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A Fast Rate-Optimized Motion Estimation

Algorithm for Low-Bit-Rate

Tohn C.H. h

Abstraci—Motion estimation is kaown o be the main hotile-
in real-fime enending applications, and the search for an
ctfective motion estimation akzorithm (in lerms of computaiional
complexity and compression efficiciey) has been a challenging
problem for years. This paperv describes a new block-imatching
wlgorithm that is nch faster than the full search algorithim and
occasionly even produces better rate-distortion enrves than the
full scarch algorithms. We obscrve that a piecewise continuous
motion ficll reduces the bil rate for differentially encoded motion
vectors. Our mation estimation algorithm exploits the spatial
correfations of motion vectors effectively in the sense of produc-
ing hetler rate-distortion anves. Farthermore, we ineorporake
such correlations in a wultiresotution frawmework to reduce the
computational complexity. Simulation shows that this micthod is
successtul hecause of the homogencous and refiable esfimation
of the displacement vectors. In nine oul of owr {en benchmark
simitlations, the perlormance of the full search algorithm and
that of cur subblock wultitesslution method is abonl (he same.
lo one ont of our fen benchmank simulations, our method has
improvement.

frdex Terms— Motion estimation algorithm,
refinement, neighborhood relaxaiion.

munltiresolution

[ INTRODUCTION

DD image cotopression plays an important role in
szmy multinedia applicattons, such as video confer-
encing, videophone, video games, cle. The key (o achicving
COMPIession Is to remove temposal and spatial redundan-
cies m video sequences Block-matching motion estirmation
algorithms (BMAs) have heen widely explorled novarious
mgeraational video compression standards (o remoeve wmporal
redundancy

In most video compression algorithms, there is a tradeofl
hetween picture quality and compression raiio (and compu-
tational cost). Generally speaking, (he lower the compression
ratio is. (he better the picture quality Some researchers have
atternpted fo develop ne
foltowing.

v (betier) alporithms that can do the

© Achieve higher piciure qualivg with ihe same umount of
bifs, 1, minimize the wolal distortion of ingalrames 2
and interframes {(17;)
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Coding

under a bit-rate constrami
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whete By ostands for the manber of bits Tor inliaframes,
I3 stands lor the number of bits for interfiame, A, ..
stands Lor the number of bigs for indecfiame residues, and
L3, i 8

vectors

stands [or the number of bits for interframe motion
o Adhieve the same picle quality with fower bits
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under the same
'I-)I‘(:l‘(d = [)f -+ IT),

o high-quality video compression (¢ g, video hroadeast.
ing), quantization scales are usually Jow . Therelote, the num-
ber ol bits tou residuc £, ., deminates the wlal bit taie B,
It was believed that the less the displaced frame difference
(referred 1o as DID o mean residue) is, 1he fower the bits
for tesidue B, .. and. thus, the less the otal bit rate 2,
Hence, a minimal DED criterion is widely used in BMAs
Namely, the motion vector for this block is the displacenent
vector that carries the minitmal DID

motion vector = argy mm TDED() (1

Among several seareh algorithms o accomplish block maich -
myg 4], {14], the where the 1DED’s of
all possible displaced caudidales within the scarch arca in ihe

[uil scarchi methods,

mevious frame are compared, give the hest solution m the
viewpoint of cstimalion error.
However, it is observed (hat ihe full search BMA s

al real-time

B are computationally o cosfly lor a practic
application;

2y usually do not produce the namral motion field, physical
motion, which could produce belter subjective plcture
qualtty;

3y cannot produce in general the optina! bir rate for very
fow-bit-rate video coding standards that

veclors within

differennally

cneode the motion a slice and use o

significant portion of bhits for motion vector encading
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A Fast Block-Marching Mobon Exmetion Alporahng

Reducing the mmnber of scarch positions can redace the
computation. Assume thai the DD ma 5 monatonicaily
as the search moves away rom the posilion ol the global

mintmum DEDY The three-step seareh, the two-dimensional
Iogasithiice seavch. and the comugared direction sea ch block-
matching algorthims restrict the number of search locations it
Jarge-scale motion veclors at ficst, and refine the predicted
motion vecror later [17], [23]. 126]

Asstmne that the motion vector obtamed  lrom a large
block size provides a good inttial estimate for motion vectoss
associaled with smaller blocks that are contamed by the Targer
hlock. e hierarchical methods, which use the samce image
size but differens block sizes al cach level, also resivict the
number of search locations at fage-seale motion vectors at
first, and 1efing the predicied motion vector later 3], {13]

Instead of linumng the number of search Jocations, a 41
subsampling of pizels is wsed in DED caleulation (o reduce
the complexity of motion vector estimation by a factor of [ow
[21] Furhermore, two othet echaiques were also proposed to
enhance e performance. One is 201 block subsampling and
the other is 43 | subblock motion-field estimation Combined
wiih 4 | subsampling of pixels, the former raduces the mumber
of operations by a factor of eight while the latter “has a
reduction [actor of 16

Reducing the number of search positions apd the number
of pixels in DED caleulaton can alzo reduce computition
The multiresolution motion estimation algorithm relies on the
idea of predicting an approxumate large-scale motion vector
in a coarse—resolution video aad refining the predicted wotion
veclor in a nmbtiresolution fashion (0 obtain the motion veetor
in the finer resotution These algorithms vse different image
resolutions with a smaller inage size at a coarser leval (e,
of a pyranmid foum) A block al the coarser level covers a
larger region than a block with the same number of pixels at
the finer level, so that a simaller search area can be ased at
coarser levels Tn additon, muliiresolution BMA”s also reduce
the number of pixels in DFD caleulation. These algorithuns
can he further divided into two groups: constant biock size
and vartable bleck size

1Y ko {207 and 28], the same block size is used ai each

lewvel If the image sive is reduced by half as rthe level
hecomes more comse, one block at a coarser level
covers four corresponding blocks at ihe next finer level
Next, the motion vector ol the coarser-level block s
aither directly used as the mitial estimate for the four
corresponding (ine1-level blocks {20] or nterpolated o
obtain four motion vectors of the finer level [28]
2y In [30], differcnt block sizes are employed al cach
level 10 mainta a one-lo-one correspondence belween
Next, the molion vector of
each bleck is directly used as aninwial esiimate for the

blocks in diferent levels

“corresponding block at the finer level
nstead of reducing the number of search ocations, another
multiresolution method trades (he vumber of search locations
[or befrer cstimation quality | 10T It uses different image
resolutions with the same image size of a pyramid form Since
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the smne image size is used at cach level the munbers of
possible motion candidates are the same al each level The
black size is nol the same at cach level and s reduced by
Ralf ag the level hecomes coarser. A block al the coarser level
covers the same tegion as fhat at the fner devel Then, m
the conrsest level, aset of moton candidates 15 selected [rom
the maxinunm moton candidate sel using a full seach with
fewer pisels in DFD caleulation In each of the finer levels,
the wation candidaie sel s Tmther screened  Ad the last level,
only a single motion vector i sclecied

Assume that the motion field is piccewise continuous in the
spatial domain and in the emporal domain. The intial search
avea could be reduced by cxploiting cotrections of motion
vectors belween spatial and temporal adjacent blocks {17],
1291

Based on spalio-temporal corrclation integrating ‘with a
mulimesolutiom scheme, a0 [ast motion estimation, which is
ahout two ovders of magnitnde faster than tull scarch motion
estimation adgorithms, is intrpduced {4

B Newwral-Motion Isstimeation Algporithing

Pixels inside a same video object move consistently. There-
fore, the natural motfion ficld 1s plecewise contimuens in the
spatial domain {21 Neighborhood constinints on the search
of motion vectors are introduced to gel piecewise contimious
motion felds [22]

Generally, the motion vector obtained from a larger bloel is
more neise resistant than that from a smatler black. The Acer -
archical [3) or prdtiorid (quad-tee-structured) 1131, 1181, [25]
motion estimation algorithins 1ely on the idea of predicting an
approximate large-scaie motion vactol using larger hlocks and
refining the predicted mation veelor using smaller blocks

Natural motion ficld is also piccewise continuous in the
femporal domain Assume that the mation of each block
is much smaller than the block; a block-tecursive motion
estimnation alzorithm s miroduced that exploits corrections
ol motion vectors between lemporal adjacent blocks [12] in
adeition o spatial adjacent blocks

In [9]. we propose a new tracking method [or motion-bascd
scene seamentation

1Y At the outset, we disqualily some of the reference blocks

that are considered to be unieliable to ack

2) We adept a mudticandidate prescreening o provide some

rabusmess in selecting motion candidates,

3y Asswming that ihe natwal motion ficld is piccewise

continous, we determine the motion of a [eatwe block
by consulting all its neighboring blocks™ dircctions This
allows a chance thal a smgula and erronecus motion
veclor may he contected by it swrounding motion
vectors (sunilar to median filtering)

C Rate-Optimized Moton Estimation Algorithms

In some coding standards, ¢ g H261, 11203, MPEG-1,
aned MPTIG-2, which encode the motion vectors differeniially
within o shee {16], the tolal nwnber of bits Fyqp- also mclades
the number of bits of coding motion vectors ;.. In very
low-Dit-1ate coding condilions, a sigailicani portion of bils are
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Fig 1 Wadable lengih coding m motion vector driference ased by T 263
I3 oo Therefore, i is nol always true that the less the DED

is. the less the bit rate. Those conventional BMA’s that treat
the mation estimation problem as an optimization problem on
DED only could suffer (rom the high price o the dificrential
coding of moelion vectors 7]

Lig | shows the bit requirement for different vector ditler-
ences in the 1263 standard. 1he smaller the dilference s, the
fewer the bits requited A rate-oplinmized motion estimation
algorithm should ke account of the tolal number of bits
St b= mm]lut\(DH) (b}, 1

{o:}
I bits{ DLy (45), Q) 1 bits{AT) +
4 B DED,, (47,), (2.,) + bits{ A, )' (2

IREIPRIES

) } -+ |.‘]‘FS(?J‘{)

where 7, is the motion vectot of black ., A=y - '1*?-,1,'
bits{ Av;) is the mumbor of bits fo encode the A, DED; (@ )
represenis the DED of black i, and bits{ DD, {7 ),
nmumber of bits requited for this frame difference

(2] s the

The motion cstbmation problem is fomudated as a shortest
path (least bit counf) finding problem (which considers the
aumtber of bits for exture as welb as that [0 motion vectors),
and ihen dynamic programming or the Virerbi algoritha is
used o find optimal motion veclors [’/'

Differant quantization 3y, Gy, ), produces dilfercrl
hit 1ates or distortion of picles. Mom(wu, the optimal motion
veclors could be different A Y agrangian-lype cost [anction
J o= D |- 3R is further exploited in metion estimation [7]
in order Lo reach near optimal motion vector search in the
rae -distortion sense

Since this scheme is computationally oo complex i the real
implementaiion, scveral modified methods that congider rate-
distortion fradeatts in a tow complexity framewerk have been
praposed 161, [T1L T15] bor example, although the full seas ch
on the minimal DED erterion s used in [27), two special cases
in determining the motion veetors are implenented

1) DUE, (1747 is reduced by 100 because of he savings
obtained in encoding zero motion vector diffzience

(A, = — w1 =0
2y 1 two or more motion veetors have ihe sume DD, the
tic 15 broken in favor of the shortest motion vector {by
spiral scarches)
Un o]
prediction of 4

- prediction of 7, In this paper, we
1T For sHophcity
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1y Overview of Our Work

in this paper, we preseat an ad hoe approach rhat performs
motion estimation based on rate opimization withont actually
connting the number of bits for encoding motion vectars Our
motion csiimation akgorithin expleits the spatial correlations of
molion vectors eflectively iu the sense of pl’d(lil(ﬁil‘lg hetler rafe-
distortion cuwrves [8], as shown in Section T Furthermaose, we
incorpotale such correfations in a multiresolution framewaork fo
reduce the compuiational complexity, as shown m Secton [il
Experimental resilts show the pronnsing pofential ol ow
approach

T NATURAL -MOTION TSTIMATION FOR RATE OPTIMIZATION

A piccewise continuous motion feld is atactive n reducing
the bit rate lor differentially encoded motion vectors Hence, a
“patural” metion tracker based on neighborhood 1elaxation of-
lers an cffeciive approach of vate-optimived motion cstimation

Fauation {2) can be wrillen as

motion of B, 25 ag min {hits{ DD, {(+), (J;) 4 bitsi Av)|

where {3; stands for the block 2

Because 11 is dilfienlt o mathematically express the bir costs
For dilfevent DETY's and A,
ithe following approximalion:

the above is first simplified info

DI, (0 1 o] | A }

morion of 3, = arg rmu {
i
!

sz argy min (D01, (1)

i

because the bits{DRD,(H), (2% and blis(Ad) grow when
DED, () and [|AT]| grow, 1espectively. [§ = au(d; /oo

Here we would like to nse an idea commonly adopred in
relaxation methods  First, we assume (hat the rafe-optintzed
moiion vector of the block’s acighbor produces close-to-
minimal DFED. Say that B is its neighbor and -ni is the known
optimal motion vector, 1€,

uf = g m'J) n {[)F_'i_)j(iﬁ']} (4)
Assume that 3, is a neighbor of [, vi s the optimal motion

vector, and DED, (9] increases as o deviates from 'r..’:;- according
o

DID, (#) =2 DFD (o) 4 4|7 — vl {5)

o
ol =[5 ot = ”‘(DH) (i) - kD, (o)) @
Substitating (6) inlo (3

notion ol [, ~

AL TR {DFD,(H’) - Z ([)H)f-('?ﬂf') - ]’)l'[),)('u';')\)}

7

where A'(H;) means the neighboring blocks of B, o= /v =
f'f").c-gi/f-]‘l ¥

Alidai]} (3.
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Fig 2 (2% Neighborhood relas

motion o {2 local varations 5 among neighboring blocks
by rolation and (<) zoommugfapproaching

Here we can use an idea commonly ﬂz'{(')]ﬂr‘(l in relaxation
method, 1e., we can let -v? (and DD, (0 -)) femain constant
durivg the block ¢ updating ot the umﬂhhmh(md relaxarion
Therefore, they can be diopped from (7), resulting in

motion of £3;

£ arg min IDHL('J) + 1 ) DED, () (%)
! l B,f%’d(i.

1f a molion vector can induce the 14’s of the center block

then it is sclecred to be the motion

That is,

the one thar is much

and its nerghbors o drop,

veclor for the encoder when two modion vectors
produced similay DED’s,

neighbors” motion will be selected . The motion ficld produced

closer o the

by this method will be smoother than that of (1)
The above approach will he inadequate for noniranslational
Z0OMing

o

ASRUING

motion, such as object rolation,
[ 24 2B,
rotating counterclockwise. Because (8) assumes that the neigh-

and approaching
For cxample, o Fig that an object is
boring hlocks will move 1n the same wamslational motion, it
may not adequately model the rotational motion  Since the
neighbosing blocks may pot have uniform. mofion veetors,
relaxation on

a turther the neichboring motion vectois s

miroduced |9
motion of £2; =

I DED(H;, W) § Z

arg i
i
’ 1 By N{BD

s oa sl 5 is incorporated o allow local variations
of motion o the
nontranslational motions and /h’ 5 i the weightmg factov for
different neighbosing blocks * As illustrated in Fig 2, this in
principle can track more (lexible mofions, such as rolation,

p, < DED{B, 0 4 8)

(<

w5 due

veetors among neighboring bloc

zoomng, shearing, ele
We incorporated ihe above algorithin into the basclme H 263
video codee provided by Teienor R&D |27

Sihe shoder the distance hetween I3,
the €J; is, the laoeer the o,
ncighbors with je, 3

are incheled in order to accomemsdate other {1e .

and Ay B the Tareer the g, The
[0 practee, we nse the four nearesl
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ition will consider the global trend in object mntion as well as provide some flexibility to accommadate noutr: anslational

norrianslatonaly affine motions sneh as
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eyt . e
- t y
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_ ‘ . . .
(2} (dy
Fig 3 (o) and (b show the one-tmndred-ifih and one Bundred-cighth

frames of the Foreman sequence 1c-ctivcly; ) sTiorars the motion veetors
found by the original approach, which is ba on the minjmal residue
criterion: and () shows the motion vectors [ound by our peighbodwood
relazation mathod  The motion Oeld 13 smoother and, as 2 vesull, the bits

for cuding motion veclors is {ewer

The motion vectors found by the ongnal minimal-esidue-
based approach and our neighborhood relaxation method are
shown in Lig 3. The motion ficld of our method is smooiher,
and, as a result, the bils for coding motion veciors are fewo
Using a fxed quantization paameter, our method can achieve
13 9%

motion vectors) as well as higher

hit-rate reductions (23 4% bit-rate reduciions in coding
(1002 3 signal-io-noise
ratio (SNR)Y in coding the onu—lmmlrc(l cighih frame of the
Foremn seaquence,

T oa smaller DED s the vesult of closely trackimg the
noise clfect (which is commonly the case with a full scatch
method),
in good SNR. A fower SNR could occur simply hocause

then a small residue does not necessartly result

the residue fends w bave predominantly higher fiequency

wmp(mml\ and the DOT based quantization ends o lose

er frequency  components [6], 1191, Our natural motic

tracker s deliberately made to be immune to noise. Henee, iI‘

can give even bigher SNR (8]
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Fig 4 The first-level images are fhose of oteingl resolufion  Lhe second-level images are those ot a quarter vesolulioa of the frst level (A pizel in the

second level is the sum of four piscls in the corre sponding position

U SUBREOCK MUDTTRESOEUTION MOTION PSTIMATION

[n order 1o reduce e compputational complexity, our new

block-matching algorithm is based on successive refineinent of
motion vector candidares on images ol ditfereni resolutions
Tior example, thies different resolufions, as shown i Fig. 4,
lered A u)msu I(\Ulull()ll image is obtained by
computing the 2 pizels from finer levels to

tepresent a pixel in t

Are COnsIc

sum of 2

h(‘ next coarser level, as shown here

> L T (20 + Aw, 2y & Oy, )

AY l.fl) Sy—0

FR 0 Gy, 4 -
where (, ) is tor the pixed [ocation, © is the frame mdex,
and B is the level of the picture When &= 1, the Y
original picture withoul resolution reduction.

Ihe fmage size 1s reduced by halt along both horizoutal and

15 the

vertieal dizections Hhe motion cstimation is first performed
on the coarsest resolution, and then the motion vectois ol
finer resolutions wre vefiued hased on the motiom informalion
obtained at coarser 1esotutions

An area in the finest resolution 1s equivalent io an aea 16
dimes smalier 0 the coarsest resolition 1 heretore, the search
aren used af he coarsest resolulion 18 also 16 dmes salle
Thus, the computational complexty is dramatically reduced

[he motion vectov obtained from the coarsest resolulion 15
also [our times comser in scale As a resuli, local relinement
in the finer resolution is requied for bigher accuracy.

Step 1) The Algorithm Starts with a Search on the mages of
Maost Cowse Resolution. The (hivd- lovel images are divided
into subilocks of 8 % & piscls, as shown n Fig, 4 Bach of
ihe subbiocks can so nuh i the 14w 44 possible candidate
displaced posilions Hu DETY s are denofed as

>_\‘ \f'("‘:)tﬁr‘. o, B R 0
=0
—-.I""‘j(,\‘-é o b, B by oy, L 1)

whete k= 3 and 7 = [v., w,]"

) The thivd Jevel images are a quaner of those of the seeon

1 level

Without o much computational overhead, the DED’s of

novoverlapping macroblocks (ol 16 3 16 pixels) then can be

computed as

ar
)IEI

DEL: DEDS (2 1 Ax, 254 Ay, D)

Z,>

Ao Aj=0

(i, 7,
I conventional multiresolution BMA’s, onl'y one of cither

(oD, ) HJJ)

2

YOVith
i

g
ol
1

is used as the motion candidaie for the finer level, hut nol
hath, We observe hat the motion vector for the macroblock
(of 16

motion when the macroblock 18 insicle

2

i o EDi )

x 16 pixels) s betler ai capturing, the global common
a moving object
Om the other hand, the motion vector for the subblock (of
8 x & pixels) 1s better al captuiing its own natural moton
when the macroblock covers (wo Or more moving obiccls.
Hence, we select the motion candidates from veclors that carry
mimimal DYED's cither for subblock or for macroblocks ag the

candidates, as shown here

Vi, )
{‘l(m 3 :,:[:-wl-wg[r,'l}:l;!" e {D] L)UL )( )J}
(f"“ i {1’)] DVIT RN ,J')}.)
‘Z(W y};}("n . {DFDJE‘( i 1)})
((no N V\IKI»I::U\ - {L)i l)ﬁ'“'\- i 'H})})
1'%(‘}.:.;-3, it L"‘E?(lﬂ- it { DD (' ]f) }
{1
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Fig 5 Hach macroblock {of 16 16 pixels) m the second-level image is covered by fowr macroblocks o the thivd-level nnage and one subblock. (of
8 % 8 pixels) in the (hird-level image. Therefore, a macroblock on s level will inhedit the Gve motion vector candidaies {one from the subblock and

four from the mocrobiocks) from the third Tevel as the base moton veciors

where

0T G /2 (G 12
Pl el gt [0 0/

and the initial motion vector candidate set V¥ = [ +4)

Step 2) The Motion Vector Candidates Are Refined on the
Imapes of the Finer Resolution. As shown in Fig. 5, a mac-
robtock on this fevel will inherit the five motion vector
candidates {one [rom subblock and [oar from macroblocks)
from the third level as the base mofion vectors., Then, the
subblocks will search 1n the 1 x L1 window around thesc
five motion vectors The motion vectors that carry minimal
DEDY’s are selecled (for either the subblocks of 8§ % 8 pxels
or the macroblocks of 16 x 16 pixels) again as the motion
candidates for the hirst level,

Step 3) [ the Final Step of Fhis Method, Only Macroblocks
af the Linest Resolntion Requive Moton Psdmation A mac-
voblock on this tevel, again, will inheril [tve motion vectors
from the second level as the base motion vectots, and then
scarch in the ®£1x -1 window around these five motion
veciors. The wotion vector that carries minimal DFD g
selected

g, 6 shows the motion vectors ot by the multiresolu-
tion wethed without neighbothood relaxation and our subblock
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Fg 6 The simulsiion result based on  the  one-hundred-fihe and
onc-hundred-cighth frames of the Foreman sequence as shown in Fg 3. (a)
shows il motion vectors Tound by the multiresolution approach without
neighborbood relaxation and (b} shows the motion vectors found by our
subblock multivezofution scarch method. Yhe mation field is smoother, and,
as a resull, the hits for codimg motion vectors is fewer (¢) and (d) show the
rate-distortion curves by the orfginal il seacch method. the muodtiresolution
method warhout neiahborhood celagabon, and our method Uis elear that our
method condd give better quality and betier bit rate
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Fig 7 The rate-distortion curves for all the 263 sequence

multiresolution motion. estimation (based on the one-hundred -
fifth and one-hundied-eighth frames ol the Foreman sequance
The ficld of
smootiier than thae of the full scarch As a result, the number

as shown in Fig 3) motion onr method is

ol hits For coding motion vectors is Tower. Using a fixed
quantization parameter, our method can achieve 12.2% bit-
rate reductions (25 7% bitvale reductions i coding mation
vectors) as well as a higher (+0 02 dB) SNR in coding the
one-hundred-cighth frame of the Toreman sequcice.

Node that Tig 6 also shows Lhe motion veclors found by
the muliiresolution method withow acighbothood 1elaxation
1L also produces a smoother motion feld than the original futl
cearch method Thus, 1 fowers the bit rate by 6.79% (it reduces
(the hits o1 motion vectors by 22 8% Alas, it degrades the
SNR by 006 db
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Fig 7 shows the rate distortion curves for all T1.263 st
QO .k:cql1e.ncc.3's 1] Y is clear that when the quanfization
step is coarse, the cost in terms ol residue coding is relatively
sroaller and the cost in ferms of coding the motion vectons
becomes dominant In this case, our method resulis in better
picture quality and bit rale, as iMustrated in the lower lefi
corer of Lig. 7(b) [Note that the reverse phenomenon can be
observed in the upper tight corner of Fig 7(bi]

iy 7 also shows that owr new algorithm is more robust than
the previously proposed maliisolution algorithim The H 263
iest sequence library can be categorized into ithe {ollowing
classes:

IA block of 16 % 16 pirels is wsed as a macroblock for motion vector
estimation Onby forward prediction is implemented in the exporiments Ie
raazimum hotzonial and vertical scarch dsplacement is 1210
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Vig 7. (Conantnned ) The rate distortion curves for all the H 2673 sequences: () Saleswan (415 amesy and (h} Suzie (150 frames) Because there js a
scene change i the stedcth frame of the Trevor scquence. we divide the simulation of Trevor info two parls. (D) s the first pan of Trevor (60 (oimes),

and () 15 the sccond part (90 frunes)

£) Tow spatial detail and medbmm amount of movement
(.o, Miss-com, Mthr-dot);
2y medium spanal detail and medinm amonnt of movement
(e g, Carphone, Foreman, Suzie, second part of Trevory;
3) high spatial detail and low amomnt of movement (e g,
Cleive, Grandine, Sutesman),
4 high spatial detail and lage amount of local inovement
(¢, first pal of Trever)
When there is high spatial detail and a low amowul of move-
ment, there are not many differences among three algorithms
in the (b, (d), and (2) sequences. (a), (), (M), and (i) show
significaut improvement (fram 0.2 dB up to 0.7 dB) from the
proposed atgorithm to the conventional multicesolution search
algorithm. In all the test sequences excepl (¢}, the differences
berween the proposcd algonithn and tull scarch are within the
0 2dB range Tn sequence (), the proposed alzorithm performs
(2 dB better than the {ull search method.

IV CoNCt Usion

We first establish a basic {ramework based  on spatial
correlation and then integrate it with a multiresolution schicme

the proposed algorithny is based on successive refinement
of motion veetor coudidates. It starts with & search on the
nages of the most coarse teselution where approxirnate
madion vectars aie tsed as a set ol moton vector candidates
in cach successive searching process, the candidate veclors are
telined on the wuages of the finer wesolution o achieve the final
motion vecior, step by step. By repeating this process, at the

tmages of the nest resolution, a single wotion vector can be
selecled Since the initial full scarch at the coarsest level and
the motion candidates” relincment use a smailer search aca,
the computation complexity of the proposed algotithm is less
than those of the [ull scarch algorithms

Full semoh BMA’s based on minimal vesidue usually fail to
identily the optimal motion vectors for rate distortion because
they do pot count the nunber of bits used to code the motion
vectors. In some coding, standards, such as H.263 and MPEG-
2, which encode the motien vectors differentially within a
slice, it 1s not always wue that the less the residue is. the less
the bit rate. Simulation shows that our method is successiul
in bit-rate reduclion hecause the homogeneous motion Geld
reduces a signiticant amount of bits in coding motion vectors

Conventional multiresolotion lgorithms nge only informa-
don from coarser levels 1o refine the motion veetor in finer
levels and do not exploit spatial comclations of the maotion
vectors Although ity computational complexily is less than
that of our method,” its motion vectors could come from
tracking alter a local winimum. Consequently, simnlation
shows (hat its coding efficiency is inferior Lo cither the Tull
search BMA™s or our methaod

The computational complexity required by this motion
estimation is aronnd 17 times less than that by the full search
algorithms The overall speedup of the whole video coding
using this fast motion esiiration s about 6.6 times

T he mubiresolution algenithm without neighborhood relaxation is abont
30% less complex than our mwltircsolotion algerithm with nctghbeor hood
retaxation



00z

[
{21

131

14

[5]
(6]

I

(8

[

110

f11]

112]

113

Tid]

115]

[EED TRANSACTIONS ON CIRCUIMS AND SYSTEMS FOR VIDTD THECHNOLOGY YO

REFERENCES

CHE 260 et {Onhne| Avaitable FIP:
fep:f/hende nla nofpub/annfgelt source.

11 Barron, 13 1 Fleet, and S0 8 Beacuchenun. “Gystems and
expuriraent performance of optical flow lechaiques.” fre J Comput
vol 13, w0 Lopp A3 77 1994

M Bierling, “Displacement estimation Iy hicrarehical block matchiug.”
W Proc SPIE Visual Commun and Image Processing wol ML, po
942954, 1958

T Chalidabhongse and C-C 1 Kuo. ~ Fuast motion vector csitnation
usIg multiresohition-spatio-temporal conelations,” IEEE Trans Circun
Syst. Video Fechaol  wol 7, pp A TI—485, June 1997

¥ Chan and 8 -Y  Kung. “Multi-level pixel difference classitication
methods,” in Prac ICIPTO5. Oct 19935, wol 3, pp 252-253

I' Chen, 1 D Villasenor, and D8 Park, “A fow compleaty rafe
distorion model for notion eatimation in 3 2637 P90
Sept. 1996, vol I, pp. 517 520

M C Chen and A N Willson, Ir.” Rate-distortion aptimal motion
egimation alporithms for motion-compensaled transform video codmng.”
JEER Trans Cienits Syst Video Technol . vol 3, pp 147138, Apr
1698

Y K Chen and S Y. Kung, “Rate optinization by true molion
cafimation,” v Proc HEKE Workshop Multimedic Signal Processing.
Jane 1997, pp. 187-194

VoK Chen, ¥.-T Tin, and 8 Y King, “A feature Iracking algorithm
using neighborhood relaxation witl mubi-candidate pre-sereening.” n
Proc JOIF 96, Sept 1996, vol 1 pp. 513-516.

€W, Chun and 1B Ra “An mmproved block matching algovithm
baged on successive relinoment of motion veetor candidates,” Signal
Process Tmage Comr 0o 6. pp. 115+ 122, 19494

W Chang. I Kossentind. and M [ Smith, “Rate-distortion-constrained
statistical motion estimation for video coding " in Proc JCHT95. Oct
1995, vol 3, pp. 1&4-187.

G e Haan, POW A O Thezen, H huijgen. and O A O, TTe-
motion estimation with 31 recursive search block matching,” TRET
Trans Ciruirs Sysi. Video Techno!  vol 3. pp 308 379, Get 1993

IF Lufans and M Ko, “Mubiarid block maichiog motion cstimation
with an adaptive lpeal mesh celmement,” m Proc SPH Visuad Compat
and Tmage Frocessing. 1992, vol 1818 pp 97109

£ Dufans and T Moscheni, “Molion cstimation lechpiques for digital
IV- A review and a1 new conribenon” Proc (EEL vol. 43, pp
858-576, June 1995

8 CGired, “Rate constraimed metion estmation,” m Proc SPHR Visual
Compun and Imaae Processing. Nov 1994, vol 2308, pp 1026 1034

SEGUUNCE

Vigron

in Proc

[16]

1171

[13]

11

[207]

[21]

22}

23]

124]

i251

(26

(27

[28]

29

[30]

ONG T OCTORER 1999

U Telecommunicarion Standardization Scctor (May 1995 1TU T
recommendation 1263 Video coding for low bilrate contiumcation
[Online] Avaalable FUP: fyp/flip.ad comfvendors/Picure Telfh 324/

T Kopa, K Fnwma A lhirano. ¥ ljima, and T Tshizuro, “Mation
compensated intertrame coding for video conference,” i Pron Na
Telecompn Confl. Nov/Diec, 1981 vol 2, pp G331-535

PoB Tee and § D) Kim. “Moving farpet sxtraction aud imape coding
Linsed on motion informanon, AN E Truns Frndamentals, vol TT8 AL
no Lopp 1Z7-1300 Jau 1995

% bee and Y - Fhang, A fast hicrarchicad molon-compensation
scheme for video coding using block teature watching, TEER Trans
Cireuits and Systems for Video fech wol oo no 6. pp 627 035, Duoe
1996,

1 Li» Tin, and ¥ Wi Multiresolution tree architectnre wilh ks
applicalion n video soguence codig: A new resudt” in Proc SPLE
Viswad Commn ond Iiige Processing. 1993, vol 2004, pp. 7H0-T4L
3 T and A Zaccarm, “New Fast algorithis for the estimation of block
metion vectors " TEEE Trans Cionies Syst Video Technol vob 3, pp
145—157, Apr 19973

M T Owchard. “Predictive motion-field seamentalion for mage se-
quence coding,” TREE Trans Circairs Syst Video Techrol _vol 3. pp
54 70, Teb. 1993

A Puri, IE M Hang, and D T, Schifiing, “An sificient hlock matching
algoritln for nolien-compensakcd coding ™ in Proc HIEF TCA SIPAY
1987, pp 254 12544

F M Rebgand AP Witkin, “Visual racking with detormation maodels,”
in Proc TREF Int Conf Rebotics and Awtomation Apr: 1991, vol 1,
pp 844 530

Vo Seleridis and M CGhanbar, ~Oeneralized Ulock matching motion
cstimation using quad-res stactieed spatal decomposition.” in Proc
Vis Tage Signal Process. val 141, no 6, pp Adb=t52 Dec. 1904

R Srinivasan and K. R Rao. “Predictive coding based on clficient
mation eshinalion.” TREE Trans Comnwn vol 33 pp aud- B9, Ang
1955

Tatepor R&D June 19967 11263 encoder version 2 0 {Online| Avail-
able TP fip:/fhonde.nia m>,/pub,"\nm,t‘s:ulki\mrc/

K oM Uz, M. Venerli. and T LeCall “Interpolative. multiresohtion
cading of advanced tefevision with compatible subchannels.” JEFF:
Tyams Cireaits Syst Video Technol .ol 1. no 10 pp. 86 99, 1991

K ¥ie,§ Van Dyeken, and A Oostedinek. “A new block based motion
cstimation algorithm.” Signal Process farree Commrar vol 4 pp
307 -517. Nowv 1992

q atar, Y. O Zhang. and B Jabbar, “Multizeale video representaion
uging multicesolution motion compensation and wavelol decompost-
ton.,” JEEE 1 Selece Areas Cononun vol 11, pp 24 335, lan 1993




