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Abstract

This paper investigates the efficiency of several multigrid motion
estimation schemes to improve image scquence coding using motion
compensated predictions. In twa different and isolated contexts of ap-
plications, some previous studies proved the interest to design hierar-
chical and compact representation for image data (lowpass pyramids,
QMF and/or wavelet decompositions...) applied to one spatial image
and, moreover, some numerous experiments and codec designs have al-
ready used motion compensated prediction loops. The outlines of this
paper are to take advantage of a hierarchical decomposition to build
efficient motion estimator simultancously in several frequency bands.
Usual differential cstimation methods are experimented on lowpass
pyramids and wavelet pyramids with several merging operators. A
modified Wicner-based motion estimator is presented and improves
the motion estimation efficiency within an orthogonal oriented image
decomposition. Finally, results are shown and compared on real tele-
vision image sequences.
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Estimation de mouveineut multigrille sur des
Représentations pyramidales

Pour le codage de séquences d’images

Résumé

Ce travail consiste a tester 'efficacité de différentes stratégies mul-
tigrilles d'estimation de mouvement pour I’amélioration de techniques
de codage de séquences d’images par compensation de mouvement.
Dans deux contextes différents, des travaux antécédents ont montré
I'utilité de concevoir des représentations hiérarchiques et compactes
d’images numériques (Pyramides passebas, décompositions QMF et /ou
ondelettes ...). Par ailleurs, plusieurs expérimentations ont été me-
nées par la mise en ceuvre de schémas de codage utilisant des boucles
de prédiction par compensation de mouvement. Le but de ce travail
est d’exploiter les avantages des représentations hiérarchiques dans la
conception d’un estimateur de mouvement efficace. Quelques estima-
teurs de mouvements appartenant a la famille des méthodes différen-
tielles sont expérimentés sur des pyramides passebas et des pyramides
ondelettes en leur associant des stratégies multigrilles et des opéra-
teurs de fusion. Une version modifiée de I'estimateur de Wiener est
présentée, son efficacité 3 s'adapter & une décomposition orthogonale
orientée est montrée. Des résultats comparatifs et relatifs & des sé-
quences d’images télévisuelles réelles sont donnés.
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1 Introduction

Multiresolution representations have been fruitfully introduced in image pro-
cessing and image data compression; indeed they perform much better in
comparison with the usual transform techniques (FFT,DCT ...) which are
poor in spatial-frequency localization and introduce blocking effects. Multire-
solution transforms are also known as subband decomposition techniques or
pyramid transforms [VET84}, [WOQ86], [BUR83] . Each of them have been
developped separately and formulatted with different mathematical tools.
The wavelet transform and the associated multiresolution analysis as it has
been introduced [MEY87], [DAU87],[MALS89] relate all these techniques by
associating a mathematical framework giving efficient modeling and inter-
pretation tools for space-frequency pyramidal decomposition.
Our study mainly investigates how all these pyramidal representation schemes
work with spatio-temporal (3-D) data information (i.e image sequences in-
dexed by two (x,y) spatial components and one time axis) ; when such a hie-
rarchical representation is applied, we can observe that the visual appearance
of motion and spatio-temporal structures are quite interpretable and signifi-
cant in terms of correlated motions within different somewhat decorrelated
‘ frequency subbands. The general goal of this study is to derive numerically
‘ this visual coherence of motions when a pyramidal representation is used as
the basic data structure. Obviously the return of motion information is of
| great interest for coding purpose, when a motion compensated prediction
| loop is introduced in an interframe predictive coding scheme to obtain the

best redundancy removal and associated bit rate reduction when a transmis-
sion service is involved (NET79], [WAL84] and [BIEST].

| Section 2 presents a unified classification of several multiresolution represen-
tation methods which enable the design of pyramidal structures for image
data. These methods have been introduced, sometimes, independently and
sequentially. We think useful to compare all of them using the same criteria
of entropy, reconstruction error, orthogonality, complexity and performance
stability along a real TV image sequences. Then, we judge necessary to sum-
marize in section 3 the general framework that we use, for motion estimation :
it is based on differential methods which can be easily extended to hierarchi-
cal representations. Such a new algorithmic extension is proposed and tested.
Section 4 and 5 present new motion estimation techniques which exploit the
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- basic hierarchical data structure due to any pyramidal decomposition pre-
viously introduced. Theses techniques are defined as multigrid motion esti-
mation (section 4) and denoted by multiconstraint algorithms (section 5) if
several frequency subbands are simultaneously processed.

2 Multiresolution representations of image
sequences |

The main outline of this section is to present a synthesized and classified ty-
pology of several (already known) pyramidal decomposition techniques which
have been, in the past introduced separately and not really compared on a
unique experimental set of image data and criteria. Especially, for image co-
'ding applications, we look at these techniques as pyramid transforms based
essentially on filtering and decimation processes, the pyramid levels are equi-
valent to frequency channels with adapted bandwith and orientations. Figure
1 gives our typology tree and associated references. It is based essentially on
the following classification criteria :

¢ Filtering nature : we can separate first of all pyramid transforms based
on bandpass filtering (Laplacian pyramid, Pseudo-Laplacian pyramid,
subband decompositions...) from those based only on lowpass filtering
which give us several approximated versions of the original image data
at successive resolutions (Gaussian pyramid, Pseudo-Gaussian pyra-

mid, Crible).

e Orthogonality : within the family of bandpass pyramids, we distinguish
three subclasses which introduce respectively a non-orthogonal repre-
sentation (Laplacian pyramid, Pseudo-Laplacian pyramid, Crible), a
quasi-orthogonal one which means that only a sometimes approxima-
tion of orthogonality is achieved, and finally strictly orthogonal repre-
sentation.

e Separability : one traditionnal method consist to extend the use of
filters designed for monodimensional (1-D) signals to multidimensional
signals (2-D or more than) in a separable way. However, there are some
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studies which have introduced non-separable bandpass filtering which
could isolate some more isotropic patterns within successive pyramidal
levels.

All the references corresponding to these classification criteria are given in
_figure 1. The following subsections present some technical aspects of im-
“plementation for a subset of such decompositions. We focus our attention
on some representative pyramid transforms that we use in order to dress a
comparison table of their performances. Different criteria are etablished to
evaluate the decomposition efficiency such as the implementation complexity
and spatio-frequency localization. In the point of view of data compression,
we compute partial and global entropies to estimate the degree of informa-
tion decorrelation obtained for each decomposition.

Since we dispose of 3-D data information (z,y,t) corresponding to television
sequence, the transforms are applied to each frame to obtain a pyramid se-
quence.

Two sequences, especially taken for their representative contents of structures
and motion features, have been used for the simulations presented here. The
first sequence called “INTERVIEW” (by courtesy of BBC-UK) is a real televi-
sion sequence of 32 frames. Two successive frames of it and the corresponding
temporal difference are shown in figure 15. We show respectively in figure 16
the second sequence called “RUBIX™ (by courtesy of CCETT-FRANCE) which
is an artificial sequence of 32 frames too.



IMAGE PYRAMID TRANSFORMS

LOWPASS PYRAMIDS BANDPASS PYRAMIDS

- Gaussian Pyramid{BURS3]
- Pseudo-Gaussian Pyramid ‘ e

[BURS3|[MEES?) ' |
- Crible Passe-bas[MIL89)

[ : _ ' I
NON-ORTHOGONAL | QUASI-ORTHOGONAL ORTHOGONAL
- Separable Separable Separable
- Laplacian Pyramid{BURS83]} - QMF Pyramids - CQF Pyramids[SMI86]
- Pseudo-Laplacian Pyramid i [EST77}[WOO86][VAIST] - Wavelet Pyramids
[BURS3)(SJO86](BAAY0] | - Biorthogonal Pyramids | [DAUS7][MALS9]
- Crible[MIL89) : : [LE 88][ANT90]
: [DAU90}{VET90]
Non-Separable | Non-Separable Non-Separable
. Quincunx Pyramit'il | - Quincunx Pyramid[FEA90)}
[VET84][ADES7] " :
" i-Hexagonal Pyramid[ADES87]

F iguré 1: Typology tree of image pyramid transforms




2.1 Lowpass pyramid transforms

The most popular method belonging to this class is the Gaussian pyramid
[BURSS]. In a general way, a N level lowpass pyramid (Go,G,...,Gn-) is a
set of an original image and its approximations at a sequence of resolutions
(r~1).obtained by bidimensional filtering and decimation processes [MAL89).
In our case, we implement the lowpass pyramid corresponding to the approxi-
mation of the original signal at dyadic sequence of resolutions (2-7), each level
G; is derived recursively from G;_; by separable filtering and subsampling
by a factor 2 as given by the following equations :

Gy(k,1) = ¥ ¥ h(n)h(m)Gjoa(2k —m,2l =)

-M<mn<M
1<j<N-1

where G is the original image. The generating kernel h is a (2M +1) tap finite
impulse response of monodimensional discrete lowpass filter. A symmetry is
" often required to assure linear phase. The frequency bandwith is compa.txble
with the decimation rate in respect to Shannon’s theorem.

For Gaussian kernel h we obtain a Gaussian pyramid but i in other case we
call it a pseudo-Gaussian pyramid because it follows the same decomposition
algorithm. :

Since each level is a lowpass frequency partition of the hlgher resolutlon
one, as it can be seen in figure 2, the resulted pyramld is a very redundant
information scheme and this creates an increase of the transform sample
number which attain the 4/3 of the original one. A 3 level pseudo-Gaussian
pyramid of “INTERVIEW” frame is shown in figure 17, it is generated with 9
tap lowpass filter extracted from a QMF pair [ADE87).

2.2 Non-orthogonal pyramid transforms

Since lowpass pyramids are very redundant data structures, one can derive
bandpass pyramids that captures only the information difference between
two successive lowpass levels. If a simple difference operation is performed,
the reduced level must be interpolated to have the same size than the hi-
ghest resolution one. One well-known non-orthogonal bandpass pyramid was
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Figure 2: Spatial representation grid of a 3 level lowpass pyramid and the
corresponding frequency partition.

introduced by Burt and Adelson in 1983 [BURS3] using a Gaussian pyramid.
It was called the Laplacian pyramid since the difference of Gaussian kernels
gives an approximation of the Laplacian of the Gaussian. For other lowpass
kernels, the obtained pyramid is called a pseudo-Laplacian pyramid.

N Laplacian or pseudo-Laplacian pyramid levels (Lo, Ly, ..., Ly-1) are given

by :
Gjpr(k, 1) = ZZh(n Ya(m)G;(2k — m, 2l — n)

:«n(’c 1)—422” m)Gm( l-&-_z__n) .

Li(k,1) = Gj(k,1) - G (k,1)

Ly-y(k,1) = Gnor(k, 1)

< mns M.
0 £ jEN-2




where Gj is the original image and éj the interpolated version of a lowpass
pyramid level G;. For the filtering process, the signal may be extended out
of its finite support in the simplest way in order to have easy computation.

The generating kernels can not be ideal lowpass filters, then the difference
operation conserves some low-frequency energy and makes the different pyra-
mid levels partially redundant, In other words, the transform is not orthogo-
nal and consequently, as in-the lowpass pyramid, the amount of the obtained
data structure attains the 4/3 of the original image size.

In the frequency domain, the pseudo-Laplacian pyramid scheme is equivalent
to a set of correlated frequency bands as it can be seen at figure 3.

b v .fv‘.,

Figure 3: Spatial representation grid of a 3 level Laplacian or pseudo-
Laplacian pyramid and the corresponding frequency partition.

In addition to the simplicity of the computation, the pseudo-Laplacian py-
ramid offers three main advantages very important in the point of view of
image coding and data compression:

1) Exact reconstruction:

The Laplacian and pseudo-Laplacian pyramids are said to be complete
codes; indeed they are invertible transforms and guarantee the exact
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reconstruction of the original s1gnal So, no artefacts occur due to the
boundary effects.

The reconstruction equations are given by:

Ly_y(k,l) = Gn-yi(k1)
Gj(k,l) = Lj(k,l) + Gj.H(k,l)
0< 5 <N-=2

Partial decorrelation :

Partial and global entropy computation performed on pyramid levels
shows the information decorrelation obtained by this kmd of transform
and outlines its advantages for coding purposes.

The global entropy E, is given by the average of the pyramid level
entropies F, and represents the optimal number of bits required per
pyramid sample in comparison with an original sample :

The entropy E of an image is defined as 3
~ 2_ piloga(pi)
where p; is the distribution probability of its pixel values i.

The following table gives original, partial and global entropy values for :
- “RUBIX” frame and its 3 level Laplacian pyramid generated with
5-tap Gaussian filter.

“ INTERVIEW” frame and its 3 level pseudo-Laplacnan pyramid
generated from 9-tap lowpass filter (see figure 17).




RuBIX frame INTERVIEW frame
Original | 3.84 Ortginal | 1.51
Ep, 3.31 EL, - .3.83
Er, 3.43 E;, 4.44
EL, 401 | [Er, 447

| E, 4.42 E, 5.22

One can notice that partial entropies have small values, this effect is
quite expected in coding applications. However, such transform suffers
from the non-orthogonality which makes an increase of-the.data amount

~and high global entropy. . .

)

e T e

Error compensation loop:

During the coding process, if such a hierarchical datql"répresenta.tion is
introduced in it, some bias or coding errors can occur : quantization
errors, transmission errors, ..., propagation error due to any divergence
between a coder and its dual decoder. In order to attenuate distorsion
due to a propagation of these errors inside the pyramidal structure,
from one level to each other, it seems fruitful to introduce an error
compensation loop in the framework of pseudo-Laplacian decomposi-
tions, it is entirely described in [BAA90aj], [BAA9OD]. Briefly, we can
notice that this technique is similar to the prediction loop design within
a DPCM coding scheme where strictly speaking, only reconstructed data
(i.e image data) which have been already coded and decoded are used,
symmetrically at the coder and the decoder. In our case of hierarchi-
cal representation, it means that for each highpass level computation,
only previously reconstructed lowpass levels are used ; this pyramid
design works in a coarse-to-fine (or top-bdttom) sense. So, the propa-
gation error is minimized and the distorsion of the reconstructed image

- will depend essentially from the coding error of the bottom level of the

pseudo-Laplacian pyramld If the coding is only a quantization process,

* the introduction of error compensation method permlts a significant de-

crease of the amount and range of reconstruction errors; however such

- an introduction destroys the intrinsic parallelism inside the pyramid

design step. -
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2.3 Orthogonal bandpass pyramid transforms
2.3.1 Introduction

Orthogonal pyramid transforms correspond essentially to exact reconstruc-
tion subband coding schemes which split the image spectrum into N uncor-
related frequency channels by bandpass filtering and adapted subsampling.
The original signal can be exactly reconstructed by converse operations.

The analysis/synthesis filters have the fondamental property to form an or-
thonormal set. Conjuguate Mirror Filters (CQF) [SMI86] and wavelet filters
[DAUST] are examples of filter banks which generate this kind of pyramids.

2.3.2 Wavelet pyramids

The original image is decomposed in a set of subimages corresponding to
a dyadic resolution sequence (277) [MAL89]. This transform is implemented
using a pair of non-symmetrical analysis/synthesis filters (H, G) derived from
orthonormal wavelet basis with compact support [DAU87]. They are 1-D fi-
nite impulse response filters (FIR) which leads to orthogonality and exact
reconstruction concepts as it can be seen through the following equations:

1- g(n) = (=1)"h(—n + 1) : conjuguate mirror relation.

2- .. h(n) = 1: h is a normalized lowpass kernel. 3- ", g(n) =0 :gisa
highpass kernel. 4- 3_,, h(n — 2k)g(n — 2[) = 0 : orthogonality relation.

5- i h(m — 2k)h(n — 2k) + g(m — 2k)g(n — 2k) = b,., : exact reconstruction
relation.

6- h = h(-n) ;g = g(-n).

One decomposition step gets four subimages corresponding to three oriented
high frequency bands and a low frequency band. The following equations
show how to combine the filters and the decimation process to get the four
subbands or the first pyramid levels. -

HHy (k1) = Y 3 §(2k — n)g(2l — m)Io(n, m)

HBy(k, 1) =Y §(2k — n)h(2l = m)Io(n,m)

BH,(k,1) =)_ Y h(2k — n)g(2l — m)Io(n,m)
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BBy(k, 1) = 3 3" h(2k — n)R(2l = m)Io(n,m) -

Iy : original image.

h : impulse response of lowpass wavelet filter. o "

g : impulse response of highpass wavelet filter. :

HH, : subimage of diagonal high frequencies, isolates dlagonal edges

H B, : subimage of horizontal high frequencies, isolates vertical edges.
BH, : subimage of vertical high frequencies, isolates horizontal edges.
BB, : subimage of low frequencies, represents the context of the image.

For boundary filtering, the image signal is assumed to be per.iodic.

o “

Sy fy
A
r- -4
fz , ) Ix
0 X 0 X
Lo -
Lo i
L__L____.J___.f'
BH, HH,
BH, HH,
HB;
BB,|HB,

Figure 4: Spatial representation grid of a 2 level wavelet pyramids and the
corresponding frequency partition.

The decomposition is applied recursively to the low frequency band to obtain
the other levels. The whole decomposition can be seen as three oriented
N level pyramids (HH;, BH;, HB;)j=1..n with a residual frequency band
BBy. The number of transform samples is equal to the original number
because of the orthogonal property . Figure 4 shows the grid representation
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Entropy

8 T T v T . .
b0 0 6006 00 O0—0—0-—0—0—0—
71 orig.

BB1 ¢
6l HH1

BH1 -

H .
5L g’gbl + ]
4 - |

ARIR IR IR I T
Y TERAER S O U G U
L T i
1 1 1 1 ; 1 1 L L

2 4 6 8 10 12 14 16
Frame number

Figure 5: Original, partial and global entropy values computed on 16 “IN-
TERVIEW” frame sequence and on the corresponding 1 level wavelet pyramid
sequence.

Entropy
6 T L T T T T L4 T
BH1---  orig. —
HB1 BB1 ©
S5t glob. + I°IH1 ]
0.0.0.0 -0 00 0 0 ¢
Lo o o O O
at 1

-

3__~+++++4,+;+++++++-

1 i . 1 1 1 1 1 1 1
2 4 6 8 10 12 14 16

Frame number

Figure 6: Original, partial and global entropy values computed on the 16 odd
“RUBIX” field sequence and on the corresponding 1 level wavelet pyramid
sequence.
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of the wavelet pyramids in the space domain and the corresponding frequency
partition. ‘
The original signal can be perfectly recovered by adding the different inter-
polated pyramid levels to the residual frequency band (pyramid top). The
reconstruction algorithm for 1 level pyramids is described by the following
equations :

Iy= BB, + HH, + HB, + BH,

BB (n,m) = 4 zkj ; h(n — 2k)h(m — 21)BB(k, )
HH,(n,m) = 4; XI: g(n — 2k)g(m — 20)H Hy(k, 1)
HBy(n,m) =453 g(n — 2k)h(m — 20)H By (k, 1)
BH\(n,m) = 422)21)@ — 2k)g(m — 21)BH, (k,1)

where BB,, HH,, HB, and BH, denote the interpolated versions of BB,, HH,, H B;
and BH,.

In order to get an idea of the degree of the information decorrelation obtained

by this decomposition, we perform a global entropy computation as follow:

for a given N level wavelet pyramids, we compute the average of subimage
entropies E; to get the optimal number of bits required per pyramid sample

in comparison with an original sample.

N Eun,+ Eus, + Esny, Epgp
E, = Zl : 225 ’ *+ 22NN
J:
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Original, partial and global entropy values are given in the table below for
"INTERVIEW” and "RUBIX” frames and their 2 level wavelet pyramids gene-
rated from 4-tap wavelet filters [DAU8T| (see figure 18 and 19). Figure 5 and
6 show the stability of this values throw pyramid sequences.

RUBIX frame INTERVIEW frame
Original | 3.84 Original | 7.51
Ess, |4.10| [Eps, 7.47
Egn, 3.12 Fpn, 3.74
Eyg, 2.34 FEyg, 3.84
Exn, 2.26 Eyn, 2.87
Egn, 2.88 Egy, 2.70
Ens, | 1.89 | | Ens, 3.65
Eyn, 1.80 Enn, 1.42
E, 538 | [E, 3.06

15




Regularity concept :

The wavelet theory and associated multiresolution analysis permit another
way, mainly based on mathematical proofs, to interpret some signal proces-
sing concepts and leads to some interesting questions such as the regularity
of the approximation operator ; indeed, it is important that the infinitely
iterated and subsampled lowpass filter converges to some smooth function .
I. Daubechies has investigated the regularity of orthonormal wavelet with
compact support and a construction has been given for wavelet filters whose
regularity increases with the support length [DAUS87].

We are interested here to verify if the regularity give us some improvement in
the information decorrelation point of view. So, partial and global entropies
of pyramid sequences have been computed with different and increasing re-
gularity of the wavelet filters ; then it appears that entropy values are closely
similar (see figure 7). In conclusion we can say that there is no significant
improvement of entropy criterium when filter regularity increases in compa-
rison with the increase of the computational complexity due to filter support
length.

\B T T 1 T T T
4 tap filter +

- 8 tap filter ——
12 tap filter -

S 16 tap filter - - - -
20 tap filter ©

[CHEN I G T S T
+ T
1

2 4 6 8 10 12 14 16
Frame number

Figure 7: Global entropy values computed at 2 level wavelet pyramids of
“INTERVIEW” sequence and obtained for different tap wavelet filters with
increasing regularity.
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2.4 Quasi-orthogonal pyramid transforms
2.4.1 Introduction

If we use subband coding schemes with filter banks such as Quadrature Mirror
Filters [EST77], [WOO86], [VAI87], [ADE87] we only approximate the ortho-
gonality equation and the exact reconstruction property (see section 2.3.2).
However, perfect reconstruction schemes with analysis filters different from
synthesis filters have been introduced few years ago to improve the QMF per-
formances [VET86], [LE 88], moreover, they have the advantage that short-
tap symmetric filters can be used.

Recently, the wavelet theory group developped the mathematical framework
of such subband schemes. In this way, the wavelet theory is generalized by
constructing biorthogonal wavelet basis (non-orthonormal) and associated
multiresolution analysis [DAU90]. Actually, investigations are oriented to the
design of symmetric biorthogonal filters close to an orthonormal basis. The
regularity problem is investigated in similar manner than in the orthonormal
case [DAU90], [ANT90] and [VET90].

To illustrate this class, we have implemented biorthogonal pyramids based
on separable filtering and quincunx pyramid based on non-separable QMF
filtering. We only detail the family of quincunx representation here and give
in the following subsection some implementation details about it.

2.4.2 The quincunx pyramid

This kind of pyramid leads to the representation of an image in a set of
subimages that captures information details corresponding to a sequence of
resolution (v/2'). This transform is especially interesting for the 2-D signals
because it is computed using a pair of non-separable analysis/synthesis filters
with diamond shape [VET84], [ADE87], [FEA90]. The resulted spectrum par-
tition is finer than in the dyadic case and gives some improvement in terms
of spatio-frequency localization. For our implementation, we choose the QMF
pair (H,G) proposed in [ADE87]. The corresponding impulse responses are
quite symmetric and obey to the following equations :

1- g(n,m) = (—1)"*™h(n,m) : quadrature mirror relation.
2- 3.2 m h(n,m) =1: his a normalized lowpass kernel.

3- Y n2mg(n,m)=0:gis a highpass kernel.

17




4- h(|n|,|m|) = h(n,m) : symmetry relation.

However, orthogonality and exact reconstruction are only approximated.

Columns
Rows
BBi_, ¥2 HH;
G f—[td—~ HH.s
H 2

Figure 8: Decomposition diagram of the quincunx pyramid. G’ and H' are
transformed filters by rotation of 45°.

As shown in the decomposition diagram of figure 8, the two subbands (low-
pass and highpass) obtained after the first step of non-separable filtering are
subsampled by a factor of 2 to get quincunx grids. The two subimages size
are then reduced to a half of the original size image. At second step, only the
lowpass band is splitted, using transformed filters by a rotation of 45° fol-
lowed by quincunx subsampling, into two subimages (highpass and lowpass)
defined at rectangular lattices ; indeed two successive quincunx subsampling
equal to rectangular one with a factor 4. The two decomposition steps are
applied recursively to the lowpass band to obtain the frequency partition of
figure 9.

figure 20 shows an example of quincunx pyramid of “INTERVIEW” frame. As
in the previous cases, we are interested by entropy computation obtained by
such non-separable transform. The global entropy is given by :

Note that even if orthogonality is not achieved but only approximated, the
pyramid size is equal to the original image size. The table below gives original,
partial and global entropies of 5 level quincunx pyramids. We can notice that
entropy values are intermediate between the wavelet’s values and Laplacian’s
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3 Motion estimation framework

The general framework for motion estimation that we experimented here is
based on well-known pel-recursive differential techniques [NET79], [WAL84],
[BIE87). The basic assumption relating these methods is the temporal inva-
riance of the displaced pel luminances and, in a general way, the recursive
estimation procedure can be seen as a minimization of an interframe recons-
truction quality criterion. In this paper, we propose an improved recursive
procedure which combines the Walker-Rao and the Wiener-based approaches
for motion estimation. However, a review of these techniques is of necessity
to introduce the modified one.

3.1 Adaptive pel-recursive motion estimation algo-
rithm

This algorithm was introduced by Walker and Rao in 1984 [WALB84]. It uses
a steepest descent method to find, for each moving pel p, the optimal motion
vector d which minimizes the squared displaced frame difference (DF D)2.

Let I(p,t) be the intensity value at location p = (z,y) of a moving pel from
frame t — 1 to frame t. Then its DF D is defined as :

DFD(sz)=I(p’t)—1(p—&at—l)

where d is its estimated interframe displacement and is given by the following
iterative equation :

& = d=! — TDFD(p,d"")gradi(p) (1)

The update can be controlled by an adaptive gain :

1

r=1
2 ||gradI(p)||?

Note that 7 represents the iteration counter and gradI(p) = (9z(p), 94(p)) the

spatial gradient of the luminance I at location (p — d*~!) in frame t — 1. The
convergence is attained when |DF D(p,d')| < T where T is a given threshold
value.
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3.2 Wiener-based algorithm

The Wiener-based approach for motion estimation was proposed by Biemond
et al. in 1987 [BIE87]. It’s a pel recursive technique which provides with a
linear least square estimate of the motion vector, for moving pel, using some
observations extracted from a space neighbourhood 2. Assuming that a set
Q of N pels @ = {(p(1),...,p(j))j=1,2....,~} belongs to a moving area, then one
can derive N observations by linearizing the DF'D function for each pel at
the location (p(j) — d™!) :

DFD(p(1),d"™") = gradl(p(1))u + v(p(1),d"")

DFD(p(N),d'™") = gradI(p(N))u + v(p(N),d"")

where v(p(j),d'"?) denotes the truncation error resulting from the lineari-
zation and u = (d — d'!) the update of the previous estimate vector d‘~!.
Both u and v are considered as samples of stochastic processes. Estimating
u is stated as a problem of finding a linear estimator L such that & = Lz
and E{||u — @||*} minimized. In addition of this, u and v are assumed to
be orthogonal each other with zero mean value and diagonal covariance ma-
trixes. In this way, Biemond et al. obtain an iterative algorithm to estimate
a current pel displacement using a neighbourhood information as described
by the equations below :

i [ Y, 020) + zjg,(j)gyo)}“
d =d1 -

| T59:(3)9y(7) T;92(4) + s

[ £, 9:(5)DF D(p(5), d"") @)
| 5 9,(4)DF D(p(j5),d" ")

1<j<N

where p is equal to the ratio of the variance of v and v ( u = %;) and
(92(7),9y(7)) = gradI(p(7)) represents the spatial gradient of the luminance
I at location (p(j) — d'~!) in frame t — 1.
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Figure 9: Spatial representation grid of a 3 level quincunx pyramids and the
corresponding frequency partition.

values but computations are more complex because of the non-separable
filtering.

RUBIX frame INTERVIEW frame
Original | 3.84 Original | 7.51
Egpg, 413 Egg, 7.47
Eun, 3.14 Eugy, 4.30
Eny, 2.92 Eny, 3.93
Enn, |287| [Eun, 3.79
FEun, 2.65 Eun, 3.36
E, 2.86 E, 3.85

2.5 Discussion

Let us remember that all the pyramid representations discussed here have
been previously introduced ; however, we thought useful to compare them
using a same set of criteria, and summarize them within a unique typology.
The main interests of this experimental part is to observe that some pyra-
midal decompositions provide us with highly compact representation (espe-
cially for wavelet and quincunx decompositions), that those performances are
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quite stable during a temporal sequence and among several contents of scene.
Moreover, if we pay attention to the coherent visual appearance of moving
structures when all of theses pyramidal image decompositions are seen in real
time along a large TV sequence, it appears attractive to numerically quantify
this visual coherence in terms of motion estimations. The following section
gives some recalls on the general framework for motion estimation that we
propose and subsequent sections describe new motion estimation schemes
fitted to pyramidal data structure and motion compensated coding purpose.
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3.3 . Modified Wiener-based approach

- If we reconsider the equations (1) and (2), one can notice that :
- The Wiener algorithm becomes a Walker-Rao algorithm if § is restric-
ted to the current pel N =1 and u =0.

- Computations required to perform a Walker-Rao iteration are also nee-
ded for Wiener-based one.

- Both equations (1) and (2) are usually used with some logic which can
be exactly the same.

I

Figure 10: Diagram of the combined Wiener-Walker iteration procedure.
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However, the Wiener-based approach works better when the current pel and
its neighbourhood belong to a moving object but fails at motion edges and
very noisy areas ; therefore, it requires some estimation process without any
smoothing effect such as Walker-Rao one. To solve this problem, an impro-
ved estimation procedure is developped ; it combines a Wiener-based and
a Walker-Rao iterations. One combined iteration step (z) is shown by the
diagram in figure 10 and can be described as follows :

- For the initial displacement d=1 of the current pel p:, we estimate, simulta-
neously, a Wiener-based update to get a new displacement v* and a Walker-
Rao update to get w'.

- We compute DFD(p,v*) and DFD(p,w').

- The selected displacement is one whose DF D is smaller. If |[DF D(p, v*)| <
|DF D(p,w')| then d* = v* else d* = w'.

- Iterations stop when the current pel is compensated |[DFD(p,d')| < T ;
however the iteration number is restricted to imaz and there will exist some
cases for which there is no convergence.

It should be noted that iteration procedure is one part of the motion esti-
mation process which proceeds on a pel-by-pel along the scan direction, as
described by the following algorithm :

1) An initial displacement value d° is needed to start the iterative process at
pel p. It will be one of the displacements found at previous pels, in a cau-
sal neighbourhood 1;,, which gives the smaller DF D(p,d°) at the current
pel. Note that the window of initial values §2;, is not necessary the same as 2.

2) Test1- If [DFD(p,d°)| < T then d = d°. The correct motion displacement
is found only by the simple propagation of a previous displacement.

3) Test2- Else if I(p,t) = I(p,t—1) then d = 0. The current pel is not moving.

4) Test3- Else use the combined Wiener-Walker procedure to estimate a cor-
rect displacement.
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If N, IDFD(p(j),d°)| < L, IDFD(p(5),0)| then use d° to start the itera-
tive procedure else start the iterative procedure with zero value. The iteration
process continue until |DF D(p,d*)| < T (convergence) or ¢ = imaz.

5) Test4- If the combined Wiener-Walker procedure terminates without any
convergence then use a simple Walker-Rao procedure with the initial value
d° to estimate the correct update.

Modified Wiener-based algorithm
Parameters - imar =20, T =2,y =5
Sequence RUBIX | INTERVIEW
%no. comp. pels| 2.19 2.29
%comp.(Test1) | 84.31 69.90
%comp. (Test2) | 0.40 0.86
%comp.(Test3) | 13.10 26.95
Jcomp. (Test4) 2.01 3.72
MINCP 6.30 5.20
RMSRE 0.94 0.97

Walker-Rao algorithm
Parameters imaz = 20,T =2
Sequence RUBIX | INTERVIEW
%no. comp. pels | 7.45 14.21
%comp.(Testl) | 81.71 64.09
%comp.(Test2) 0.34 0.82
J%comp.(Test3) | 10.50 20.89
MINCP 3.76 3.31
RMSRE 7.09 1.82

Several details have to be adjusted when this algorithm is using such as de-
termining the neighbourhood areas {2 and €;,, ¢ and the threshold value
T. Simulations were done using several sequences to determine the optimal

choice of theses parameters. The used configurations for  and ;, are res-
pectively :
X X X X X X
X O X O
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where O is the current pel and X a neighbouring one.
After motion estimation process, the original image is reconstructed using
the motion prediction :

j(p,t) = I(p—‘i’t" 1)

where d is the estimated displacement of the pel p. Motion estimation and
reconstruction quality results concerning the “RUBIX” and “INTERVIEW” se-
quences are given by the table above in terms of percentage of uncompensated
pels and compensated ones and the Mean Iteration Number of Compensa-
ted Pels (MINCP). The Root Mean Squared Reconstruction Error values
(RMSRE) are also given for the reconstruction error image. One can see
that the performances of the combined Wiener-Walker algorithm are quite
satisfiying.
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4 Multigrid motion estimation

Several previous studies [GLA84], [TER86] have illustrated the efficiency of
multigrid strategy within feature estimation processes. To extend motion
estimation techniques to hierarchical data structures, such as pyramid trans-
forms, we can also design multigrid motion estimator which should enable
cooperation between pyramid levels. Three main problems have to be solved :

1) The choice of the motion estimation algorithm.
2) The choice of the pyramid transform.

3) The design of primitive propagation strategies inside the pyramid repre-
sentation : coarse-to-fine or somewhat oscillating propagation scheme.

In our case, the primitives will be the motion field, some projection and inter-
polation operators are defined to controll the information exchange between
the pyramid levels. Several previous studies (ENK86], {MIL89] have already
experimented these techniques and shown the efficiency of multigrid motion
estimation schemes :

- Improvement of estimation efficiency.

- Decrease of the estimation complexity or the number of intermediate
computations.

4.1 Multigrid Walker-Rao algorithm on lowpass py-
ramids

The first hierarchical data representation which we used to investigate a
Walker-Rao multigrid algorithm was the lowpass pyramid (see figure 11).
The strategy is top-down and can be described by the following algorithm :
1)- Let (Go(t —1),...,Gn=1(t — 1)) and (G¢(t), ..., Gn-1(t)) the lowpass pyra-
mids of frames ¢t — 1 and ¢ and let Sp the original frame size or Gy size. First,
motion estimation is performed between the top pyramid levels G;(t —1) and
G;(t) withj = N — 1.

2)- The resulted field d; is interpolated by a factor of 4 to get a size of the
finer level 27‘3—"‘_—,7
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Figure 11: Multigrid approach of motion estimation on lowpass pyramids.
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3)- The interpolated motion vectors J,- are matched to the finer pyramid grid
J — 1 and used as initial vector d° for a new motion estimation process. For
multiple pyramid levels, the process is repeated until the highest resolution
level Gy is reached.

Simulations show that this strategy improves significantly the motion esti-
mation quality (RM S criterion). Results at “INTERVIEW ” frames are given
in the table below :

INTERVIEW SEQUENCE
Parameters tmaz = 20, T =2

pyramaid levels 1 0
%mno. comp. pels | 2.07 2.21
%comp. (Testl) | 77.06 75.07
%comp. (Test2) | 0.60 0.14
%comp. (Test8) | 22.46 |  24.57

MINCP 5.42 4.84

RMSRE 2.24 1.76

Even if the RMS reconstruction error is quite satisfactory therefore, the com-
putational complexity appears quite similar to a monoresolution approach
and this makes an handicap for data compression. It seems promising to use
some more compact hierarchical data representation i.e orthogonal or quasi-
orthogonal pyramid transform as it is performed in the following section.

4.2 Multigrid Walker-Rao algorithm on wavelet py-
ramids

The second multigrid strategy associated to the Walker-Rao algorithm is re-
lated to the wavelet pyramids. This choice is very attractive in the point of
view of computation complexity because it takes advantages of the compact-
ness of available data. However, the particular properties of orientation and
frequency partition of the wavelet transform makes the associated multigrid
strategy different and more complicated.

First, assuming that we have four motion fields d(HH,), d(HB,), d(BH,) and

d(BB,) corresponding to the four subbands of one level wavelet pyramids,
there will be two ways to reconstruct the original image :
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a) by merging the four motion fields to get one field which predict correctly
the original image.

b) by using the wavelet reconstruction algorithm with the predicted sub-

bands HH,, HB,, BH, and BB,.

" In (@) the main difficulty is to design an efficient merging method, some heu-
" ristic procedures such as linear combinations have been tested and results
were without success. In case of (b) only reconstruction errors of pyramid
levels can affect the global reconstruction quality.

Secondly, one can ask how to estimate the four motion fields. There are two
possibilities :

c) we can use a simple Walker-Rao algorithm in each subband. In this
case, one level wavelet pyramids are sufficient.

d) we can introduce multigrid estimation, as in lowpass pyramids, along
each oriented N level wavelet pyramid to improve the motion field qua-
lity. Two strategies are shown in figure 12 and 13.

If J(BB,) is estimated directly from BB, the amount of involved data ex-
ceeds the available one in the wavelet pyramids, else if J(BBI) is derived
from the top pyramid level BBy then it involves some merging procedure.
Finally, one can say that a Walker-Rao multigrid algorithm on wavelet pyra-
mid suffers from the unavailability of efficient merging operators. Moreover,
the data compression requirements makes the problem more complex. Be-
cause of all these desagrements, we retire this strategy in favour of a method
which includes implicitely merging operators. The multiconstraint framework
described in the next section provides us with such an algorithmic tool.
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Figure 12: Multigrid strategy on 3 level wavelet pyramids.

5 Multiconstraint algorithm

In the context of image sequence codecs where real-time constraints are very
heavy, the critical algorithmic step in terms of computation amount is essen-
tially the motion estimation process. So in this method, the basic assumption,
when several frequency-oriented subbands are used is that only one motion
vector field can be estimated and validated at all decomposition levels. We
assume indeed that spatio-frequency localization properties are compatible
with correlated motion attributes. From an algorithmic point of view, the
main difficulty is to design an efficient merging procedure to estimate the
motion vector of moving pel from several frequency bands simultaneously.

The solution that we propose is to use the combined Wiener-Walker algorithm
with a multiresolution neigbourhood 2,,,. As in the usual Wiener approach
where a spatial coherence is assumed for motion vector field, we suppose
that a frequential coherence exists and can be useful to motion estimation
efficiency. This last assumption appears quite reasonable because for pixels
related to frequency components of the same moving object are related to the
same motion displacement vector. By this way, we essentially use the avai-
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Figure 13: Multigrid strategy on 3 level wavelet pyramids.
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lable spatio-frequency localization of pyramid transforms to solve the initial
and crucial merging problem.

Some simplifications are introduced to facilitate implementation complexity
and then simultaneous combination includes only the levels which have the
same size grid.

HH

HB

BH X

BB xo

Figure 14: Multiresolution neibourhood configuration §2,,.

So N observations will be extracted from four subbands to estimate a reliable
displacement for the entire ,,. Assuming that we need to estimate the cor-
rect displacement of a pel p, the set Q,, will contain Q = { BB,(p), H H,(p),
BH,(p), HB:(p)} and all the tests of the estimation process will acts at
BB (p). The resulted displacement is used to predict all  because the four
points are related to frequency components of the same moving object. Let
us notice that :

- To make easy the comparison between the combined Wiener-Walker algo-
rithm (spatial neighbourhood of 5 points) and the multiconstraint algorithm,
we choose a multiresolution neighbourhood 2, with 5 points as shown in fi-
gure 14.

- The multiconstraint algorithm decreases the computation complexity in
comparison to the combined Wiener-Walker applied to an original image be-
cause it works at %‘1 image size and each iteration includes 5 pels.
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- The resulted motion field is used to predict the four subbands BBI, HHI,
BH,, HB, and the original image is reconstructed by the wavelet reconstruc-
tion algorithm.

- The estimation process is concentrated at the lowpass frequencies (BB;)
since it represents the context of the image and contains much more infor-
mation (see entropy values in section 2.3).

Results are given by the table below; the main important concluding re-
mark is to observe that, for quite similar (even better) reconstruction quality
(RMSRE criterion) and motion compensation efficiency (% no-compensated
pel number), the use of multiresolution neighbourhood in comparison to a
spatial one enables a faster convergence (see M INC P values) of the recursive
motion estimator and highly decreases the computational complexity (here in
a percentage of nearly 30%). Moreover, if some less critical set of parameters
(¢maz,T ...) would be tested, we should observe an even more distinguishable
behaviour of these two approaches in favour of the multiconstraint method.

Parameters tmaz =20, T =2,u=5
Algorithm Wiener-Walker | Multiconst.
Sequence INTERVIEW (BBy)
%no. comp. 2.50 2.28
%comp.(Test1) 72.43 72.10
%comp.(Test2) 0.78 0.80
%comp.(Test3) 24.29 24.83
%comp.(Test4) 3.87 2.35
MINCP 6.03 4.62
RMSRE(BB,) 1.46 1.37

We want also to compare respectively the original image reconstruction qua-
lity between a monoresolution motion compensation approach (see table of
subsection 3.2) and a multiconstraint algorithm (see table below). In both
cases, a high quality (respectively for “INTERVIEW” sequence, the RMSRE
is 0.97 and 2.27) is achieved, with no perceptible reconstruction artefacts.
Moreover, the efficiency of motion compensation is quite similar (see %no-
comp. : i.e for “INTERVIEW” 2.29 in the monoresolution case, 2.28 in the
multiconstraint case). The main advantage of the multiconstraint algorithm

is that it works only on a 54‘1 image size.

34




Figure 21 shows the prediction error images, we could observe the high qua-
lity of reconstruction, especially in comparison to the temporal difference
images (see figure 15 and 16).

This multiconstraint algorithm may be extended to the lower pyramid levels
by the design of multigrid strategy, and is presently subject to promising
results.

Multiconstraint algorithm
Parameters imar = 20, T =2,u =35
Sequence RUBIX | INTERVIEW
%no. comp. 1.60 2.28
%comp.(Testl) | 83.78 72.10
%comp. (Test2) 0.52 0.80
%comp.(Test3) | 14.10 24.83
%comp. (Test4) 1.58 2.35
MINCP 5.48 4.62
RMSRE(BB;) | 035 1.37
RMSRE(HH,)| 0.95 1.08
RMSRE(HB,)| 091 1.23
RMSRE(BH,) | 3.03 1.47
RMSRE recons. | 2.98 2.27

6 Discussion

For television sequence coding, pel-recursive motion techniques have been in-
vestigated using a monoresolution data structure. In this study, we have im-
plemented several multiresolution structures to evaluate them using the same
criteria. As concluding remarkes, we can say with no doubt, that orthogonal
transforms (especially wavelet pyramids or quincunx pyramids) provide us
with a more compact representation in a spatial point of view. However, these
methods need efficient merging operators to estimate a unique feature (mo-
tion in our case) field along the different frequential subbands and to reduce
the computational complexity. A combined Walker-Rao and Wiener-based
approach gives a natural algorithmic framework to implement such a multi-
constraint algorithm. The results on real TV sequences validate this method
giving for a perfect quality of reconstruction (needed to broadcast quality) a
decreasing of amount motion estimates : only an estimation field upon size
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of %ﬂ (if So denotes the original image size) is needed when a multiconstraint
method at one pyramidal level is used ; as further researches seem to prove,
we can also introduce multigrid-multiconstraint approach using several py-
ramidal levels given a more smoothed motion field for an estimation surface

So
of 3.
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Figure 15: One of two successive original frames of “INTERVIEW” sequence
and their temporal difference image. The Root Mean Square (RMS) of the
difference image equals to 16.80.
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Figure 16: Two original fields of “RUBIX” sequence and their temporal dif-
ference image. The root mean square (RMS) of the difference image equals
to 10.60.
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Figure 17: 3 level pseudo-Gaussian and pseudo-Laplacian pyramids of “IN-
TERVIEW” frame obtained by using 9-tap lowpass filter extracted from a

QMF pair.

Figure 18: 2 level wavelet pyramids of “RUBIX” field generated with 4-tap

wavelet filters.
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Figure 19: 2 level wavelet pyramids of “INTERVIEW” frame genecated with

4-tap wavelet filters. o

Figure 20: 5 level quincunx pyramid of “INTERVIEW” frame.
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Figure 21:

Prediction error image resulting from the compeasation of an

original frame of “INTERVIEW'" sequence by the multiconstraint algoritlim.
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