most of burn scars are accurately delineated.

The delineation result could be improved by constructing a more accurate discrimination function of burn scars. The
whole burn scar areas can be viewed the combination of burning burn scars and unburning burn scars. The whole burn
scars may be not uniform, but each small category can be regarded as uniform. For each uniform part, we can have a
discrimination function respectively. Then we can get the discrimination function of the whole burn scars by combining
the discrimination functions of burning and unburning burn scars together.

This modified Chan-Vese model is applicable to delineating the interior and exterior boundaries of OOI, especially those
OOls with uniform structures.
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