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ABSTRACT

This paper deals with motion estimation and segmentation invideo
sequences. Some methods of motion computation between two con-
secutive frames of a video sequence are based on the minimization
of the square error of the prediction error. More robust estimators
such as absolute value or M-estimators were proposed but these es-
timators loose their ef�ciency when the data do not have parametric
distributions. We relax the parametric assumption on the predic-
tion error distribution and propose to use a nonparametric estimator
for the motion estimation : the entropy of the prediction error. We
use the same criterion to perform a spatio-temporal segmentation of
the sequence using an active contour algorithm. Segmentation and
tracking tests on a textured synthetic and a real sequence, compared
to a standard method in motion segmentation, tends to show that our
method is more stable and accurate.

Index Terms— Image segmentation, minimum entropy meth-
ods, tracking

1. INTRODUCTION

We focus on segmentation of moving objects in video sequences.
Classical methods of motion computation between two consecutive
frames of a video sequence are based on the minimization of a func-
tion of the error of predictione, also called residual:

en (m; v) = I n (m) � I n +1 (m + v) (1)

wherev is the predicted motion between the two framesI n andI n +1

at pixel m. The motionv is obtained by solving the optical �ow
equation [1, 2, 3, 4]. Aside from regularization, this approach is
local (or pixel-based) whereas motion is bound to objects.

Some methods of motion segmentation are based on the min-
imization on a region of the square error of the prediction error.
But this function is not robust to outliers. Thus robust estimators
were proposed such as absolute value or M-estimator functions [5].
However, these estimators lose their ef�ciency when the data do not
have parametric distributions. Normal or Laplacian distributions of
the prediction error are strong assumptions. Indeed motionsegmen-
tation brings many different distortions such as locally wrong seg-
mentation, inaccurate motion estimation, occlusions or variations of
luminance and makes the prediction error an unknown statistics.

In the proposed method we relax the parametric assumption on
the prediction error distribution and use the entropy as a nonpara-
metric estimator.

Nonparametric estimators have previously been used in track-
ing [6], image segmentation [7, 8] or optical �ow segmentation [9].

However our method uses a nonparametric estimator on a predic-
tion error as a segmentation criterion. The aformentioned unknown
statistics of the prediction error motivates this new application.

This nonparametric approach involves two steps: �rst the dis-
tribution of the prediction error is estimated with a kernelapproach
using a plugin-estimator of its bandwidth, second we estimate the
entropy of the distribution. Entropy is a function of the distribution
that coincides asymptotically with maximum likelihood. This sug-
gests that an estimator minimizing the entropy of the errorsshould
be ef�cient and robust to outliers. We propose to use the sameenergy
to perform a spatio-temporal segmentation of the sequence using an
active contour method. Considering the motion as an unknownpa-
rameter of the segmentation problem, the proposed method performs
a motion-based segmentation. The segmentation process is based on
an energy minimization and this minimization problem is driven by
the shape gradient method [7], from shape optimization theory.

The paper is organized as follows. Section 2 presents the prob-
lem of the motion-based segmentation, section 3 describes the seg-
mentation method, section 4 shows some experimental results and
�nally section 5 concludes and gives some perspectives.

2. MINIMUM-ENTROPY MINIMIZATION

2.1. Problem statement

Let I be a video sequence composed of gray-scale or color images
I n . Mathematically,I is a function fromS � D � [0; T ] into R+

or R3
+ respectively, whereD is a bounded connected open set ofR2

andT is a positive integer. For anym andn, I (m; n ) is equivalent
to I n (m).

Let v be the optical �ow between imagen and imagen + 1 : a
vector �eld representing an apparent motion related to a local inten-
sity coherence between two consecutive images [1, 2, 3, 4]. If the
local intensity coherence is chosen to be the (assumption of) bright-
ness constancy, then

I n (m) � I n +1 (m + v) = 0 : (2)

In general, Eq. (2) has several solutionsv since many points in
an image have the same intensity value. Therefore, the problem of
computing the motion of a point must be constrained. First, Eq. (2)
can be extended to a domain surrounding the point. This implies
that the motion of a point is coherent with the motion of neighboring
points:

E (
) =
Z



' (en (m; v)) dm (3)



whereen (m; v) = I n (m) � I n +1 (m + v) and
 is a subset ofD in
I n , v a constant motion over
 and' an increasing function, often a
square function.

Regarding motion (domain
 known), Eq. (3) looks similar to
the energy given in [10] if' is the square function. However, the
work of [10] is a pixel-based approach since each pixel has its own
independent motion as far as data consistency is concerned.On the
contrary, Eq. (3) describes a global motion within domain
 such as
proposed in [11] using as' the absolute value instead of the square
function. Some other functions more robust to outliers and differ-
entiable were introduced [5]. Some other works like [12] do not
directly work on prediction error but on its derivative, theoptical
�ow constraint.

2.2. Minimum-entropy estimation

These functions make some strong assumption on the underlying
distribution of the data, and their performance can be severely af-
fected when the assumed distribution is not correct. Such M-
estimators are fully ef�cient only in case of data with parametric
distributions. However, this assumption is not appropriate in motion
estimation problems, since the distribution is affected bynumerous
occlusions, non-rigid transformations or luminance variations.

A nonparametric approach estimates the energy in two steps.
First, it estimates the distribution of the data, then it uses as estima-
tion criterion the measure of its entropy : entropy is a convex func-
tion of the density of the observations that coincides locally asymp-
totically with likelihood at its optimum. This suggests that an esti-
mator minimizing the entropy of the errors should be ef�cient and
robust to outliers.

In the present context we consider the errorsen (m; v) over a re-
gion
 , viewed as realizations of a random variable. Knowledge (or
estimation) of the probability mass function (in the discrete case) or
of the probability density function (in the continuous case) of these
errors is required in order to compute the entropy of the region. In
this context, a common probability density function (pdf) estima-
tion procedure consists in using Parzen windowing. This technique
provides a smooth estimate that can be plugged into an empirical
expression of the Shannon entropy. Minimum-entropy estimation
gives a consistent estimator of the parameters in a regression model
with unknown distribution of the observations errors, see [13].

The minimum-entropy estimator of the energy of
 that mini-
mizes the Ahmad-type plug-in entropy estimate [14] is de�ned by:

E (
) = �
1

j
 j

Z



log f̂ 
 ;� 
 (en (m; v)) dm: (4)

f̂ 
 ;� 
 denotes the Parzen kernel density estimate based on the pixels
of the errorsen (m; v) over the region
 , which depends on the pa-
rameterv. The kernel has a bandwidth� 
 set either by a data-driven
procedure [15, 16] or by the user.

3. MOTION-BASED SEGMENTATION

3.1. De�nition of the energy

Moreover, since
 is actually unknown, the problem of segmenting
I n is also considered [11, 12]. Energy (4) can be iteratively and
alternately minimized with respect tov and
 . In this section, we
propose an energy involvingv as a function of
 .

Eq. (4) is rewritten as :

E (
) = �
1

j
 j

Z



log f̂ 
 ;� 
 (en (m; v(
))) dm (5)

wherev(
) is given by

v(
) = arg min
w

�
1

j
 j

Z



log f̂ 
 ;� 
 (en (m; w)) dm : (6)

Motion vectorv(
) appears as an intermediate (but valuable) vari-
able.

3.2. Motion computation

Using a classical parametric motion model approach [17], the mo-
tion within the domain
 is de�ned by:

v(
) = Mp(
) (7)

with M a 2 � l matrix representing a given motion model andp a
vector of sizel representing the motion parameters.

We assume that the parameters vectorp(
) is constant on the
object. At �xed 
 , the vectorp which minimizes the energy (5), if
the minimum exists and is unique, is determined by the equation (6).

In the simple case of translation, we can use a steepest descent
algorithm or a region matching method. Actually we use a region
matching on the region de�ned inside the active contour. In our al-
gorithm the matching is performed by a diamond search that gives
fast and ef�cient motion estimation.

3.3. Derivative of the energy for segmentation

Minimization of energy (5) requires the computation of its deriva-
tive with respect to
 . The derivative of the energy is computed in
the directionV by using the shape gradient method [7]. The basic
idea is to introduce a dynamic scheme where the region
 becomes
continuously dependent on an evolution parameter. The derivative
of the energy (5) is given by:

dE r (
 ; V ) =
Z

@

A(s; 
) V (s):N (s)ds (8)

with

A(m; 
) =
1

j
 j

�

E (
) + log f̂ 
 ;� 
 (en (m; v(
))) � 1

+
1

j
 j

Z




K � 
 (en (�; v (
)) � en (m; v(
)))

f̂ 
 ;� 
 (en (�; v (
)))
d�

�

where@
 is the boundary of
 , K � 
 is the Gaussian kernel with a
� 
 -variance used to estimate the distribution of the prediction error
with the Parzen estimator,V is the velocity of@
 , andN is the
inward normal of@
 .

3.4. Segmentation using active contours

The minimization of the energy is performed using the activecontour
technique [18, 12, 7] with B-splines. An initial contour is iteratively
deformed according toV chosen such that derivative (8) is negative
or equal to zero at each iteration. The minimum is reached when
the derivative is equal to zero. The corresponding shape of the ac-
tive contour represents the segmentation. The following evolution
equation represents the evolution of the active contour� :

d�
d�

(m; 
) = � A(m; 
) :N (m) : (9)

where� is the temporal evolution parameter. There is no term of
penalty on the length of the contour as it is hidden in the resolution
of the B-spline.



4. EXPERIMENTAL RESULTS

Our method has been tested on two different sequences, one syn-
thetic and one real. The synthetic textured sequence “Marbled block”
(Prof. Nagel, University of Karlsruhe, KOGS/IAKS,http://i21www.
ira.uka.de/image sequences ) depicts several marbled blocks
moving. In the real sequence ”City”, the camera is moving around
the center building. The input data are, in the YUV color space, the
channels Y and U.

These sequences have similar textures in the background andin
the object. Thus, only a motion criterion would succeed in segment-
ing and tracking the moving objects.

The statistics of the data (prediction error) are complex : on the
prediction error the motion is estimated using a global model, it is
corrupted by outliers due to local motions, occlusions, shadows...
This motivates the use of a nonparametric method.

The distribution of the data over a region
 is estimated us-
ing a Parzen kernel method. An optimal kernel bandwidth is com-
puted using the variance of the residual over the region [15]: � 
 =
2:345f� 
 :j
 j � 1=5 . This estimation of the bandwidth is called plug-
in as the variance of the dataf� 
 over the region
 is ”plugged” into
the bandwidth estimator.

Motion was restricted to translation and estimated using a fast
suboptimal search method (the diamond search) within a search win-
dow of +7/-7 pixels in both directions. More sophisticated motion
estimation techniques can be used.

The segmentation criterion (Eq. (5)) has been used in a classical
region competition scheme [18] between the object region and the
background region.

We �rst evaluated our motion-based criterion on the synthetic
textured sequence “Marbled block”. We compared the resultsof our
method with a standard algorithm (Eq. (3)) based on a differentiable
approximation of absolute differences between two frames over a
region (' � (x) =

p
� 2 + x2 � � , [5]).

Fig. 1. presents a result with as initialization a circle. The be-
havior of the active contour evolution is more stable and converges
to a better solution. An explanation for this stable behavior is that an
outlier, in our model, has a low probability in the pdf.

Fig. 2. presents the tracking of one block with a manual segmen-
tation as initialization of the considered marbled block from frame
50 to frame200. To emphasize the occlusion problem, the sequence
has been temporally subsampled every 5 frames to get an important
motion. Examples on frame100, 150and200show that our method
outperforms the' � -based one on the right side on the block, where
occlusion occurs. To explain this behavior, we plotted the pdfs of
the residuals obtained from the segmentation with entropy and ' � -
based method. The pdf obtained with the' � method is less narrow,
resulting in a higher entropy (8% higher).

Finally, Fig. 3. presents results on a real sequence ”City”.We
try to segment the building on the foreground. The residual error is
corrupted by many outliers. Indeed it has similar colors andtextures
than the other buildings on the background and the camera is slightly
turning around the building and we used a simple translationmodel.
This example con�rms that entropy-based method is more stable and
less sensitive to outliers.

5. CONCLUSION

The proposed method seems more robust and accurate on the pre-
sented results. Furthermore it deals with occlusions whilethe stan-
dard ' � -based segmentation fails to. It has been extended to take
into account other features [19] as motion lacks precision in some

(a) Initialization with a circle

(b) Segmentation obtained with the
' � -based method

(c) Segmentation obtained with our
entropy-based method

Fig. 1. Comparisons of the entropy-based algorithm and a classical
' � -based method on the segmentation of sequence ”Marbled Block”.

cases (homogeneous zones for example). Future works will involve
more sophisticated motion model and will estimate the motion seg-
mentation on a group a pictures.
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Fig. 2. Motion-based segmentation of the sequence ”Marbled Block” between the frame50 and200. Left-hand side: First line obtained with
the ' � -based method, second line obtained with the entropy-basedmethod. Right-hand side: Final pdf of the prediction error obtained on
frame100 with the entropy-based method (dashed line) narrower than with the ' � -based method (solid line), implying that the entropy is
lower.

(a) Initialization with a circle (b) Segmentation obtained with the' � -based
method

(c) Segmentation obtained with our entropy-based
method

Fig. 3. Comparisons of the entropy-based algorithm and a classical ' � -based method on the segmentation on sequence ”City”.
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