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There are t o ob ectives in this paper The first one is to develop a theoretical frame or for
the modeling and computation of dense nonlinear 2-D motion tra ectories from a sequence of
images The second ob ective is to demonstrate benefits resulting from the use of nonlinear
tra ectories in motion-compensated temporal interpolation of videoconference videophone
images

The no ledge of motion is essential for coding of image sequences at high compression
ratios This is due to a high correlation of image pi els along motion tra ectories In
the case of ubiquitous hybrid coders (MPEG-1, MPEG-2, H 261), di erential pulse code
modulation (DPCM) is applied bloc - ise along displacement vectors Ho ever, DPCM does
not fully e ploit the high correlation of motion-compensated pi els, especially at rates belo
1 bit pi el Recently, it has been sho n that alternative techniques outperform DPCM at
such rates It has been demonstrated that entropy-constrained code-e cited linear prediction
(EC-CE P) outperforms DPCM for highly correlated sources such as a sequence of motion-
compensated pi els 13 Since EC-CE P ointly encodes intensity at several positions along
a motion tra ectory, motion compensation must be applied over several frames Due to
the e tended temporal support, linearity of motion tra ectories is often violated Therefore,
motion models incorporating higher-order e ects, such as acceleration, need to be considered

Similarly, in the processing of image sequences, such as interpolation, filtering or en-
hancement, no ledge of motion tra ectories over several frames is essential for high-quality
results It has been sho n recently 20 that for image sequences containing motion ith
acceleration, significantly better results can be obtained if acceleration is used in addition
to velocity In that or , ho ever, acceleration has been assumed to be no n

It is clear from the above studies that a frame or for the modeling and computation
of motion ith acceleration is needed  ithout loss of generality e consider in this paper
only quadratic motion model, i e, incorporating acceleration The approach can be easily
e tended to cubic tra ectories that include the derivative of acceleration An interesting
frequency domain analysis of images containing such high-order tra ectories is given in 8
It is concluded that, unli e in the constant-velocity case here spectral support is planar
21, 10 , the spectral support for the case ith acceleration and its derivative is truly 3-D

The quadratic motion tra ectory model as originally proposed in 11 ater, a simi-
lar model as proposed in 7 and e tended to trigonometric polynomials Ho ever, both
models in 7 ere applied uniformly throughout the image disregarding spatial variation of
motion parameters In this paper, based on the Mar ov random field (MR ) theory, e
develop the model from 11 in detail, e formulate a suitable cost function based on the
MAP criterion and e sho ho to minimi e it Since for the e tended temporal support
occlusions play an important role, e e tend the motion model by including occlusions and
motion discontinuities e test the ne estimation method on images ith synthetic mo-
tion and e evaluate its performance numerically Then, e apply the proposed algorithm
to motion-compensated temporal interpolation of image sequences ith natural motion, and

e demonstrate the benefits of using quadratic tra ectories instead of linear ones



e are interested in the estimation of motion parameters from a time-varying image obtained
by a camera that pro ects a 3-D scene onto a rectangular portion  of the 2-D image plane

et () denote the spatial coordinate in Since coordinates of a point from a
moving ob ect depend on time , it is useful to consider the tra ectory of such a point in a
conceptual 3-D space An e ample of a 3-D tra ectory ( () () ) of an image point
dra n in such a space is sho n in igure 1

]

To define mathematically a tra ectory e use the function ( ) such that is the
spatial position at time of an image point hich at time  as located at 10 ( )
describes a 2-D tra ectory in the image plane, hile ( ( ) ) ( () () )describes
a 3-D tra ectory in the space or each at time , the corresponding tra ectory starts
at time () and ends at time ( ) or , e can define a subset () of

consisting of pi els that are visible over the entire time interval bet een and

) =) ()

or , () is the set of pi els covered or leaving the image bet een and , hile
for , () is the set of pi els e posed or introduced into the image bet een
and (more detailed treatment of motion tra ectories can be found in 10 )

To describe motion of a pi el in 2-D image plane, the concept of instantaneous velocity

is often used:

Another useful concept, especially for linear motion tra ectories, is displacement for pi els
visible bet een and

( ) if
O () 0

Note that ith the above definition, the displacement al ays points in the positive direction
of time ( ) can be also calculated from the velocity by integration

C ) cCc ) )

ith for and for or motion ith constant velocity
( ( ) ) (), the displacement is simply

c)c ) i
N ()



Thus, it follo s from (1) that
C ) C ) ) () (2)

Consequently, the tas is to find, for each pi el (), thet o components and  of the
velocity () or constant-velocity motion, corresponding components of the displacement
() are sought

The goal is to estimate segments of motion tra ectories ( ) for  over some time interval
containing , here () is defined on a sampling lattice Tra ectories are estimated
from image sequence defined on another lattice et  denote all the tra ectories passing
at time through the indo , and let  be an image at time (also ithin ) e
consider pi elsin  orin () to be sampled according to lattice

The tas is to compute motion tra ectories  from images such that  belongs to
the set

is used in estimation of

of () timeinstants igure 2 illustrates an e ample of tra ectory over fields

of an interlaced sequence

In this section, e assume that ( ) , , ie, that all pi els visible in
at time are also visible at all time instants Therefore, occlusion e ects are not
considered for no , ho ever they ill be accounted for hen e e tend the algorithm in
Section 4

et : be the set of images (observations) used to estimate the field
of motion tra ectories To find the most probable  given ., e use the ma imum
probability (MAP) criterion 17 as follo s
arg ma ) (3)
arg ma  ( ) )
here is a probability density, is an arbitrarily chosen time instant such that
, and Thus, is a motion tra ectory estimate under
the MAP criterion ormulatlon in the second hne is obtained by applying the ayes rule
to ( ) ) is the li elihood of a particular configuration given  and
that depends on the , hile ( ) is a probability density defined by the

In the follo ing sections e describe both models in detail



To ma e the estimation problem tractable, e model each motion tra ectory by a paramet-
ric function  of a vector of motion parameters Hence, for the linear tra ectory model
(2), e have or nonlinear tra ectories, involving velocity as ell as acceleration, e
use the model proposed in 11

C ) O (G A (G ) (4)

ith Note that ( ) is the instantaneous velocity, and ( ) is one half of
the constant acceleration over the length of the tra ectory Equation (4) can be re ritten as

follo s:

C ) () ()
ith

0 o ()
() co) ) ) ) (6)

Note that equations above can be e tended to higher-order terms, such as the derivative of
acceleration 8, and thus the approach is applicable to general non-linear tra ectories

et be the field of all parameter vectors at time  Requiring that motion tra ectories
of neighbouring pi els be similar, i e, that  be spatially smooth, e model by a vector
MR  ith reali ations 17 Thus, due to the Hammersley-Cli ord theorem 1, the

density ( ) can be e pressed by the follo ing distribution:
1
c ) ) — (7)
here are constants 14 () is an energy function that captures the desired

smoothness property of the motion field:

() ( ) O ) (8)

here ( ) for simplicity of notation' is a 2-element spatial clique, ie,
and  are neighbours, and is the ensemble of all such cliques 14 e use the first-
order neighbourhood, i e, north, east, est and south nearest neighbours ( )isa4 4
positive-definite eight matri introduced to permit eighing of velocity and acceleration
components  or this purpose, e choose to be a diagonal matri of the form:

0 0 0
0 0 0
() 0 0 ()
0 0 0




here s are eights associated ith each of the four motion parameters in Similar
matri for constant-velocity motion as discussed in 18 Its o -diagonal entries, ho ever,

ere chosen as functions of the observations in order to allo suitable adaptation of the
smoothness property to local image structure Here, e consider only a fi ed matri for
simplicity

The conditional li elihood ( ) depends directly on the intensity variation along
motion tra ectories As the structural model, establishing the relationship bet een motion
and images, e use the constant intensity assumption along motion tra ectories e de-
fine a set of interpolated intensities along the tra ectory through () as follo s:

( ( ) ) The interpolated intensity is obtained using bicubic spatial in-
terpolator developed in 16 Then, : () , ith( ) being the restriction
of  totime (andto indo ), is the set of all interpolated observations along the field

y modeling ith a 3-D scalar MR , e can e press the li elihood ( ) as
follo s

( ) — (10)

Similarly to the model used in 17, e assume that intensity variation along is independent
for each distinct tra ectory Therefore, the energy  can be ritten as follo s

() ()

here each individual term () is a Gibbs energy This energy can be defined as a sum of
potentials over 1-D temporal cliques along motion tra ectory through ( ) In terms of the
set , ho ever, cliques are fully 3-D ith associated potential that is motion-adapted The
tas of () is to measure the departure of observations from the structural model, and
therefore to represent a measure of intensity matching over  fields used in the estimation
It can be sho n that for a su ciently large neighbourhood system and for suitable cliques,
can be chosen proportional to the sample variance:

() cc ) ) )7

that e presses the variability of intensity along motion tra ectory through ( ) ith respect
to the sample mean ( ) defined as follo s
1



Using the parametric representation of ( ) from ( ), the overall energy can be
e pressed as follo s:

() ( ) ) ) — | ) (11)

1

here is the number of tra ectories to estimate and

Considering  to be a constant and combining probability distributions from (7) and (10),
the MAP estimation (3) becomes an energy minimi ation problem ith respect to

arg min () C) ) () (12)

here is a regulari ation parameter eighing the importance of the motion model
ith respect to the structural model
To find the global minimum in (12), global optimi ation methods, such as simulated
annealing, have been used 17 Here, e use a deterministic approach equivalent to Gauss-
Ne ton optimi ation Since is not quadratic in , using Taylor e pansion ith respect
to some intermediate solution , e appro imate ( ) from (11) by the
follo ing linear form

( ) ) ( ) ) (13)

here () is the gradient of () ith respect to the vector  evaluated at

0 0 — . N

Substituting equation (13) into (11), ( ) can be appro imated by a quadratic function of
as follo s:

() () O )’ ( ) ) (14)



In order to carry out minimi ation (12) e need to di erentiate the total energy () from
(14) ith respect to each Details of this di erentiation can be found in Appendi A1
Consequently, e arrive at the follo ing linear system:

1 (1)

here

The system (1 ) is e tremely sparse due to the local nature of the neighbourhood used and
therefore is solved iteratively using Gauss-Seidel rela ation (computation of ) Usually,

starting ith 0, rela ation is performed until convergence Then, the last estimate

is used as the ne , and the process is repeated Ho ever, e have obtained better
performance for ith on-the- y update of (Gauss-Seidel rela ation) This
corresponds to one rela ation step bet een t o updates of 6

To improve the computational e ciency of the algorithm as ell as the li elihood of
convergence to the global minimum, a multiresolution approach is used  irst, a pyramid
of images is generated using Gaussian filters 12 Then, estimation is performed for the
lo est resolution images and the result is pro ected (via interpolation) onto the ne t higher
resolution level This process is repeated until the full resolution estimate is obtained

To evaluate the performance of the algorithm e have generated interlaced and progressive
test sequences (72 64 pi els, fields) ith synthetic motion ( igure 3) Each image consists
of a rectangle (4 38 pi els) moving across a still bac ground ith some initial velocity and
a constant acceleration The bac ground has been ta en from one image, hile the rectangle
has been obtained from another image after lo -pass filtering and subsampling To simulate
motion of the rectangle at 1 4-pi el accuracy its intensities at consecutive time instants are
computed via 4:1 subsampling ith a variable spatial o set This approach allo s more
realistic testing than in the case of pi el accuracy 6

]

The accuracy of motion estimates is evaluated using the mean-squared error (MSE)
bet een components of the true motion field and the estimated field in region
can be either the full estimation area (), or the area of the moving rectangle (1), or

its complement 5 1 To disregard the impact of the smoothness constraint, MSE
as also calculated over regions 1 and 5 deprived of a -pi el band around the rectangle



border, respectively named ;| and 1, for instance, represents the area inside the
moving rectangle
e have established e perimentally that the cost function ( ) and the MSE attain a

minimum for ~ bet een 40 and 100 6 Therefore, e set to 0 e use 4 resolution
levels obtained by Gaussian filtering ith ? 2 e set the diagonal elements in  to 1
for and to 2 for e constrain the acceleration more than the velocity since it strongly
a ects the curvature of  (equation (4))

To evaluate the impact of the set  on the precision of motion tra ectories, e have
estimated parameters for various sets  (Table 1) Although, the impact of  on the
velocity is clear only for 4, it is quite evident for acceleration A graphical representation

of this impact is sho n in igure 4 here the true and estimated tra ectories are plotted
for a randomly chosen point ithin the moving rectangle Note that the match bet een the

t o tra ectories is very poor for 2 and 3 (the estimated tra ectories e tend beyond the
plot limits), hereas it steadily improves ith the increase of or further e periments
e chose 2 1012 sinceit givesalo MSE and is symmetrical

[ ]
]

ith the basic parameters of the algorithm established, e have performed a series of

e periments for both test images ith various velocities and accelerations Table 2 sho s
the MSE for the interlaced test image Note that the MSE is very small for the integer
accuracy, especially if calculated a ay from the moving rectangle boundaries ( ; and )
The error is some hat increased for subpi el accuracy of motion parameters, ho ever it is
highly reduced in comparison ith the estimation using the linear tra ectory model (lines
ith ) Corresponding results for the progressive test sequence are sho n in Table 3 More

results can be found in 4

The velocity and acceleration fields for 1 1 0 10 estimated using both models
are sho n in igure Note that the estimates for the quadratic model correspond ell
to the motion of the rectangle The smoothing at rectangle boundaries is due to the lac
of a motion boundary model This is confirmed by the MSE for ; (no boundary e ects)
that is much smaller than the error for (Tables 2 and 3) The velocity-only estimate
(equation (2)) for the same image is clearly suboptimal ithin the moving rectangle vectors
are spatially inconsistent hich is confirmed by the large MSE in Table 2

L



So far e have not ta en occlusion e ects into account  cclusions, ho ever, play a very
important role in the formation of images, and consequently in the process of estimating
motion e define an field and a field , often called a
field or process 14 The occlusion field has its samples defined on the lattice Every
occlusion tag () may be assigned one of several possible states, e g , moving stationary
(visible), e posed or covered The number of such states is finite and depends on the cardi-
nality of the set The motion discontinuity field is defined over a union of t o orthogonal
cosets that define positions of hori ontal and vertical line elements 17 A hori ontal line
element ( ) is defined bet een vertically ad acent pi els at () and ( ), hile a
vertical line element is defined bet een hori ontally ad acent pi els

e e tend the algorithm described in Section 3 by searching for the most probable triplet

( ) given observations Assuming that occlusion field  and line field are samples
from scalar random fields and , respectively, MAP estimation (3) is no e pressed as
follo s
( ) arg ma )
arg ma ) ) (16)

here the second is no a mi ed density probability mass function In the follo ing
sections, models that allo to specify both Gibbs distributions above are described their
energy functions Note that the distribution ( )is no described
ointly by motion, occlusion and motion discontinuity models

In Section 3 2 a globally-smooth motion tra ectory model as proposed e e tend this
model to a piece ise-smooth model by ta ing e plicitly into account motion discontinuities
17 An alternative ould be to consider implicit motion discontinuities derived, for e ample,
from a segmentation map 23

The ne model can be described by the follo ing energy function

() ( ) )L ) (17)

This energy captures the desired smoothness property of a motion field only in the absence
of motion discontinuities Hence, a ump in motion parameters is not penali ed if a motion



discontinuity had been detected Dependence on occlusion field  is not necessary since the
information about occlusion state transition is assumed to have been passed by a motion
discontinuity (Section 4 4)

In Section 3 3 it as assumed that a tra ectory through () e tends over the hole time
interval defined by  ( igure 2) Ho ever, this is only true if the pi el from () is visible
over all  fields defined by To rela this condition, at each position () e define a
subset of  as follo s

()

is called the 11 and contains time instants from  at hich pi el from
position  at time is visible This set can be directly derived from the occlusion state
() as illustrated in Table 4 for 3- and -image estimation Note that only the most
li ely combinations are ta en into account for for e ample pi els brie y appearing or
disappearing are not considered

Since not all pi els visible at time are visible for all , e need to modify our
structural model by ta ing occlusions into account The visibility set lets us incorporate

occlusion information into the structural term (11) as follo s

C ) ( ) ()7 (18)

here

( ) (1)

Note that no the variation of intensity along a tra ectory is evaluated only for time instants
at  hich the considered pi el is visible The dependence of  ( ) on the line field
has been omitted since the information about motion discontinuities is conveyed by motion
tra ectories themselves

An occlusion model that does not require a separate random field but infers occlusion states
from segmentation and motion estimates under an ordering constraint as proposed in 23

In , an e plicit field as used to model occlusions for the case of estimation from 3
images ( 101 ) eadopt asimilar approach here for the case of estimation from

10



images ( 2 1012) The mostli ely occlusion states for both cases are sho n
in Table 4

e model the field of occlusions by a discrete-valued scalar MR ith energy function

C ) CC ) cC ) ) (20)

here and are potential functions associated ith single- and t o-element cliques from
the first-order neighbourhood system It is e pected that a typical occlusion field consists
mostly of patches of pi els labeled as visible, and some smaller clusters of pi els labeled as
covered or e posed Therefore, the potential function provides a penalty associated ith
the introduction of a state di erent than , hereas the potential function favours the
creation of continuous occlusion regions near motion discontinuities only To achieve this
goal, the dependence of on the line field is used  or instance, henever ( ) and
( ) have the same occlusion state, is set to 0 (high probability) if the t o positions
are not separated by a motion discontinuity (ie, ( ) 0) and to a high value (lo
probability) if they are separated by a motion discontinuity (ie, ( ) 1)
Costs associated ith all possible configurations of single- and t o-element cliques in a
-state occlusion field are sho n in igure 6 These costs have been chosen e perimentally,
and therefore are not optimal  asically, the costs associated ith 2-element cliques are
chosen in a ay to discourage the occurrence of incompatible combinations of neighbouring
occlusion tags (e g, and ), and to favour the creation of clusters of occluded pi els near

motion discontinuities

ollo ing the approach proposed in 17, e model the motion discontinuity field by a binary
MR  ith the follo ing energy function

C ) (( ) ( ) C ) C ) @)

here denotes a single-element clique (bet een t o pi el sites), and  and  are
square- and cross-shaped four-element cliques, respectively  ( ) indicates pres-
ence ( 1) or absence ( 0) of a hori ontal or vertical intensity edge in image mid ay
bet een pi elsat  and A line element is said to be turned on if ( ) lyie,a
motion discontinuity is present mid ay bet een  and other ise, ( ) 0,
and are potential functions associated ith corresponding cliques 11

It is assumed that, in general, the introduction of a motion discontinuity coincides ith
an intensity edge This is enforced by the potential function hich uses single-element
cliques to associate a high penalty henever a motion discontinuity does not match an

11



intensity edge 1  Therefore, can be formulated as follo s:

() 10 (11 )

Hence, the introduction of a motion discontinuity (1) is penali ed by 11 in the absence of
an intensity edge ( 0) and by 1 if such edge is present ( 1) This latter value assures
a penalty associated ith the introduction of a line element since other ise such elements
could be introduced bet een all pairs of sites to bring the energy (17) to ero The field of
intensity edges  at time is calculated by the application of Canny s edge detector
3 to image

The control over straight lines, corners and intersections is achieved by the penalty func-
tions and using four-element cliques , in particular, discourages formation of
double lines and also inhibits the generation of isolated tra ectories hile  discourages the
creation of unended and intersecting segments igure 7 sho s the proposed costs (inspired
by ) associated ith di erent configurations of both clique types

]

Combining the energy functions (17), (20) and (21) suitable eights e can describe the
prior distribution ( ) in (16) Consequently, by combining the t o
Gibbs distributions in (16) e arrive at the follo ing optimi ation problem

( ) min ) (22)
here ( ) is the ne  multiple-term ob ective function e pressed as follo s:

( ) ) () () C ) (23)

The minimi ation problem in (22) is performed in an interleaved fashion, i e , hile one
field is being updated, the others are ept constant Hence, at iteration ., the three fields are
updated consecutively by performing one iteration of their respective minimi ation problems

arg min ) ( ) ith 1 (24)
1
arg min. () C ) () ith o (2)
1
arg min ) ( ) ith 1 (26)
nce each field has been updated, the process is repeated until convergence of  ( )
ptimi ation (24) of the motion field  is carried out using the deterministic rela ation

algorithm discussed in Section 34 ith the modifications described in Appendi A2 n
the other hand, optimi ation of the line and occlusion fields is carried out by solving the
minimi ation problems in (2 ) and (26) using 2

12



or the sa e of compactness from no on e ill denote by  the algorithm described in
Section 3,1 e, ithout the processing of occlusion areas and motion discontinuities, hereas
e ill use for the e tended algorithm described in this section
Again, to evaluate the accuracy of estimates e have generated a progressive test image
ith synthetic motion The test image 3, sho nin igure 8(a), di ers from test images 1 and
2 by the fact that it contains more detail, thus ma ing motion estimation more challenging
igure 8(b) sho s corresponding intensity edges computed using Canny s edge detector 3

]

In the e periments e have used ( ) (407 ), 2 101 2,4 resolu-
tion levels and the same  as before In Table , MSE for t o synthetic motion parameters
is sho n It is clear from this table that algorithm  outperforms algorithm by a large
margin An e ample of velocity and acceleration estimates for algorithm  is sho nin ig-
ure  The corresponding estimates for algorithm  together ith estimated occlusion and
motion discontinuity fields are sho nin igure 10 Note that around the rectangle boundary
the estimates obtained by algorithm  are more accurate than those obtained by algorithm

This is due to motion discontinuities that are helpful in disabling motion smoothness
at the rectangle border This corresponds better to the underlying motion and leads to a
substantial decrease in the of the estimates in the overall estimation area and in
the moving rectangle area 1 Also, note that the detected occlusions ( igure 10(c)) are
consistent ith the hori ontal motion (from left to right) of the rectangle moving at a con-
stant velocity of 2 pi els per field The dar area represents the region that is going to be
covered ithin the ne t 2 time intervals hereas the bright area represents the region that
has been e posed ithin the previous 2 time intervals

[ ]
]
]

To verify the impact of the set  on occlusion discontinuity estimation, igure 11 sho s
and for 101 ( 3)obtained by the algorithm originally developed in A
comparison ith the case of ( igure 10) sho s that processing over e tended temporal
support helps in a reliable identification of occluded regions and of motion discontinuities
or more results the reader is referred to

]

13



In the previous t o sections e have developed a theoretical frame or for the estimation
of general non-linear motion tra ectories from time-varying images e have sho n that the
approach leads to precise velocity and acceleration estimates hen applied to images ith
synthetic motion In this section, e study the performance of the proposed algorithm on
images ith natural motion in the conte t of motion-compensated temporal interpolation
To achieve additional data compression, some video coding schemes employ temporal
subsampling of image sequences or e ample, in very lo bit rate video coding the orig-
inal QCI sequences at temporal frequency of 30H are often temporally subsampled by
3-4 to achieve 7 -10H  Such sequences are then encoded and transmitted at a reduced
temporal rate In the receiver they are decoded and up-converted (to reconstruct omitted
images) by means of motion-compensated temporal interpolation An e ample diagram of
such a system based on the transmission of motion parameters ointly ith temporally sub-
sampled intensities is sho n in igure 12 In the follo ing, e study e perimentally the
motion-compensated interpolation bloc  hose function is sho n schematically under the
diagram An alternative approach is to estimate motion parameters at the receiver instead
of transmitting them Ho ever, the estimation frame or developed in Sections 3 and 4 is

]

e define another set that contains time instants of images available at the receiver and

applicable to both approaches

used to reconstruct the omitted images:

is used in motion-compensated interpolation at time

Typically , 1e, a subset of images used in motion estimation is transmitted e
define another set images at are dropped In the receiver, based on the
transmitted motion parameters ( ) and images ( ), the missing images

are reconstructed as follo s:

( ) ( ) 4 () 1 (27)

here is an integer (images are assumed to be spaced by 1 in time) and the eights must

be such that 1 The eights as ellasthesets and  for the case of 4:1
subsampling are sho n in Table 6 The set denotes time instants of those transmitted
images in  hich pi el from ( ) is visible This introduces occlusion information into

the temporal interpolation but requires renormali ation of coe cients for each

[ ]

Since for each e no theoriginal image , e can calculate the reconstruction

14



error

that e 1ll use to evaluate the quality of motion estimates Note that in order that

be small, the tra ectories described by must be close to the true motion tra ectories
in the image To describe quantitatively the quality of reconstruction, e measure the
reconstruction error in terms of the pea signal to noise ratio (PSNR)

e have tested the interpolation scheme described above on t o sequences The interlaced
sequence (test image 4) sho n in igure 13(a) contains comple motion, primarily of the
hand and of the arm The progressive sequence (test image ) sho n in igure 13(b) is
e tracted from a typical video conference material at CI resolution ( Miss America )

]

e have applied algorithm  to 33 fields of test image 4 ith 40, and the sets
and  defined as in Table 6 As the reference, e have used estimation based on the linear
motion model (equation (2)) for t o di erent values of In the first case, e have used

ith thesets and for 1 4 ;2 4 and3 4 ( integer)sho nin Table 6 This
corresponds to linear motion tra ectories over images In the second case, e have used
2 for hich the sets and  are identical (Table 6) This corresponds to the estimation
of linear motion from t o transmitted images, a special case being bloc matching here all
displacements in a bloc are identical Since bloc matching is al ays outperformed ( ith
respect to reconstruction or prediction error no rate consideration) by pi el-based methods,
it is not accounted for in the subsequent comparison
The PSNR curves for all processed fields are plotted in igure 14, hile the average
PSNRs are given in Table 7 The use of the quadratic tra ectory model resulted in an
average gain of 1 8 d  ith respect to the linear model ith ,and 3 27d  ith respect
to the linear model ith 2 These gains are due to better trac ing of the real motion
tra ectories that causes the structural term  in (11) to decrease substantially

]
L

The error images for the linear and quadratic tra ectory models ith at field 10
are sho nin igurel  hilethe corresponding velocity and acceleration estimates are sho n
in igure 16 ield 10  as chosen due to a significant acceleration present in this part of
the sequence, although it falls outside of the range used in igure 14 It is evident that in
the case of the linear tra ectory model the errors are more concentrated in the regions that
undergo acceleration (i e , hand, arm and head) This e plains the degradation in the PSNR



for the reconstructed fields hen linear tra ectory model is used

e have applied the same algorithm over 33 fields of the test image  The PSNR curves
for all processed fields are plotted in igure 17, hile the average PSNRs are given in Table 7
Again, the use of the quadratic tra ectory model resulted in a substantial gain: 43 d over
the linear model ith ,and 72 d over the linear model ith 2 Higher gains for
test image are perhaps due to motion that is closer to the quadratic tra ectory model than
to the linear model in general the movements of the mouth and eyes of a spea er e hibit

substantial acceleration

The reconstructed and error images for the linear and quadratic tra ectory models ith

at field 22 are sho nin igure 18 The estimated velocity and acceleration fields are

sho nin igure 1 Note that most of the velocity and acceleration vectors can be seen in
the mouth area Throughout the sequence significant motion parameters are concentrated
around the mouth and eyes, closely re ecting their opening and closure These are the
regions here interpolation errors are the largest if acceleration is not considered This is
evident in the interpolated images ( igure 18) the mouth in igure 18(a) is less open than
in igure 18(b) producing a large reconstruction error Additional results can be found in

6

]
]

e have applied algorithm  to test images 4 and  ith ( ) (40 1 2) but only for
the specific case of 2 4 from Table 6, i e , mid ay bet een transmitted images e did
not study the other cases, ho ever this could be done by defining ne occlusion states for
non-symmetrical sets  (Table 4)

Since test image 4 e hibits stronger acceleration to ards the end of the sequence, e have
applied both algorithms every 4 fields (from field 2 to 110) ith the coe cients and
the sets ,  defined for 2 4 (Table6) igure 20 sho s the PSNR of 28 reconstructed
fields obtained using both algorithms  n average algorithm  has improved the PSNR by
127d % In igure 21 error images for linear tra ectory model ( ) and for algorithms
and ,as ell as occlusion field for algorithm  are sho n at field 30 Note a significant
reduction of the reconstruction error due to the use of the quadratic tra ectory model (a-b)

2
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follo ed by further reduction due to the occlusion estimation (b-c) The reconstruction error
in the area of the fist that is going to be covered over ne t fe frames is remar ably reduced

L

L
Similar e periments have been repeated for test image The same range of images
has been used as in igure 17, ho ever , and only for 2 4 (Table 6) have been
applied to all images The resulting PSNR curves are sho n in igure 22 ith an average
increase of 230d in the PSNR for algorithm ith respect to The error images and
the occlusion field are sho n in igure 23 Note that most of the occluded regions are
concentrated in the area of the eyes and the mouth Again, the processing of occlusions and

motion discontinuities has further reduced the already small interpolation error obtained for
the quadratic motion tra ectory model (algorithm ) or more e perimental results see 6

]
]

e have presented a frame or for the modeling and estimation of dense motion tra ecto-
ries ith acceleration Using Mar ov random fields e have developed models for motion-
compensated intensities, motion parameters, occlusions and motion discontinuities, and e
have lin ed them using the MAP criterion To minimi e the resulting energy function e
have used multiresolution deterministicrela ation e have demonstrated good performance
of the proposed algorithm on images ith synthetic motion To assure practical importance
of the algorithm, e have applied it to videoconferencing images in the conte t of motion-
compensated temporal interpolation Such interpolation is often used to achieve high com-
pression ratios, e g , in coding for videoconferencing or videophony E perimental results
have sho n a 2-4d gain in PSNR of the reconstruction error in favour of the quadratic
model over the linear model, both ith -image temporal support, and a 3-6d gain over
the linear model ith 2-image support The e tended algorithm, incorporating occlusions
and motion discontinuities, has further improved the PSNR by 1-2d ~ The improvement as
particularly visible in rapidly moving regions such as the mouth, eyes or hands, hich often
undergo acceleration and also amplify the occlusion e ects

This or has concentrated on the estimation of motion tra ectories in the transmitter
using all available images This requires e cient transmission of both velocity and accelera-
tion fields T o interesting e amples of a compact representation of displacement fields are:
2-D CE P coding 1 and polynomial appro imation 22 Nevertheless, further research in
this direction is needed It remains an open question ho the method proposed here ould
perform if applied at the receiver to the decoded images T o issues are important irstly,
the gains due to the estimation of acceleration ill depend on the quality of the decoded

17



images At higher bit rates and good quality of the decoded images, this dependence should
not be strong Ho ever, in very lo bit rate coding, here the reduction in image quality is
substantial, gains demonstrated in this paper ould have to be ree amined Secondly, the
e ective temporal support of the processing ould be much greater than in the case studied
here due to the temporal subsampling prior to transmission Thus, equivalent sets ould
be similar to 10 0 10 Such a large and sparse temporal support may a ect
the performance of motion estimation More or in this direction is needed to ans er the
above as ell as other questions related to the importance of accelerated motion in image
sequence coding and processing As sho n here, acceleration brings appreciable gain in
motion-compensated interpolation and thus should be considered in the ne t generation of
video coding algorithms

elo necessary conditions for optimality of () are derived for algorithms  and

To carry out minimi ation (12), here ( ) is defined in (14), e establish the necessary
conditions for optimality as follo s:

() O 1 (28)
Ta ing the above gradient at each pi el site (), ehave

() () O )’ ( ) )

Note that above e omit the summation over in the first term since the structural energy
for tra ectory through is independent of neighbouring tra ectories The second term,
ho ever,is ith respect to all cliques in the motion field and thus equation (28) becomes

CC) ) ()00« ) ( ) 0 (2)

for all 1 , here s the average parameter vector at
1
() is the first-order neighbourhood of pi el  and () isitssi e Thus, 4
every here e cept at the image boundaries here 3 or 2 (corners)
( )
To minimi e the total energy from equation (23) ith respect to , only the energy
( ) ( ) needs to be considered Note that the ne energies and

18



(formulas (8) and (11)) are only slightly redefined compared to the energies described by
(17) and (18) Thus, equation (2 ) above applies ith minor modifications Summations

ith respect to are no replaced by summations ith respect to and the
sample average is computed as in equation (1 ) Also, due to the introduction of motion
discontinuities the average vector — and  are redefined as follo s 17

Lo L)

Note that at image boundaries ( indo ), line elements are assumed to be on

This research as supported by a grant from the Canadian Institute for Telecommunications
Research under the NCE program of the Government of Canada, and by the Natural Sciences
and Engineering Research Council of Canada under perating Grant GP012161  The
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and for his stimulating comments about its content
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igure 1: Tra ectory ( () () ) of a pro ected scene point in 3-D space

t+1 t+2

igure 2: . ample of a nonlinear tra ectory over fields of an interlaced sequence

(a) (b)

igure 3: ield 2 from: (a) test sequence 1 (interlaced) (b) test sequence 2 (progressive)
Note that in (a) the field is not vertically interpolated and thus the aspect ratio is incorrect
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igure 4: Estimated (dotted) and true (full) tra ectories at () (37 30 2) of test image

1 for the follo ing :(a) 11 (b) 101 (¢) 2 101 (d 1012 (e

2 1012 (f) 2 10123 denotes position at 2 hile  denotes
positions  for tra ectories are plotted over the range 2 3
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igure : Estimated (a) velocity for linear tra ectory model and (b) velocity and (c) accelera-

tion for quadratic model both ith for field 2 of test image 1 and 1 1 0 10
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(b)
igure 6: Costs assigned to: (a) (b) for various configurations (up to rotation
and permutation) of occlusion cliques for 2 1012 (occlusion states: circle

() empty square () empty diamond (1) filled square ( ) filled diamond ( 1), line
element states: empty rectangle ( o ) filled rectangle ( on ))
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(b)
igure T: Costs assigned to: (a) (b)  for various configurations (up to rotation) of line

cliques (filled rectangle: line element on , empty rectangle: line element o , circle: pi el
position)

(a)

igure 8: (a) ield 2 from test sequence 3 (progressive) and (b) corresponding intensity
edges computed using Canny s edge detector



,,,,,,

(a) (b)

igure : Estimated: (a) velocity and (b) acceleration using algorithm  at field 2 of test
image 3 for 20000000

() (d)

igure 10: Estimated: (a) velocity (b) acceleration (c) occlusions and (d) motion dis-
continuities using algorithm ith 2 1012 atfield 2 of test image 3 for
20000000 (grey , dar , very dar 1, bright | very bright 1)



(a) (b)

igure 11: Estimated: (a) occlusions and (b) motion discontinuities using algorithm ith

10 1 atfield 2 of test image 3 for 20000000

TRANSMITTER RECEIVER

] p c p
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N N

9 N 9_

E
L

0 1 2 3 4 0 1 2 3 4 0 1 2 3 4

igure 12: Motion-compensated temporal interpolation for 4:1 subsampling The vertical
dashed and dotted lines denote omitted and reconstructed images, respectively, hereas the

dotted curves denote motion tra ectories under estimation

(a) (b)

igure 13: (a) ield 30 of interlaced test image 4 (224 80 pi els, 120 fields) and (b) field
14 of test image (120 120, 30 images) The field from (a) is vertically interpolated to

maintain proper aspect ratio
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igure 14: PSNR for reconstructed fields from test image 4 using linear (dashed line) and
quadratic (full line) tra ectory models ith and linear model ith 2 (dotted line)

(a) (b)

igure 1 : Reconstruction error for field 10 of test image 4 using: (a) linear model

(PSNR 3768d ) and (b) quadratic model (PSNR 41 80d ), both ith
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igure 16: Estimated (a) velocity for linear model and (b) velocity and (c) acceleration

(scaled by 4) for quadratic model both ith for field 10 of test image 4
42
40(- 1
a8t 1
@361 1
=
[0
&
o 34 ,
30 *\ X/ * 5<\ I3k * (e o: quadratic, N=5 i
!
‘\ // A // x\§,< x: linear, N=5
>\é X *: linear, N=2
30 * % : 4
*
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0 5 10 15 20 25 30 35
FIELD #

igure 17: PSNR for reconstructed fields from test image using linear (dashed line) and
quadratic (full line) tra ectory models ith and linear model ith 2 (dotted line)



(a) (b) (¢) (d)

igure 18: Reconstructed field 22 of test image using: (a) linear model (PSNR 30 d )
(b) quadratic model (PSNR 3 42d ) both ith and respective error images in (c)
and (d)

igure 1 : Estimated (a) velocity (scaled by 2) for linear model and (b) velocity and (c)
acceleration (scaled by 4) for quadratic model both ith for field 22 of test image



o: quadratic, N=5
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FIELD #

igure 20: PSNR for reconstructed fields from test image 4 using algorithm  (full line) and
algorithm  (dashed line)

() (d)

igure 21: Error images at field 30 of test image 4 for (a) linear tra ectory model
(PSNR 3707d ) (b) algorithm  (PSNR 3 64d ) (c) algorithm (PSNR 4182d )
and (d) occlusion field
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igure 22: PSNR for reconstructed fields from test image using algorithm  (full line) and
algorithm  (dashed line)

() (d)

igure 23: Error images at field 14 of test image for (a) linear tra ectory model
(PSNR 30 71d ) (b) algorithm  (PSNR 3728d ) (c) algorithm (PSNR 41 72d )
and (d) occlusion field
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003 1
00 66
0 0814
00 74
004 8
0 0401

00 47
0 0688
01461
0 0484
0 0288
0021

024 6 08382
00102 0 100
0026 0073

00430 00 O
00277 00344
00207 00206

Table 1: MSE of in region

di erent sets

, for field 2 of test image 1 ith

10

00

00

10

0 036
0 0070
0 0026
003
0 0032

0000
00017
00010
0 0070
0 0004

00142
00016
00010
00217
001

0 044
0 0260
0018
00
002

1

1

0

10

01631
004 8

0 1036
0 0288

00 74
00277

00733
0 0344

1

0811
2 2306

0 126
0 324

Table 2: MSE of for field 2 of test image 1 for di erent  lines ith

for estimation disregarding acceleration (linear tra ectory model)

10 20 10 10
0126 0203 01003 00 67
; 00017 0008 00018 0002
17 1 10 1
060 0271 03123 027 2
01067 006 1 00 71 00370

1

Table 3: MSE of

for field 2 of test image 2 for di erent
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() Description
moving stationary 101
101 e posedin (1 ) 01
covered in ( 1) 10
moving stationary 2 101°:
e posedin (1 ) 012
2 1012 1 e posedin( 2 1) 1012
covered in ( 1) 2 10
1 coveredin (1 2) 2 101
Table 4:  cclusion states and visibility sets for 101 and 2
Algorithm
20 00 00 00
0081 00217 0022 00111
00248 00022 00013 00021
1 00266 00238 0027 0014
1 0008 0002 00007 00046
40 40 10 10
0 60 11402 0243 01 73
0616 0882 0126 00 70
1 02330 0211 00 63 00726
1 001 00248 00034 00042
Table : MSE of for field 2 of test image 3 using algorithms  and
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1 4 -1,0,1,2,3 -1,3 -1,3 07,02
2 4 -2,-1,0,1,2 -2,2 -2,2 0 0,0 0
3 4 -3,-2,-1,0,1 -3,1 -3,1 02,07
Table 6: Configurations of the sets and eights for 4:1 subsampling starting at 0
( integer)
Model Test image 4 Test image
quadratic ( ) 41 06 38
linear ( ) 3 17 34 20
linear ( 2) 377 32 87

Table 7: Average PSNR d  evaluated over 24 fields of test sequences ith natural motion
using linear and quadratic tra ectory models
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