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ABSTRACT

We focus on motion estimation using a block matching approach and
suggest using a minimum-entropy criterion. Many entropy-based es-
timation procedures exist, such as plug-in estimators based on Par-
zen windowing. We consider here an alternative that is applicable to
dataof any dimensionand that circumvents the critical issues raised
by kernel-based methods. To the best of our knowledge, this criterion
has not yet been considered for image processing problems. The in-
herent robustness property of entropy is expected to provide a robust
and ef�cient estimation of the motion vector of a block of a video
sequence. In particular, the minimum-entropy estimator should be
robust to occlusions and variations of luminance, for whichstandard
approaches like SSD usually meet their limitations.

Index Terms— image matching, minimum entropy methods,
motion compensation, adaptive estimation, image processing, robust-
ness

1. INTRODUCTION

In this paper we focus on a block matching (BM) technique
for motion estimation in video sequences. Matching techniques suit
many purposes, such as segmentation [2, 11, 10], registration [14],
or tracking [5]. The BM strategy provides a good trade-off between
complexity and ef�ciency. The focus in a BM procedure can be set
on the search strategy or on the criterion used to de�ne the best match
between two blocks. Here we are concerned with the latter andin
particular with the performances of the motion estimation procedure
in the presence of degradations and/or of variations of luminance
throughout the sequence.

Among the most standard frame-based BM criteria are the sum
of squared differences (SSD) and the sum of absolute differences
(SAD) between two blocks. These two criteria are praised fortheir
computational simplicity and their performance in terms ofdistor-
sion. However, they do not take into account the nature of theimage
and the information contained in a frame, and are not statistically
ef�cient in a general context (for instance the SSD criterion is not
ef�cient in the presence of non-gaussian errors). Moreover, they are
quite sensitive to large (local) deviations from one frame to the next.

In this paper we consider an alternative approach that consists in
minimizing (a nonparametric estimate of) the entropy of thedispla-
ced frame difference (DFD). The entropy of an image is a measure
of the amount of information it contains, and is a function ofits pro-
bability distribution. Hence, if one minimizes the entropyof the re-
sidual between two images, one maximizes the match between these
two images in terms of information. In general terms, the minimum-

entropy criterion is (widely) considered in many contexts of signal
or image processing, see e.g. [16, 7, 11, 10]. Here, we consider the
new minimum-entropy scheme presented in [17] for image proces-
sing that leads to improved motion estimation, in particular for mul-
tivariate data.

In Section 2.2.2 we present the minimum entropy principle ap-
plied to motion estimation using BM. The most popular entropy es-
timator is a plug-in construction that uses a non-parametric Parzen-
type kernel estimator of the density of the image. However, this plug-
in approach raises some issues, which are identi�ed in Section 2.2.3.
In Section 2.3 we suggest using an alternative entropy estimator pre-
sented in [17] and based on thek-th nearest neighbor approach. The
criterion we obtain can be optimized with fast-search algorithms like
the diamond search. Some simulation results are presented in Sec-
tion 3 to illustrate the performance of the proposed motion estimator
(in particular its robustness). Some conclusions and perspectives are
exposed in Section 4.

2. MINIMUM-ENTROPY MOTION ESTIMATION

2.1. Problem statement

Consider two successive framesI n andI n +1 of a given video
sequence. We formulate the BM procedure as follows, leavingaside
problems that might arise at the frame boundaries. For a given pixel
p = ( x; y ) (in terms of spatial coordinates), letv = ( v1 ; v2) be the
(unknown) motion vector describing the movement ofp betweenI n

andI n +1 . Under the brightness consistency assumption, the residual
at pixelp in the DFD is given by

en (p; v) = I n +1 (p + v) � I n (p) : (1)

Let us now decompose each frame intoM blocks of sizeS � S,
containingN = S2 pixels. For them-th blockB m

n in I n , let vm be
the motion vector common to all pixels ofB m

n , thus assuming that
all points in the block have the same motion. Given an estimated
valuev̂m of vm , we denote the value of the estimation error by

em
n (p; v̂m ) = I n +1 (p + v̂m ) � I n (p); 8 p 2 B m

n : (2)

2.2. Minimum-entropy estimation

2.2.1. Limitations of classical methods

Classical BM procedures for motion estimation use the SSD or
SAD criteria. The SSD estimator is fully ef�cient only in thecase
of normally distributed data, see e.g. [9]. However, the Gaussian
assumption is not appropriate in motion estimation problems. Here



we consider instead minimizing the entropy of the estimation error
em

n (: ; v) in block B m
n of frameI n . The properties of the measure

of entropy motivate its use as an estimation criterion : entropy is a
convex function of the motion vectorv that coincides locally asymp-
totically with the likelihood at its optimum [16]. This suggests that
an estimator minimizing the entropy of the errors should be ef�cient.
Also, the shift-invariance property of the entropy of a density yields
some robustness to outliers, e.g. unexpected patches of pixels in an
image [17], and makes it insensitive to a global variation ofillumi-
nance between blocks.

2.2.2. The classical Parzen windowing approach

In the present context we consider the (block of) errorsem
n given

by (2), 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 block. A
minimum-entropy approach for discrete data would require alarge
number of data points (pixels) in order to obtain an accurateenough
estimation of the distribution, which makes it unsuitable for BM pur-
poses. Instead we consider turning the DFD into an image of conti-
nuously distributed pixel values. In what follows, a uniform noise
U(� :5; :5) is added to the DFD (this choice is arbitrary, other types
of distributions could be used). In this context, a common pdf estima-
tion procedure consists in using Parzen windowing technique, which
provides a smooth estimate that can be plugged into an empirical ex-
pression 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 [16].

Consider them-th block in I n . The minimum-entropy estima-
tor of the motion vectorvm of B m

n that minimizes the Ahmad-type
plug-in entropy estimate [1] is de�ned by

v̂A
m = arg min

v 2V
�

1
N

X

p2 B m
n

log f̂ m
N;� N

(em
n (p; v)) : (3)

Here, f̂ m
N;� N

denotes the Parzen kernel density estimate based on
the N pixels of them-th block of errorsem

n (: ; v), which depends
on the parameterv. The kernels have a bandwidth� N set either by a
data-driven procedure [17, 15, 6, 4] or by the user.

2.2.3. Limitations of Parzen windowing

In dimensions larger than 1, e.g. for color images, kernel esti-
mation techniques rapidly become inef�cient when the dimension
increases. The main dif�culty lies in the choice of the bandwidth
� N : due to the curse of dimensionality, the bandwidth of a multi-
variate kernel must be large enough to take a suf�cient number of
data points into account, which causes oversmoothing. Thisleads
to a degradation of the performances of the estimator as de�ned by
(3) for data having dimension 2 or 3 and for samples of reasonable
size. For 3D (i.e. color) images, the alternative of using a product of
univariate kernels still remains relatively computationally costly and
does not perform well enough in general. Other entropy estimators
use possibly negative kernel density estimates, which are inadequate
for entropy estimation, or kernel methods with variable bandwidth
[15, 6]. We consider now a special case of the latter.

2.3. Thek-th nearest-neighbor approach

Entropy can be estimated throughk-th nearest neighbors (kNN),
as considered in [12] fork = 1 . The kNN entropy estimator is ex-

tended tok > 1 in [8] and its consistency is proved in [13] in ge-
neral dimensiond under weak conditions on the underlying density.
Consider the pixels from them-th block of the DFD,em

n (p; v) 2 Rd

given by (3). Denote the Euclidean distance from one of thesepoints
to its k-th nearest neighbor by� p; k (vm ). The kNN minimum en-
tropy estimator ofvm then minimizes

H k; N (v) = d log �� k (v) + T (N; k ) ; (4)

where�� k (v) =
�

� p2 B m
n

� p; k (v)
� 1=N is the geometric mean of the

kNN distances andT (n; k ), given by

T (N; k ) = log ( N � 1) �  (k) + log c1(d) ;

with c1(d) = 2 � d= 2=(d�( d=2)) and (k) = � 0(k)=�( k). Notice
thatT (N; k ) does not depend onv. The constantc1(d) gives the vo-
lume of thed-dimensional unit ball and (k) is the digamma func-
tion. One should setk > dim( vm ) to avoid singularities. Notice
that in the image processing context the distances� may be equal
to zero when the pixel values are discrete (even for a large enough
k and relatively large images), which motivates the use of additive
continuous noise, as discussed in Section 2.2.2. Notice also that (4)
is not differentiable inv and is therefore not suitable for gradient-
descent approaches. Here we use the (sub-optimal) diamond search
algorithm, but any other deterministic search method is applicable.
This criterion was �rst applied to an illustrative BM problem in [17],
where it was compared in particular to the SSD and SAD criteria.
The simulation results that were obtained suggest that the kNN ap-
proach is more robust to outliers and to variations of luminance, even
more so for color images, for a negligible increase in complexity.
The results presented hereafter illustrate for the �rst time its perfor-
mance on a real application.

3. EXPERIMENTAL RESULTS

In this section the minimum kNN entropy (kNN-ME) procedure
is compared to SSD, SAD and the Ahmad-type minimum entropy
(piME) estimate given by (3), for which the kernel bandwidthis gi-
ven by� N = 2 :345~� N N � 1=5 , where~� N is the estimated standard
deviation for theN data points, see e.g. [4]. In the following, for co-
lor images (i.e. for 3D data), the piME estimator is constructed using
a product of univariate kernels on each channel component. For co-
lor sequences the SSD and SAD criteria are given by the sum of the
weighted SSD's or SAD's of each component (the Y or luminance
channel being four times heavier than the color channels U and V).
We setk = 3 for the kNN-ME estimators.

We consider the mean and standard deviation of the angular error
compared to the ground truth (i.e. the true value of the motion vec-
tors) when it is available, as in [3]. Motion estimation is performed
with a fast sub-optimal BM technique : diamond search, at quarter-
pixel precision on16x16 blocks,(� 7; 7) search range, on the �rst
two frames of the sequences.

3.1. Application to a synthetic sequence

Let us �rst compare these different procedures on the synthe-
tic video sequenceTranslating Tree. This sequence is standard for
evaluation of the performance of optical �ows [3].

On this basic sequence, from a visual point of view SAD and
SSD fail to correctly estimate the motion vectors of two blocks,
piME fails only once and kNN-ME seems to commit no mistake.
Indeed, we assume that it is not possible to get better results with
BM at quarter-pixel precision as the ground truth is a dense motion



real �eld. We intentionally omitted to display these results here as
the format does not allow a good reading of them. They are howe-
ver available upon request. Table 1 contains the average error and its
standard deviation for the four 1D criteria. kNN-ME seems toper-
form better, while piME and SAD are quite close on average. SSD
seems to be less interesting on this sequence.

Criterion SAD SSD piME kNN-ME
Average error 0.75 0.94 0.77 0.56

Standard Deviation 1.62 3.04 1.25 0.79

Table 1. Motion �ow error on Translating Tree: comparison with
the true values of the motion vectors (ground truth)

3.2. Natural dif�culties

In this section we compare 3D-SAD and kNN-ME on real stan-
dard sequences that present typical dif�culties for BM motion es-
timation. For all �gures given in this section, the image on the left
handside gives the results obtained with SAD while the imageon the
right handside shows the output obtained with kNN-ME.

3.2.1. Occlusions

We �rst consider theErik sequence, which consists in a head
moving on a static background. We test the methods on a close-up
on blocks around the left edge of the face as shown in Figure . Bet-
weenI n andI n +1 , the face (foreground) occludes the curtain (back-
ground). Here SAD does not �nd the correct match for the block
from I n (the mid-left block in Figure 1, left) and tries to match it
further downwards. kNN-ME performs well since it �nds no motion
in the background (there are no motion vectors for the left blocks in
Figure 1, right).
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Fig. 1. Occlusions : close-up ofErik processed with SAD (left) and
kNN-ME (right)

3.2.2. Highly textured images

Here we focus on the highly-textured public in the background
of the standardEdbergsequence. Motion estimation on a highly tex-
tured image is very sensitive to even slight errors in the motion vector
(which happen naturally for instance for non-uniform translations or
motion vectors quantizations) and to suboptimal motion search, as
the common criteria are non-convex. Figure 2 illustrates how SAD
fails to �nd a uniform motion in the public (left) whereas kNN-ME
gives satisfaction (right).

Other signi�cant improvements can be observed for other kinds
of dif�culties, such as motion blur, variations of illuminance, or dif-
ferent motions in a same block. These results are available upon re-
quest.
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Fig. 2. High texture : SAD (left) and kNN-ME (right) applied toEd-
berg; close-up of the public

3.3. Some extreme robustness experiments

Let us now consider a synthetic color sequence, for which the
ground truth is known, in order to perform exact error measure-
ments. The YUV color sequence considered here consists in the
superposition of two images : an horizontal translation of aface
(Foreman's) towards the left handside and a background (a view
of Boston) travelling also horizontally but towards the right hand-
side. There is no other movement in the scene ; for instance the face
does not move. The main dif�culty with this sequence residesin
frequent occurrences of occlusions (at the edges of Foreman's face
or on the borders of the image) and in the texture of the objectand
the background. As the sequence considered here is a pure travelling,
there are not enough occlusion problems to illustrate the robustness
property of the kNN-ME estimator. We thus consider the same se-
quence, that we nameOriginal, but randomly altered as shown in
Figure 3 by the addition of

– Flash: variations of brightness between two successive frames
(like a camera �ash) of40 units of luminance ;

– Noise: "salt and pepper" noise covering10%of a frame ;
– Patch: black patches (similarly to scratches on a �lm) ;
– Altered: the 3 previous noises all at the same time, but with5

units of variation of luminance instead of40.

Fig. 3. The "Foreman-Boston" sequence altered with (clockwise from
top-left) patch, �ash, noise and all three together

The results in terms of mean and standard deviation of the angular
error are shown in Table 2. In addition to applying the SSD, piME
and kNN-ME criteria to 3D data, we also consider their 1D alterna-
tive applied to the luminance (Y) channel of the image, as well as
the SAD criterion, as these may turn out to be reasonable alterna-
tive estimation procedures in practice. Overall, the (3D) kNN-ME
method outperforms all other procedures and it seems more robust
to the perturbations that were introduced. The piME estimator fails



hard, which only highlights that selection of the kernel bandwidths
is a critical problem in the presence of perturbations (it iseven more
important with the 3D version). The kNN-ME estimator does not
suffer from these aspects. 1D kNN-ME may provide a reasonable
alternative since it is computationally less demanding andprovides
good results.

Sequence Original Flash Noise Patches Altered
SAD � 8.9 57.1 14.4 13.7 26.9

� 2 28.2 42.9 39.0 33.0 33.7
SSD � 9.5 45.1 33.3 22.4 44.9

� 2 27.7 47.7 36.4 38.7 41.1
piME � 6.7 7.0 39.8 12.5 44.8

� 2 22.1 21.8 40.0 26.8 42.2
kNN-ME � 4.4 5.0 5.6 4.5 9.7

� 2 21.0 21.0 22.2 21.1 28.5
1D-SAD � 9.1 67.2 15.8 16.91 28.5

� 2 27.8 41.6 33.5 35.3 40.5
1D-SSD � 10.6 48.7 31.3 22.5 43.6

� 2 29.4 47.3 34.0 38.5 41.7
1D- � 9.1 12.8 27.4 17.7 35.1
piME � 2 27.1 30.3 34.6 36.5 40.6
1D- � 8.8 11.5 9.4 11.0 11.6
kNN-ME � 2 27.7 31.3 27.7 30.9 32.5

Table 2. Motion �ow error on Foreman-Boston altered with seve-
ral methods : comparison with ground truth. Mean� and standard
deviation� 2 of angular error are given in degrees.

4. CONCLUSION AND PERSPECTIVES

In this paper focus was set on a robust block matching criterion
for motion estimation. Minimizing the entropy of the DFD blocks
was suggested ; the natural properties of this measure provide proce-
dures that are robust to any additive noise. The kNN minimum en-
tropy estimator was presented as an alternative to Parzen windowing.
Some experiments using altered video sequences illustratethe signi-
�cant improvement provided by the kNN-ME estimator, in terms of
correct motion estimation, when compared to classical criteria like
SSD or SAD. Foreseen extensions to this work include applications
of the suggested procedure to other block or region matchingappli-
cations, like image restoration or registration problems,block tra-
cking problems, or a full video coding scheme.
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