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Abstract

This paper addresses various aspects of motion

compensated interframe coding. The image sequence data is

investigated in an attempt to develop a more thorough

analysis of the convergence requirements and the convergence

rate. A new motion prediction technique is presented which

increases the validity of the assumptions made in proving

convergence and which decreases the total prediction error.

Simulation results are presented to indicate the improvement

of the proposed motion prediction scheme and to indicate the

results of the convergence analysis.
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I. Introduction

This paper will focus on the problem of detecting the

motion contained In a sequence of images a major prob-

lem which has not been adequately solved.

In transmitting or storing image sequences, one seeks

to minimize the amount of information that must be

transmitted or stored. One approach is to use previously

transmitted frames to predic~ the state of the current

frame and then transmit only the difference between the

actual frame and the predicted frame. Previous work [1

12] has shown that motion-estimation techniques can be

used to improve these predictions of the intensity values

in the images. In other words, predicting the motion and

accessing the intensity values from the previous frame (or

field) results in a better prediction of the intensity

values than trying to predict the intensity values solely

from previous intensity values.

There have been two approaches to motion estimation:

block-matching and pel-recursion [6,9,10J. In block

matching a block of intensity values in a frame is com

pared with blocks of intensity values in the previous

frame until a best-match is determined. From this an

interfrarne displacement vector (how much the block has

moved between frames) for the whole block can be estimated

for the frame being transmitted. Poor estimations result
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if all pixels in the block do not move the same way.

Using the pel-recursive approach, a displacement is deter

mined for each pel value. This technique allows for a

more exact estimation of the intensity value and has the

ability to handle scale changes (zooming, movement perpen

dicular to the image plane).

In both block-matching and pel-recursion the predic

tion can be backwards or forwards, i.e., the displacement

can be determined from previously transmitted information

only (backwards) or from past values and the current value

(forwards). Forward prediction requires explicit

transmission of information about the displacement value;

backwards does not. The advantage of the forward tech

nique is that a better estimate of the displacement vector

reduces the error in the intensity prediction. However,

the majority of the previous approaches have used back

wards prediction, implying backwards prediction leads to:

1) reduced bit rates, 2) lower computational requirements,

and/or 3) faster prediction/estimation techniques.

Although motion-estimation techniques have existed

for over ten years [13J, they have not exhibited superior

motion (or intensity) prediction characteristics. In the

following sections, a way to improve the motion prediction

and thus the data compression will be developed. It will

be shown that although convergence of the basic algorithm
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has been proven, this proof of convergence and the result

ing algorithms that have been implemented do not coincide.

The major contribution of this work will be twofold: 1)

the image sequence data will be investigated in an attempt

to develop a more thorough analysis of the convergence

requirements and the convergence rate, and 2) a new motion

prediction technique will be presented which will increase

the validity of the assumptions made in proving conver

gence and which will decrease the total prediction error.

The basic algorithm is presented in Section II. In

Section III we present our image sequence model. In Sec

tion IV we derive the constraints on ~, the convergence

coefficient, for convergence of the algorithm at each pel.

In Section V, we present a new initial displacement esti-

mation approach. Simulations verifying the proposed

improvements are in Section VI. Conclusions are drawn and

areas needing further research are noted in Section VII.
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II. The Basic Algorithm

Netravali and Robbins [6] were one of the first to

develop a pel-recursive technique to estimate the dis-

placement for a moving object in a sequence. The develop-

ment here will be very similar to theirs.

The intensity values within a frame are represented

by I(~,t), where ~ is a two-dimensional spatial vector and

t is the frame at time t. When no ambiguity occurs "frame

t " 1S used in lieu of "the frame at time t i ' Although the

I(~,t) function is a sampled discrete-valued function, we

assume that by interpolating we can view ~ and I(~,t) as

continuous.

If an object moves with purely translational motion,

then for some £' where ~ is the two-dimensional spatial

translation displacement vector of the object point during

the time interval [t-"t],

( 1 )

We define a function called the displaced frame

difference:

"'i
DFD(~,~ ) =

( 2 )

where ai is an estimate of the translation vector. The

DFD converges to zero as di
converges to the actual dis-
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placement, ~, of the object point. Thus what we seek is

an iterative algorithm of the form

~i+l ~i

d = d + update-term,

where for each step, the update-term seeks to improve the

estimate of d. Our end goal is minimization of the magni

tude of the prediction error, DFD. If a pel at location

~a is predicted with ai to have intensity I(~_~i,t-T),

~i

resulting in a prediction error of DFD(~,£ ), the predic-

tor should attempt to create a new estimate, ~i+l such

To apply minization

techniques, a function is needed which is minimized when

the DFD is equal to zero. This can be accomplished by

The most common approach is a

steepest descent or gradient method. Although other tech-

niques may have a faster rate of convergence, they require

more computation and are more likely to diverge [14].

The resulting iterative equation is:

( 4 )

where V
d

is the two-dimensional gradient operator with

Ai
respect to displacement £ and! is a positive scalar con-

stant called the convergence coefficient or coefficient on

the update term. This can be seen to simplify to
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We can evaluate v
d

by using the definition of DFD

eq. (2) and noting that

( 5 )

in

( 6 )

where v~ is the two-dimensional spatial gradient operator
~

with respect to z.

This gives us

"'i+l
d

( 7 )

Note that for nonintegral ~i, DFD and VzI can be

obtained by interpolation.
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III. Image Sequence Model

Two consecutive frames of a sequence we call bobsjob

are shown in figure 1. Each frame is 282 lines by 448

pels/line. Four blocks of data taken from moving edges in

figure la are shown in figure 2. The change in the value

of the spatial gradient as the edges are traversed in

either the x or y direction can readily be seen to vary.

It would be advantageous for the analysis to be done in

Section IV if the edges could be modeled by either a

linear or parabolic function. However an arctan function

appears to be a much better model. In calculating ~zI we

actually calculate the components QxI and VyI. Thus it is

those values we want to model. The intensity function in

one dimension and the derivatives are:

I = (A)arctan(Bx+C)+D

dI _ AS

dx - 1+(Bx+C)2

d 2 r -2AB 2(Bx+C)
-2 = 22
dx [l+(Bx+C) ]

d
3 r = -2AB 3 1-3(BX+C)2

dx 3 [1+(Bx+C)21 3

The x for which Bx+C=O is the center of the edge.

Table I shows the values of the derivatives and the ratio

of derivatives for various values of u, where u=Bx+C is a

measure of how far we are from the center of the edge.

Note that the magnitudes of the higher order derivatives
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decrease faster than dI/dX as lui increases for B~l. How

ever, the magnitudes of the higher order derivatives are

significant for values of u close to zero.



bobsjob, frame 20

Figure la

Figure la
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>

ill ~

bobs job, frame 21

Figure Ib
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(170,230) - (185,245) (coat/shirt edge 0 .. rt. chest) first field [ 185,215 J - (200,230) (right thumb) first field61 59 60 64 68 72 82 117 185 247 255 255 255 255 251 210 64 64 64 63 63 62 63 64 64 63 62 62 61 61 62 61
60 59 60 60 63 72 79 107 172 236 255 255 255 255 255 245 63 63 63 60 62 64 64 68 72 76 81 77 70 67 63 61
60 60 61 61 61 68 75 96 155 226 255 255 255 255 255 255 63 63 61 63 66 73 83 96 111 122 132 133 126 116 96 74
59 59 61 63 62 65 72 88 140 214 255 255 255 255 255 255 64 64 65 70 83 96 111 123 133 139 140 144 142 134 121 103
58 63 61 60 61 64 70 81 124 199 251 255 255 255 255 255 65 69 83 92 106 120 127 136 136 138 139 136 134 124 112 10161 60 61 59 61 64 68 77 113 187 247 255 255 255 255 255 76 88 100 114 125 129 133 133 132 132 130 125 117 lOa 95 86
60 60 60 60 61 61 66 77 107 173 241 255 255 255 255 245 86 103 116 124 133 135 133 132 129 121 119 113 102 94 83 78
60 62 63 59 61 62 63 72 97 159 230 255 255 255 255 239 89 101 110 120 127 128 129 125 123 120 107 101 93 80 76 72

1110.230) - (185.245] (coat/shirt edge on rt. chest) second field (185,215 ) - (200.230J (right thumb) second field
62 61 61 62 65 72 78 99 157 226 255 255 255 255 255 238 69 68 66 67 64 64 66 63 63 64 63 63 62 61 61 62
62 61 59 61 62 67 15 89 140 213 255 255 255 255 255 255 66 67 64 62 63 62 63 63 61 64 66 66 67 66 64 63
62 59 60 62 61 66 72 84 126 201 252 255 255 255 255 255 66 64 64 61 62 63 61 64 67 75 87 98 107 111 110 100
62 60 60 62 61 64 72 80 112 186 246 255 255 255 255 255 64 63 62 60 63 65 70 77 88 104 117 128 136 139 140 138
59 62 61 61 62 63 65 76 105 170 238 255 255 255 255 255 64 62 62 64 69 76 89 102 112 122 131 135 138 139 137 133
61 60 59 62 62 63 66 74 98 158 233 255 255 255 255 255 61 62 67 73 86 100 113 121 125 130 132 133 133 131 126 118
60 59 62 62 60 62 66 72 91 147 220 255 255 255 255 252 63 66 72 88 104 115 126 129 130 131 129 127 121 120 112 102
61 60 62 61 58 60 64 69 86 133 206 254 255 255 255 244 66 70 77 92 102 112 121 126 130 127 124 122 115 108 98 90

[218.138 ] - ( 233 . 153] (coat/shirt sleeve. r t . wrist) first field l210.400) - l225.415l (left elbow/bkg edge) first field
50 49 50 50 53 50 48 51 48 49 48 45 50 49 46 47 53 54 54 56 63 75 108 136 143 144 143 144 142 143 146 145
52 50 50 51 51 52 52 50 51 49 50 53 50 50 52 50 52 51 52 55 53 54 61 79 113 135 142 143 139 146 145 144
51 49 50 52 50 52 51 51 52 51 52 52 52 52 55 61 54 53 53 55 53 54 55 55 60 87 124 138 142 145 144 147
49 50 49 50 52 50 51 51 52 53 53 57 63 74 98 124 53 53 51 51 53 52 53 53 54 58 73 109 136 140 141 144
50 50 49 51 52 51 52 52 51 63 83 112 136 157 172 180 52 53 53 51 50 52 50 51 54 53 54 66 97 130 140 140
49 51 51 50 52 52 56 66 85 118 148 167 180 190 199 201 51 52 54 54 51 52 50 49 51 50 51 54 61 84 121 142
50 50 50 52 53 58 75 107 137 156 166 172 176 184 197 203 49 48 50 51 52 53 50 49 50 48 47 50 53 60 81 120
51 52 52 54 63 85 115 141 159 166 168 170 171 174 177 183 50 48 48 49 49 50 50 50 49 47 49 46 44 52 59 81

(218.138] - [233.153] (coat/shirt sleeve, r t . wrist) second field [210.400) - (225,415) (left elbow/bkg edge) second field
52 53 51 54 53 51 53 50 50 51 50 52 51 48 51 52 52 52 55 54 55 60 70 98 131 143 143 142 142 144 146 145
51 51 51 51 53 54 51 52 52 51 52 52 55 55 60 72 52 52 53 53 53 54 57 59 74 107 134 143 144 145 146 145
52 51 49 51 51 50 53 54 52 56 58 62 76 98 129 155 54 53 54 55 55 54 53 55 56 61 88 124 141 141 144 145
50 50 50 52 53 52 53 58 64 84 113 138 159 172 180 186 56 53 53 51 49 54 53 53 54 54 58 74 110 137 139 143
49 51 51 52 52 56 68 91 125 153 174 187 194 199 200 200 52 53 54 53 54 51 50 53 51 51 52 55 65 96 130 141
49 51 51 54 62 84 119 147 161 167 175 183 192 201 201 201 50 49 52 53 52 52 51 50 50 49 50 52 55 63 88 126
52 51 56 66 93 124 148 163 167 168 171 173 175 180 189 191 51 49 49 49 51 52 51 50 50 49 47 47 49 55 61 86
54 60 77 109 136 153 166 169 171 172 172 172 111 171 176 180 51 49 50 50 49 51 51 51 49 49 47 47 46 46 53 60

Figure 2
~

0
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dI d 2-r d 3 r d2VdI d
3YdI

u dx
dx

2
dx

3 dx2 dx dx dx

-4 0.06AB O.03AB 2 O.02AB 3 0.478 0.33B 2

-3 O.lOAB 0.06AB2 O.OSAB 3 0.60B 0.52B 2

-2 0.20AB 0.16AB 2 0.18AB 3 0.80B 0.88B 2

-1 0.50AB O.50AB 2 0.50AB3 1.00B 1.00B2

-0.50 0.80AB O.64AB2 -0.26AB 3 0.80B -0.338 2

-0.33 0.90AB 0.54AB 2 -0.97AB 3 0.60B -1.08B2

-0.25 0.94AB 0.44AB 2 -1.35AB3 0.47B -1.44B2

0 l.OOAB 0 -2.00AB 3 0 -2.00B 2

0.25 0.94AB -O.44AS 2 -1.35AB 3 -0.478 -1.44B2

0.33 0.90AB -O.S4AB 2 -0.97AB3 -0.60B -1.08B2

0.50 O.SOAB -O.64AB 2 -0.26AB 3 -0.80B -0.33B 2

1 O.50AB -O.SOAB 2 0.50AB 3 -1.00B 1.00B2

2 O.20AB -0.16AB 2 O.l8AS 3 -0.80B 0.88B 2

3 O.lOAS -O.06AB 2 0.05AB 3 -0.60B 0.52B 2

4 0.06AB -0.03AB2 0.02AB 3 -0.47B 0.33B2
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IV. Convergence Analysis

Two of the important issues of this type of algorithm

are to guarantee convergence and to determine the rate of

convergence. Almost all previously presented pel-

recursive techniques have used only one iteration per pel

and assumed convergence over time [6-8,10-12]. We are

interested in convergence at each pel for which the IDFDI

> T. In other words, we want the algorithm to converge ~o

the correct displacement at every moving pel, not just

within the moving area.

We can prove that the gradient algorithm (eq. (7))

which attempts to minimize the DFD converges, under cer-

tain conditions, to the true displacement. The first

requirement is that the area between and

DFD(~a'~) must be a concave surface, a minimum point of

which is DFD(z ,d ).
-a - (dO is the initial estimate of the

displacement and ~ is the actual displacement.) The proof

procedure used is similar to one in [6]. The assumptions

are that the motion is purely translational and that the

uncovered background is, neglected. Substitute equation

(2) into (7) and obtain

Substituting from (1) for I(z ,t),
-a
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Expanding the term in braces using a Taylor series

expansion, we obtain

(9a)
~i T 2 ~i ~i

~(~ -~) qzI(~a-~ ,t-T)(~ -~} +

O(~i_~)3,

2
where qzI() is the 2x2 matrix of the second partial

derivatives of I() and O(d i-d)3 represents the higher

A·

order terms in (d1-d).

~i 3
The O(d -d) terms cannot be expressed in matrix

notation; an open form must be used. Let

(9b)

'l I ( )
z

and

( o1
I-I

= iax}I().
a

I ayl
l J

The Taylor series expansion of the difference in the two

intensity values can now be rewritten as
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"i
I(z -d,t-T) - I(z -d ,t-T) =-a - -a -

( 10)

i
where ~d is the error in the x displacement estimate atx

the ith iteration,
1

where ildy is the error in the y dis-

placement estimate at the ith iteration, and the quantity

in braces is an operator on the intensity function.

The number of terms in the Taylor series that are

required to obtain a good estimate of the difference in

the two intensity values is dependent on two factors: 1)

the error in the displacement estimation, and 2) the mag-

nitude of the higher order derivatives of the intensity

function. There is no reason to assume that a sufficient

estimate is always obtained by retaining only the first

term of the Taylor series expansion.

Substituting (10) into (9),

"i+ld

where we choose to use mixed notation for compactness.

After some intermediate algebra and regrouping of factors,

we obtain
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( 12 )

For example, the first two terms of fare:

j=l: f = {-z.
-1 ax

a
= [u x

j=2:

or

(12b)

. 2 . 2 . I
~dl~+~dlU}

xayax Yay2 I (z -di,t-T)
-a -

~i T 2 ~i

= ~(d -d) v I(z -d ,t-T)- - z -a-

Subtracting d from both sides of (12), we get

where J is the appropriate size identity matrix.

This equation is of the form ei+l = Aiei where e is

the 2xl error vector which we desire to reduce as i~m and



A is a 2x2 matrix. This can be rewritten

16

as

k
ek = ( 11 Ai) eo ·

i=O
I f we can show that the I I ek I I tends to

k
zero as k~~, we have proved convergence. Assume B = n A·

.0 1
1=

as k~~. Be = 0 if e ~N(B), the null space of B. Alter-
o 0

natively we can say that Be = 0 if the spectral radius of
o

B is less than 1. Unfortunately neither of these is

necessarily the case.

Closer inspection of the matrix we have called A will

reveal it can be rewritten as [J-~C], where C is rank

deficient, independent of the number of terms retained in

the Taylor series expansion. Thus the spectral radius of

A is ~ 1 depending on~. If the spectral radius of A is

1, the algorithm could converge.

Investigation of stochastic gradient algorithms shows

that convergence properties are frequently determined by

analyzing the behavior of the ensemble average [15-18].

Taking the expected value of both sides, assuming the two

factors on the right-hand side are uncorrelated, and

applying Schwartz inequality,

whe r e the

expected

overbar

value of

denotes

2., and

expected value, ~d is the

~~ is the expected value of d.
d
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This can be rewritten as

( 16 )

where A is the maximum eigenvalue of the positive sem-max
idefinite symmetric matrix

v I(z -di,t-T)f
z -a - -

For convergence of the algorithm, we need

which is equivalent to

Il-~Amaxl < 1, ( 17)

2
A

max
> t: > 0 (18)

Note that since we only have two eigenvalues and the

sum of the eigenvalues of any matrix equals the trace,

Ama x is upper bounded by the trace and lower bounded by

one half of the trace. Thus for convergence the following

condition is sufficient:

( 19 )

If f ~f (this assumption is most valid at the edges
-1 -

of an edge), then eq. (19) can be rewritten as

where M iterations are performed at each pel in the moving



18

area. Note that M can vary from pel to pel. v r and v Ix y

are the orthogonal components of v I, i.e., the gradient
z

vector elements. The vr 2 notation indicates the square of

the real-valued gradient component. Note the difference

in vr 2 in eq. (20) and '1 2 r in eq. (9a) and (12b).

Netravali and Robbins [6] derived an equation very

similar to eq. (20) for a slightly altered problem. Their

proof assumed convergence over time, i.e. within the mov-

ing area, with only one iteration per pel, whereas we are

seeking convergence at each and every pel in the moving

area. They made no attempt to verify that the € they used

(.0625) met their required condition. The major conflict

between analytical requirements and real-time implementa-

tion is that making ~ small enough to insure convergence

forces the convergence rate to be slow. In Section VI we

will show that for our sequences, ~ should be somewhere in

the neighborhood of .0040 for low interframe motion and

.0200 for high interframe motion.
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v. Initial Displacement Estimate

There have been two predominant methods of initial

displacement estimation: spatial and temporal. Most

researchers have used a spatially adjacent displacement

vector as an initial estimate [6-8,11,12,19]. Others,

mostly from Bell Northern Research [1,10], proposed

predicting the displacement along the temporal axis. We

propose a third approach: project the motion estimation

forward along the motion trajectory. This would have four

advantages and require a minimal increase in computation

and memory over the temporal projection procedure. First

let us note the problems with the present schemes.

By always using a spatially adjacent displacement

vector as an initial estimate for the displacement vector

under consideration, an implicit assumption is being made

that the displacement vectors always have a high spatial

correlation. This is not what the original assumed model

implies. The original model assumed that an object is

moving over a fixed stationary background. Although the

displacement vectors are highly correlated within the mov-

ing object and in the stationary background, at the edges

of that moving object the displacement vectors are very

uncorrelated. It has been shown that the edges of an

object may be what contribute most to the estimation of

the displacement vectors [20]. Let us look at a one-
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dimensional example.

In figure 3 an edge has moved three units to the left

between frames. As we scan left to right, we first

encounter a nonzero DFD at point x .
a

However aO=O and the

incorrect displacement estimate cannot be corrected since

v II =0. It is not until we reach point x
b

that we can
x t-T

correct the motion estimation (i.e., v I becomes nonzero).
x

In other words no matter how many times we iterate at x ,
a

the correct displacement value cannot be found for

I(x ,t). If the correct d has not been determined by the
a

time we reach x
d

in the scan line, it will not be

corrected further until the spatial gradient becomes

nonzero again, which may not occur until much later in the

scan line.

Dubois et al [1,10J suggested using the temporally

adjacent displacement vector as an initial estimate. By

projecting the displacement vector estimates over time

rather than space, the displacement estimates at the edges

can exhibit a sharp discontinuity and this discontinuity

can be sharpened over time. However, this approach does

not fully solve the problem. It assumes that the location

of the moving objects remain the same frame-to-frame. A

better approach would be to assume the motion remained the

same. Instead of projecting the motion estimations for-

ward parallel to the temporal axis, project them forward
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along the motion trajectory.

As one example, look again at figure 3. We have the

same problem as with spatially adjacent estimation: aO=O

at x •
a

There is no way to converge to d at x •
a

The

AO
improvement of temporal prediction occurs at xb where £
is not necessarily zero. This improvement in effect costs

an extra frame buffer to store the aO from frame to frame.

As another example, consider an object moving to the

left in the plane of view with a constant translational

velocity. (See figure 4.) If the displacement vectors are

projected forward parallel to the temporal axis, then

there will be errors associated with both the leading and

the trailing edge. The intensities along the leading edge

(area L in figure 4) will not be predicted correctly since

in the previous frame (at time t-T), nothing was moving in

those pixel locations into which the leading edge has now

moved. The trailing edge (area T in figure 4) on the

other hand has left some pixel locations between time t-T

and t. The intensities at these pixel locations at time t

constitute newly uncovered background. The algorithm will

try to predict the intensities for these pixels from dis

placed intensities in the previous frame. The goodness of

this prediction will depend on the correlation between the

intensity values in the displaced region in the previous
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frame and the intensity values in the newly uncovered

background region in the present frame (at time t).

If the object has a constant velocity frame-to-frame,

projecting the displacement vectors forward in the direc

tion of motion will correctly predict the leading edge

values. Also, those areas of the image which contain

newly uncovered background can be detected easily.

By projecting the motion vectors forward in the

direction of motion, we have solved a problem that has

existed in the implementation of the algorithm. In prov

ing convergence we noted that the uncovered background was

neglected. Yet most algorithms [1,5-8,10,11,19] attempt

to determine the intensity values for the newly uncovered

background at time t using intensities in the frame at

time t-T. The structure of the algorithm is at fault. By

obtaining the initial estimates for the displacement vec

tor from spatially or temporally adjacent pels there is no

way to detect what regions are newly uncovered background.

By predicting the motion vectors forward in the direction

of motion, the uncovered background will have no displace

ment values predicted for it. The uncovered background is

then easily detected, allowing a better predictor to be

used for it and allowing the implementation to be a true

implementation of the algorithm which was proved to con-

verge.
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To reiterate and summarize, by projecting the dis

placement estimates forward along the motion trajectory we

obtain four improvements:

1) With respect to spatial prediction, sharp discon

tinuities can exist at the boundaries between mov

ing objects and the background.

2) With respect to temporal prediction, the actual

displacement of the object point can be found more

often since the motion, not the location, of the

moving area is assumed constant.

3) The number of iterations required for convergence

at other points will be decreased due to a better

initial estimate. Also a smaller displacement

prediction error allows a larger ~ which increases

the convergence rate.

4) A substantial portion of the uncovered background

is detectable and can be segmented out.

Computation requirements increase only slightly

(mostly logical) and the memory requirements are only

slightly greater than with temporal prediction. Either

constant interframe velocity or constant interframe

acceleration can be assumed.
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A quantitative comparison of the three displacement

prediction schemes (spatial, temporal, and "projection-

along-the-motion-trajectory") is difficult. The number of

pels for which the d can be found using "projection

along-the-motion-trajectory", but which cannot be found

using spatial prediction is simply the number of pels in

frame t with IDFDI > T and v I=rOl assuming that thez l OJ ,
motion is constant frarne-to-frame. Using temporal predic-

tion instead of spatial prediction the same holds true

assuming the "correct" d was found for all pels in the

moving area in the previous frame. Note that these

assumptions are rather stringent. The reduction in the

number of iterations required is much more difficult to

ascertain, as is the relative improvement in being able to

identify the uncovered background portion of a frame.
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VI. Simulations

We have obtained a set of image sequences exemplary

of sequences which might be transmitted in a video

teleconferencing environment. The major objective in cap

turing these scenes was to capture a few short sequences

(approximately 5 seconds or 150 frames) which ~ould be the

best representative of the scenes that might be transmit

ted in a video-teleconferencing environment; the major

objective was not to find some sequences which would make

the proposed algorithm look best. The following simula

tion runs were done on one GO-frame sequence (2 seconds)

in which a seated speaker gestures with his arms. The

percent motion in the sequence varied from 2% to 20%.

We have chosen to use a noise reduction pre-filtering

procedure in all our simulations to improve both picture

quality and motion estimation. The procedure is a point

operation followed by a local operation involving 5 pel

values from each of two consecutive frames. In hardware

it could be easily implemented as a pipelined unit preced

ing the prediction circuit. Many other researchers in

simulating their algorithm have utilized a similar type of

pre-filter [6-8,19,21,22].

Since we are only able to obtain an estimate of the

gradient due to sampling and since the noise reduction

scheme does not remove any noise in the moving area, the
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displacement updates need to be clipped to prevent noisy

estimates and unnecessary iterations [6-8,10,11,19,23-25].

Transmission of the sequence was simulated using the

following procedure:

1) Using an initial estimate of the displacement vec-

tor, predict the intensity of the current pel by

obtaining an intensity value from the previous frame

AO
at the offset d from the current pel location z. If

(z-aO) is not an integer multiple of both spatial sam-

pIing intervals, then bilinear interpolation is used

to obtain the predicted intensity value.

2 )
AO

Find DFD(~,~ ) by taking the difference of the

actual current pel value and its predicted value.

3) If IDFD(~,~O) I ~ T, transmit a quantized value of

the DFD to the receiver, preceded by the relative

address from the previous point at which

4) a. If IDFD(~,~O) I < T, set a = aO. (The dis-

placement vector was predicted correctly.)

b. Else if E FD ~ E DFD, set ~ = o.
area area

c. Else use the reconstructed value of the



29

~i-l ~

current pel to find a ~ , until a d is
A

obtained for which IDFD(~,~) I < T or until the

maximum number of allowed iterations is

exceeded.

5) Go to next pel.

The first pair of simulation runs was intended to

show the advantage of projecting the initial displacement

along the motion trajectory. Constant velocity between

frames was assumed. A 35-level symmetric quantizer was

used and the motion-update algorithm allowed to iterate at

most one time. Since the update algorithm was only

allowed to iterate once, the update was clipped at 1/16 of

a sampling interval. This has been shown experimentally

to be the best value for at least one set of sequences

[6-8] and our preliminary experiments indicated it was

nearly optimal for ours.

The two runs vary in only one point: how the initial

estimate of the motion vector is obtained. Run I used the

d of the (x-l,y-l) pel as an initial estimate of the dis-

placement vector. In Run II the initial estimates are

runs.

projected forward along the path of the motion trajectory

from frame to frame.

Figure 5 is a plot of the entropy (bit rate> for both

using Run I as a baseline, Run II shows a 36%
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reduction in maximum bit rate for a frame and a 30% reduc

tion in total bit rate. The maximum bit rate for a frame

has great hardware-implementation implications since it

determines the size of the transmission buffer which is

required to maintain a constant bit rate.

With respect to signal-to-noise ratio (SNR) there was

minimal difference in values between runs (Figure 6). The

SNR for the predicted frame, however, was highly dependent

on frame-to-frame motion. For 2% motion, the SNR for both

runs was on the order of 58-62 dB; for 18% motion, the SNR

for both runs was about 28 dB. For the 60 frames, using

Run I as a baseline, the predicted frames using Run II

were about 0.7 dB better.

The second set of runs was intended to show the

improvement when the displacement estimation algorithm was

allowed to converge at each and every pel. Preliminary

.. d h 2 2 . d bruns using e=.OOlO IndIcate t at VxI + VyI varle etween

1000 for low interframe motion and 200 for high interframe

motion. Substituting these values in eq. (20) indicates E

must be less than .0040 for low interframe motion and less

than .0200 for high interframe motion. Therefore with ~ =

.0010 the displacement estimation algorithm should con-

verge at every pel if it is allowed to iterate long

enough.
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Given the improvement of Run II over Run I, a run

similar to Run II was chosen to be the baseline for the

this pair of runs. Run III is the same as Run II except a

33-1evel quantizer is used. Run IV is the same as Run III

except ~ is reduced from .0625 to .0010 and 30 iterations

were allowed instead of just one.

Figure 7 is a plot of the entropy (bit-rate) for both

runs. From previous simulation runs with the bobsjob

sequence, it was determined that 30 frames (1 sec) were

sufficient to compare the two approaches. Using Run III

as a baseline, Run IV shows a 11% increase in both maximum

bit rate for a frame and in total bit rate for the 30

frame sequence. This increase in bit-rate seems to indi

cate that 30 iterations were insufficient for the algo

rithm to converge when € is reduced to .0010. The differ

ence in SNR between the two runs was again minuscule.
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VII. Conclusions and Further Research

It appears motion correction updates are being

attempted based on noise as well as real motion. This

seems the most plausible explanation for the noisy

predicted images we have seen. There is also a disagree

ment in the theoretical and experimental "optimal" [; 's.

One technique that might reduce the noise and the number

of unnecessary iterations is to clip the maximum update

pel-to-pel instead of (or as well as) at each iteration

[10]. Another technique that could reduce the unnecessary

iterations is a post-processing filter to smooth the dis

placements within the moving areas and within the back

ground. Predicting field-to-field motion instead of

frame-to-frarne motion [6-8,10J also might help.

The improvement obtained by projecting the initial

estimate of the motion vector forward along the motion

trajectory is excellent even when performing only one

iteration per pel.

A potential solution to the inability to correct the

displacement vector could be averaging the spatial gra

dients in the two frames with a 2:1 weighting. (Less

weight is given to the values obtained from the frame

being transmitted since backwards differences must be

used.) At least this would yield a nonzero spatial gra

dient in the correct direction without putting too much
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weight on a noisy estimate. Alternatively one could first

see if the ~ II =0 when IOFol > T and then (and only
z t-T

then) use v II.
z t

We realize the need to verify these preliminary

results with more simulation runs and intend to simulate

the algorithms on at least 2 more two second (60 frame)

sequences.

Two questions remain about the analysis:

1) Can we assume that the mixed partial derivatives

with respect to the intensity function are zero? If

so the analysis of E for convergence is much easier.

k
2) Is our analysis of n A· the best approach? It is

· 0 11=

the approach which has been used when only one itera-

tion is performed at each sample point and conver-

gence over time is sought.
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