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ABSTRA CT

This paper presents novel algorithms that perform mo-
tion estimation for video processingand compression.
We observe that \smoothness" is a very important and
intuitiv e property in the estimation of motion �elds.
It is pointed out that most current motion estimation
techniques implement smoothnessas a constraint, dif-
fering only in terms of the speci�c type of smooth-
ness demanded from video data. This paper views
smoothnessasa property that is determined by the un-
derlying video data rather than a predetermined and
speci�c property that is imposed on video data. In-
stead of forcing the available video data to conform
to an abstract smoothnessmodel, we try to select the
\smoothest" motion �eld that conformsto the available
data. We proposefast and e�cien t techniquesthat de-
termine a set of possiblemotion �elds and that select
the smoothest �eld from this set. Issueslike quantiza-
tion and embedded video compression(via embedded
motion �elds) are discussed.

1. INTR ODUCTION

The challengesposedby video on bandwidth and com-
putational complexity can most readily be alleviated
by relating successive frames of a video sequencevia
displacement or motion correspondences[1, 2, 3]. Esti-
mating these correspondencesaccurately is crucial for
most video applications:

� Accurate motion correspondencescan be usedto
describe the physical scenemotion, providing an
important tool for sceneanalysis.

� The time evolution of objects and other visuals
in a video frame can be tracked, segmented and
processedfor various applications.

� The strong statistical dependenceexhibited by
temporally related pixels can be taken advantage
of by high-performancevideo coders in order to

bring the immensedata-rate associated with dig-
ital video to manageablelevels.

Popular techniques for motion estimation can be
broadly classi�ed into three groups [4, 5, 8]: block
matching methods,di�eren tial methods(gradient meth-
ods), and Fourier methods. Irrespective of the particu-
lar algorithm used, estimated motion correspondences
can be said to relate each pixel (or coe�cien t for trans-
form domain techniques) in the current frame (frame
n) to the past frame (frame n � 1) and with someabuse
of terminology wewill say that motion correspondences
generatea densemotion �eld that depicts the resulting
per pixel motion vectors.

A commonconceptutilized amongmost algorithms
that compute dense motion �elds is the smoothness
of the estimated �eld. 1 In addition to corresponding
to our intuitiv e notions (for example, pixels belong-
ing to the same object in a frame should generally
\move" similarly), smoothnessalsohelps remove or re-
duce the ambiguit y or \ill-p osedness"one would face
if one were to try and estimate motion vectors for pix-
els independently . Applications that involve the com-
pression of video sequencesalso bene�t greatly from
smooth motion �elds, as smoothly varying and accu-
rate �elds will lead to better compressionresults. So
far, smoothness has generally been incorporated via
smoothnessconstraints on estimation algorithms that
typically try to �nd a good trade-o� between mean
squarederror and the type of smoothnessassumed.In
optical 
o w computations [3], smoothnessis established
by requiring video data to satisfy the augmented op-
tical 
o w equation as much as possible. Pel-recursive
algorithms [2] constrain the movement of neighboring
pixels to be similar, stochastic frameworks [6] incorpo-
rate smoothnessby requiring smooth �elds to be more
probable, etc. Finally, the block matching algorithm,

1By smoothness we mean densemotion �elds that vary slowly
except for possible discontin uities in the �eld



which is perhaps the most widely used motion esti-
mation method [7], requires blocks of pixels to exhibit
uniform translational motion, constraining the possible
motion �elds to be piecewiseconstant over blocks.

In general,the exact form of smoothnessthat should
be exhibited by \the most accurate" motion �eld relat-
ing two given video frames is not clear. As such, most
current techniquescan be seento be di�eren t in terms
of the typeof smoothnessassumed,and demandedfrom
the underlying video data. We also note that, with
current techniques accuracy comes at computational
complexity penalty, usually due to recursive passesin-
cluding correction passeson non-smooth points that
are deemedto be motion �eld edges.

In this paper, we view smoothness as a property
that is determined by the underlying video data rather
than a predetermined and speci�c property that is im-
posedon video data. Given two frames of a video se-
quence, we propose to �nd all possible motion �elds
and then select the one that is deemedsmooth, i.e.,
rather than try to force the available data to conform
to an abstract smoothnessmodel, we try to select the
\smoothest" densemotion �eld that conforms to the
available data. Possible motion �elds are determined
by specifying a match criterion for pixels in the video
frames,aselaborated in Section2. The resulting �elds,
albeit many, all satisfy the given match criterion. The
selection processis outlined in Section 3. The depen-
dence of the selection processon the eventual appli-
cation, such as processingor compression,is also dis-
cussed.Common operations performed on video data,
such as compressionand �ltering may changethe data
profoundly as far as algorithms that do motion esti-
mation are concerned. Section 4 brie
y discussesthe
dependenceof the motion estimation processon quan-
tization and overviews someof our algorithms geared
toward embeddedcompressionof video sequences.Sec-
tion 5 includessimulation results followed by Section6
of concluding remarks.

2. MA TCH CRITERIA FOR MOTION
FIELD DETERMINA TION

The match criterion that determines the possiblemo-
tion �elds is formulated su�cien tly generalso that
matchesusually exist, yet speci�c enoughto yield mo-
tion �elds that are reasonably conformant to an as-
sumed model. For example, one can assumethat two
pixels (xn (i; j ) and xn � 1(k; l )) related by a motion vec-
tor are heavily correlated except for noise that could
be present in the video frames (xn (i; j ) � xn � 1(k; l ) +
noise). In this casea possibleper-pixel match criterion
is jxn (i; j ) � xn � 1(k; l )j � T , where T is a threshold
representing the expectednoisemagnitude. Let us call

this the per-pixel match. Notice that for a given pixel
xn (i; j ), all pixels xn � 1(k; l ) in frame n � 1 that satisfy
jxn (i; j ) � xn � 1(k; l )j � T are consideredas possible
matches. As a result, all corresponding motion or dis-
placement vectors ((k-i,l-j)) are consideredas possible
motion vectors for pixel xn (i; j ).

Another possible match criterion is one that re-
quires an average match between a M 1 � M 2 mac-
roblock of pixels Bn (i; j ) in frame n and a M 1 � M 2

macroblock of pixels Bn � 1(k; l ) in frame n � 1, viaP
jBn (i; j ) � Bn � 1(k; l )j < T0, where the sum is car-

ried out over all pixels in corresponding macroblocks.
Similar to above T 0 is a threshold adjusted to account
for the expected amount of noise. Let us call this the
averagematch. Note that if we had searched for the lo-
cation k; l (in frame n � 1) wherethis sum is minimized
we would be carrying out a minimum absolute error
exhaustive block matching algorithm. However with a
su�cien tly large T 0 > 0 the de�ned match may include
other motion vectors in addition to the one that would
be found by an exhaustive block matching algorithm.
In fact, such match criteria generally result in a much
increasedset of motion �elds from which a suitable one
can be selected.

3. SELECTION AMONG MOTION FIELDS
THA T MA TCH VIDEO FRAMES

Given a set of motion �elds that match frames n and
n � 1, the selectionprocesstries to �nd the motion �eld
that is deemedto maximize \smoothness". For the two
simple match criteria discussedabove we de�ne a se-
lection processas one that picks motion �elds where
neighboring pixels/macroblocks in frame n have the
samemotion vector. For the per-pixel match, neighbor-
ing pixels areconstrainedto lie on a quadtreestructure.
Possiblemotion vectors for the four pixels (i; j ); (i; j +
1); (i + 1; j ); (i + 1; j + 1) are consideredand thesepix-
els are merged if they possesat least one common mo-
tion vector. Similarly for the averagematch, four mac-
roblocks at (i; j ); (i; j + M 2); (i + M 1; j ); (i + M 1; j +
M 2) are mergedif they have at least one common mo-
tion vector. Continuing this processhierarchically, one
can obtain a selectionprocessthat maximizesuniform
translational motion over blocks of pixels/macroblocks,
leading to a block segmentation of the motion �eld in
terms of a uniform translational motion approxima-
tion (Section 5). Similarly selection processesthat al-
low uniform rotations in blocks in addition to uniform
translation can be de�ned for more accuracy.

For processingapplications like tracking and seg-
mentation, one would like to obtain motion �elds that
are as accurate as possible on the original frame se-
quence. On the other hand, for compressionapplica-



tions it su�ces to minimize bitrate for a given qual-
it y constraint. Given a possibleset of motion vectors
that relate two frames,selectionschemescanbeconsid-
eredas �ltering operations that acceptor reject among
the candidate vectors. The selectionprocessthat max-
imizes uniform translational motion over a quadtree
structure is more readily suited for motion �eld de-
scriptions in compressionapplications. Initially each
pixel/macroblo ck has many motion vectors associated
with it. After the mergeprocessvery few of thesemo-
tion vectorssurvive at the top level blocks obtained by
merging pixels/macroblocks. Among the surviving mo-
tion vectors of top level blocks, one can be picked (say
to minimize the bit cost of coding the motion vectors,
seealso Section 4) as the resulting �eld segmentation
is unaltered and all surviving motion vectors satisfy
the match criterion. Of coursethis algorithm may op-
portunistically merge \unrelated" pixels/macroblocks
in its quest to minimize spurious segmentations. For
processingapplications, we follow the mergealgorithm
with a \consistency check" operation which requires
nearby pixels/macroblocks to have similar motion vec-
tors. Given the segmented motion �eld after the merge
algorithm, this processchecks the motion vectors of
nearby mergedblocks and rejects the mergeif the mo-
tion �eld is discontinuous, i.e. the minimalist segmen-
tation is dissolved to until it allows for continuous mo-
tion �elds. Finally, a majorit y �lter is applied to choose
a motion vector for each remaining block by picking a
motion vector in the block's candidate set that is sim-
ilar to those in the neighboring blocks (Section 5). If
no such motion vector can be found then the block is
marked as having no motion vector.

4. QUANTIZA TION AND EMBEDDED
MOTION FIELDS

Typical operations like �ltering and quantization change
the video data. As a result, the set of densemotion
�elds that can be computed by a given algorithm is
likely to changeafter performing theseoperations. For
example, consider the quantization operation. Con-
sider the above mentioned simple model, xn (i; j ) �
xn � 1(k; l ) + noise. After quantization, quantized pixels
in frame n � 1 (x̂(i; j )n � 1) will have the relationship
x̂n � 1(i; j ) = xn � 1(i; j ) + qn � 1(i; j ), where qn � 1(i; j )
is the quantization noise. We now have, xn (i; j ) �
x̂n � 1(i; j ) � qn � 1(i; j ) + noise. If we now modify the
per-pixel match criterion to re
ect the expectedquanti-
zation noisemagnitude, jxn (i; j ) � x̂n � 1(k; l )j � T + Q,
we will be able to generate the original set of allow-
able motion �elds in addition to expanding on this set,
possibly leading to smoother motion �elds after the se-
lection process.This is desirablein compressionappli-

cations where the decoder has accessnot to the orig-
inal previous frame but rather to a quantized version
of it. In these instances one might be able to gener-
ate smoother �elds which are easierto compressat the
samelevel of reconstruction quality.

Let T1 > T2 > : : : > Tp denote a sequenceof
thresholds for a sequenceof quantizers. Assume that
the quadtree merge algorithm described above is car-
ried out independently using each one of thesethresh-
olds. It is easyto seethat the resulting segmentations
will form an \embedded" set meaning the segmenta-
tion for Tb < Ta will be a sub-segmentation of the one
for Ta . At the top level blocks of each of the segmen-
tations corresponding to di�eren t thresholds, we are at
liberty to chooseamong several surviving motion vec-
tors unless there is only one motion vector surviving.
We implement this choiceby minimizing a motion vec-
tor di�erence metric starting from the segmentation
corresponding to the smallest threshold and progres-
sively going to the segmentation corresponding to the
largest threshold via dynamic programming. The re-
sult is an embedded sequenceof motion �elds where
�elds in the sequenceprovide progressively accurate
descriptions of frame n from frame n � 1. The de-
scription of these �elds involves a description of the
segmentations and the speci�cation of the motion vec-
tors at the top level blocks. Given the description of
the segmentation for T1 the description of the segmen-
tations of further thresholdsare just progressive re�ne-
ments. Similarly given the motion vectors for the top
level blocks of the segmentation for T1, motion vec-
tors corresponding to further thresholds are obtained
by encoding the di�erence2.

5. SIMULA TION RESUL TS

Figure 1 illustrates the sampleddensemotion �eld cal-
culated for the sequenceFootball between frames 99
and 100. Motion vectors are drawn one fourth their
actual size for clarit y. The match criterion is the per-
pixel match outlined above. The selection criterion
tries to maximize uniform translational motion over
pixels. It is followed by a consistencycheck algorithm
which dissolves the merge when necessary. The mo-
tion vectors are overlaid on the actual frame (Frame
100). Extended regions without motion vectors indi-
cate the pixels where the match criterion failed (usu-
ally corresponding to discontinuities in the motion �eld,

2While this paper does not include a full-
edged embedded
video encoder, given the outlined progressive segmentations such
constructions are not di�cult. In particular the encoding of the
motion vectors has several associated simpli�cations allowing the
decoder to narrow down possible motion vectors for the next seg-
mentation after a given segmentation is processedeven without
transmission of di�erence data.



occlusions,etc.) or placeswhere motion vectors were
suppressedby the majorit y �lter.

Figures 2 and 3 illustrate progressive segmentations
and motion �elds computed for the sequenceFootball
between frames 99 and 100. Averagematch is utilized
with macroblock sizesM 1 = M 2 = 4. Four thresh-
old values (T1 > : : : > T4) are used. The DCT coe�-
cients of the anchor frame (frame 99) areuniform quan-
tized with twice the value of the thresholds (2 � T1 >
: : : > 2 � T4) to yield four seperate anchor frames
\sim ulating" four decoders. Each computed segmen-
tation/motion �eld utilizes the anchor frame quantized
with twice the respective threshold. The thresholdsare
chosenas 32; 16; 8; 4. The noise threshold Q is taken
as9. The anchor frameshave 29:3dB; 33:1dB; 37:2dB;
and 41:7dB PSNR respectively. The resulting errors in
frame 100after only motion compensationwith the de-
picted �elds are 23:8dB; 25:6dB; 26:9dB; and 27:2dB
PSNR. Note that the PSNR results of the compensated
frames are improving only slightly between successive
thresholds mostly due to the presenceof noise. A sim-
ilar experiment using the sequenceClaire, frames 19
and 20, same thresholds with Q = 3, results in an-
chor frames(basedon frame 19) with 35:0dB; 38:8dB;
42:7dB; and 46:6dB. The PSNR results for compen-
satedframesare33:8dB; 36:9dB; 39:5dB; and 41:1dB 3.
Finally, a comparison of the depicted �elds in Figures
1 and 3 reveal the opportunistic nature of the merge.

6. CONCLUSION

Unlike current motion estimation techniquesthat force
video data to satisfy arbitrary smoothnessconstraints,
this paper proposesmethodsthat generatemotion �elds
as smooth as allowed by the underlying video data.
Operationally, we have tried to exploit smoothnessto
maximize uniform translational motion over hierarchi-
cal quad-treesof blocks. The result is an embeddedse-
quenceof densemotion �elds of increasingsmoothness
that conform to the available data. The outlined al-
gorithms manipulate a considerablenumber of motion
vectors in the match and selection processes. How-
ever, the main computational complexity is in the ini-
tial motion search which is equivalent to a block based
search strategy. The remaining parts of the algorithm
mostly involveeither simple �ltering operationsfor con-
sistency check or bitwise AND operations on suitable
data structures in order to check for the existenceof the
samemotion vector during the mergestage. It should
be noted however that the memory requirements of the
described algorithms can be high in certain instances

3The resulting segmentations and motion �elds are much sim-
pler compared to the sequenceFootball and not included in this
paper due to space limitations.

involving very detailed segmentations.

Figure 1: Sampled DenseMotion Field generated for
the sequenceFootball betweenframes 99 and 100
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Figure 2: Progressive segmentations for Football be-
tweenframes 99 and 100

Figure 3: Progressive motion �elds for Football be-
tweenframes 99 and 100


