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ABSTRACT
is a collection of all subsets of E. A Cho uet capacity is
such that
defined as a set function c from " ( E ) to

7

I n this paper, we investigate the problem of stabilization,
and detection and tracking of moving or stationary objects
in a forward-looking infrared (FLIR) sequence. A multifractal formalism is proposed f o r stabilization and activity
detection and the method has been compared t o three other
classical techniques in image processing.
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c is non-decreasing.
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For any increasing sequence of points

c ( u n e n ) = SUP C(en)
n

1. INTRODUCTION
In surveillance applications, stabilizing FLIR data is crucial
for detection and tracking of objects [l, 2 , 3, 4, 5 , 61, and
also for fusion of data across possibly different sensors (e.g.
FLIR and LADAR) [7, 8, 9, 101. Existing algorithms for
FLIR data [l, 2 , 3, 4, 5 , 61 usually solve the problems of
stabilization, object detection and tracking separately. For
FLIR data however these three problems may be combined
into a single process, because in general inter-frame motions are restricted to lateral translations or tilts and scale
changes. The method proposed in this paper exploits these
sensor motion constraints for performing simultaneous activity detection and stabilization.

0

c (nnen)= inf c ( e n )
n

For image processing applications [12] the set E can be
considered as the unit square [0, 1) x [ 0 , l),in which case the
collection of partitions can be found by using an increasing
sequence of positive integers Y,

We have compared our method with three other clas-

The local singularity for each point in the unit square
is then given by the Holder coefficients

sical methods of multi-scale optical flow, phase correlation

and Kalman filtering.
2. MULTIFRACTAL FORMALISM
In this section, we first recall some fundamental results
on the applications of multifractal techniques in image processing. We then formulate the problem of object detection
as that of segmenting an image function using a measure
of its local singularity. The measure that we propose is the
Holder exponent of some hybrid capacity at a given scale.
Using this hybrid measure, we define Lipschitz signatures,
which reflect the singularity of the image function along
each spatial axis. These signatures can be used for detection and tracking of objects, and hence stabilization of the
image sequences.

where &(%,y) is an open ball of diameter 6 centered at
( z , y ) , and p is a measure used as a reference. We shall
hereafter assume that for our applications log p ( f ? 6 ( % ,y ) )
tends to a positive finite constant.
The Holder exponents given in Eq. (1) reflect the local behavior of the measure c in the neighborhood of (%, y)
with respect to p . Image analysis using multifractal theory
is based on computing the fractal spectrum. The spectrum
,
this graph is deis given by the pair ( a ,dim E ( @ ) )where
termined by either the Hausdorff spectrum, the Legendre
spectrum or the large deviation spectrum. The key in using multifractal tools in image analysis is to design a sequence of Choquet capacities (measures) c that can extract
the appropriate information on local and global behavior of
the image function. Herein, we have used (Y for characterizing the local behavior, while a probabilistic method is used
for characterizing the global behavior. The latter may be
viewed as providing similar information as the large deviation spectrum. In order to apply Eq. (l),we interpret the
points ( z , y ) in the paved space as the pixels in the image
function, the open balls as windows centered at ( 2 ,y), and

In order to define the Lipschitz signatures, we shall use
the concept of a Choquet capacity [ll],which is defined in
terms of some basic concepts in fractal theory.
Let E be a set, and P ( E ) a sequence of partitions of E.
The pair ( E , E p ) is refered to as a paved space, where Ep
Prepared through collaborative participation in the Advanced Sensors Consortium (ASC) sponsored by the U.S. Army
Research Laboratory under the Federated Laboratory Program,
Cooperative Agreement DAAL01-96-2-0001. The authors would
also like to thank Dr. Richard Sims of AMCOM for providing
the video sequences and for interesting discussions.

78
0-7803-6297-7/00/$10.00 02000 IEEE

For any decreasing sequence of points

3. IMPLEMENTATION

the measure c as a function of gray levels.
Several Choquet capacities have been introduced in the
literature [12, 131 and their properties have been investigated in the context of image processing. Choquet capacities have the general form of c(z, y) = ~ ( , J ) E ~ 6 ( , , Y ) f ( z , ? ) ,
where 0 is an operator acting either on the gray level (i.e.
f ( z , j ) = g ( t , j ) ) or on some function of it (e.g. A(z,j) =
g(z, y)-g(z, I)). Some useful capacities and their properties
are summarized below:
0 Sum:
g(z, 2). Not a very informative
measure.
max: max(,,,)E~6(p,y){g(z,
I)}. Sensitive t o the amplitude of the singularity.
min: min(,,,)EB6(Z,y){g(a,
I)}. Sensitive to the amplitude of the singularity.
0 Iso: Binary image of iso-singularities.
Sensitive to
the spatial distribution of singularities.

The main assumption herein is that “active regions” (i.e.
regions of interest), where stationary or moving objects
are present, exhibit some higher level of singularity in the
Lipschitz signatures. Therefore these signatures can provide information about the spatio-temporal characteristics
of events in a sequence, e.g. FLIR data. In other words,
singularities can be detected and tracked both in time and
space. In particular the spatial information (e.g. the location of a particular singularity) can be used for alignment
of the image frames and hence yield a stabilized sequence.
Other aspects which can also be exploited are the size and
the aspect ratio of the detected object regions.

x(1,J)EB6(2,Y)

0

Self-similar: exp

Figure 1 shows an example of a FLIR image frame from
an AMCOM sequence. The Lipschitz signatures clearly localize the objects and their spatial characteristics. By tracking these signatures in time one can also characterize the
associated temporal characteristics.

(- (w).
Sensitive to the spa-

The detection process consists of a simple thresholding.
We describe the choice of the threshold for ay(.). But the
In order to choose a
approach equally applies to a,(y).
exthreshold value, we estimate the probability of cry(.)
ceeding some value T E [0,255], which is given by

tial distribution of singularities.
The drawback of all these measures is their limitations in
terms of their sensitivity to either the amplitude or the
spatial distribution of the singularities. In this paper, we
introduce new hybrid measures which are sensitive to both
amplitude and spatial distribution of the singularities. The
proposed measures are the following two self-similar capacities along each spatial axis:
CY(.)

= max IGz,oS(G Y)I

C ~ Y )

=

max IGY,ug(z, 111

where h ( a y ( z ) l g ( z , y ) ) is the conditional pdf of ay(.) over
the rescaled interval [ O , 2551. The threshold corresponds to
the point where the gradient of p ( a y ( z ) Tlg(z,
,
y)) attains
its minimum value with a probability p ( a y ( z ) , T l g ( z , y)) exceeding 0.5. The condition that p ( a , ( z ) , T l g ( z , y)) should
exceed 0.5 corresponds to a likelihood ratio test for binary
hypotheses when no a priori information is available.

(2)
(3)

where the operators GzPuand Gy,uare the derivatives of
the Gaussian applied along 2: and y axes, respectively. The
parameter m clearly defines the extent of the operator. Considering the decay of this operator, in practice we only need
to apply it in a window size of 6a. Using these two measures and Eq. (1) we can evaluate the following singularity
coefficients along each spatial axes:

This minimum gradient point can be readily computed
for each frame from which a threshold ry for ay(.) can be
found according t o

TT

ry = 255 ( a y , m a z - a y , m i n )

+

ay,min

(7)

where T, is the point in the graph of p ( a Y ( z ) , T J g ( z , y ) )
where the minimum gradient is detected, and CY^,^^^, cry,maz]
defines the range of values of ay(.).

where maxy,6 is the maximum taken over all ( i , y ) with i
in some neighborhood of z, and maxz,6 is the maximum
taken over all ( z , j ) with j in some neighborhood of y. For
image processing applications 6 + 0 can be interpreted
as the window size reducing to one-pixel wide, in which
case maxy,6 would be for instance the maximum value of
IGz,og(z,y)l along each column. In this sense, ay(.) and
a 2 ( y ) may be viewed as projections of IGo,og(z, y)( and
IGy,,g(z, y)I along the z and y axes. We shall refer to these
one-dimensional signals as Lipschitz signatures, since for
differentiable functions exp(ay(z)) and exp(a,(y)) can provide some measure of the Lipschitz bounds along each axes.

Figure 2 shows p(ay(z),T ( g ( z , y)) and the minimum
gradient point for p(ay(z),T l g ( z , y)) > 0.5, corresponding
to ay(.) shown in Figure 1. The detection of the objects is
simply achieved by projecting the Lipschitz signatures back
onto the image plane. The back-projection process involves
a simple book-keeping problem. Figures 3 and 4 show two
examples from AMCOM FLIR sequences where the moving or stationary object contours have been detected using
Lipschitz signatures.
Once the objects have been detected, one can stabilize
the sequence with respect to any object by compensating
for lateral translations or tilts, which can be computed as
the amount by which the centroid of the object is moving
from one frame to another.

In the next section, we will discuss how these Lipschitz
signature can be used to provide crucial information about
local image characteristics, and hence use them for object
detection, tracking and stabilization.

79

Figure 3: Detected stationary/moving objects.

Figure 1: (a) A FLIR image, '(b) Lipschitz signature along
x-axis, (c) Lipschitz signature along y-axis.

Figure 2: Probability of cr,(z)

> T,T E

Figure 4: A detected stationary object.

[0,255].
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5. CONCLUSION
We have proposed a method for stabilization and activity
detection in FLIR sequences. The method is robust to image scale variations and can handle multiple moving or stationary objects. The proposed method involves projections
along the spatial axes, and hence can be implemented for
real-time processing. An important feature of the method
is its capability of providing spatio-temporal information on
the objects in the scene.
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