
        P1: VTL/ASH P2: VTL

Journal of VLSI Signal Processing KL494-03-Hang October 9, 1997 13:21

Journal of VLSI Signal Processing 17, 113–136 (1997)
c© 1997 Kluwer Academic Publishers. Manufactured in The Netherlands.

Motion Estimation for Video Coding Standards

HSUEH-MING HANG, YUNG-MING CHOU AND SHEU-CHIH CHENG
Department of Electronics Engineering and Microelectronics and Information Systems Research Center,

National Chiao Tung University, 1001 Ta-Hsueh Road Hsinchu 300, Taiwan, R.O.C.

Abstract. Motion-compensated estimation is an effective means in reducing the interframe correlation for image
sequence coding. Therefore, it is adopted by the international video coding standards, ITU H.261, H.263, ISO
MPEG-1 and MPEG-2. This paper provides a comprehensive survey of the motion estimation techniques that are
pertinent to video coding standards.

There are three popular groups of motion estimation methods: i) block matching methods, ii) differential (gradient)
methods, and iii) Fourier methods. However, not all of them are suitable for the block-based motion compensation
structure specified by the aforementioned standards. Our focus in this paper is to review those techniques that
would fit into the standards. In addition to the basic operations of these techniques, issues discussed are their
extensions, their performance limit, their relationships with each other, and the other advantages or disadvantages
of these methods. At the end, an example of evaluating block matching algorithms from a system-level VLSI design
viewpoint is provided.

1. Introduction

Motion-compensated estimation is an effective means
in reducing the interframe correlation for image
sequence coding. Therefore, it is adopted by interna-
tional video coding standards: ITU H.261 [1], H.263
[2], ISO MPEG-1 [3], and ISO MPEG-2 [4]. This pa-
per provides a comprehensive survey of the motion es-
timation techniques that are pertinent to video coding
standards.

It may worth mentioning that although motion esti-
mation is also used in many other disciplines such as
computer vision, target tracking, and industrial mon-
itoring, the techniques developed particularly for im-
age coding are different in some respects. The goal
of image compression is to reduce the total transmis-
sion bit rate for reconstructing images at the receiver.
Hence, the motion information should occupy only a
small amount of the transmission bandwidth additional
to the picture contents information. As long as the mo-
tion parameters we obtain can effectively reduce the
total bit rate, these parameters need not be thetrue

motion parameters. Besides, the reconstructed images
at the receiving end are often distorted. Therefore, if
the reconstructed images are used for estimating mo-
tion information, a rather strong noise component can-
not be ignored.

An interesting point in studying the motion estima-
tion techniques for standards is that the current video
standards specify only the decoders. Assuming motion
displacement information (motion vectors) are gener-
ated by the encoder and transmitted to the decoder,
the decoder only performs the motion compensation
operation—patch the to-be-reconstructed picture using
the known (already decoded) picture(s). The encoder,
which performs the motion estimation operation, is not
explicitly specified in the standards. Hence, it is possi-
ble to use different motion estimation techniques to pro-
duce standards-compatible motion information. At the
decoder, other than the sources of coded pictures that
can be used for motion compensation, essentially the
same block-based motion compensation operation is
used by all the popular video standards, H.261, H.263,
MPEG-1, and MPEG-2. This specific decoder motion
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compensation structure poses certain constraints on the
standard-compatible motion estimators at the encoder;
however, a significant amount of flexibility still exists
in choosing and designing a motion estimation scheme
for a standard coder.

Motion estimation techniques for image coding have
been explored by many researchers over the past
25 years [5–7]. These techniques can be classified,
roughly, into three groups: i) block matching meth-
ods, ii) differential (gradient) methods, and iii) Fourier
methods [8]. However, not all of them are suitable
for the block-based motion compensation structure
adopted by the aforementioned standards. Our focus
in this paper is to review those techniques that would
fit into the standards.

This paper is organized as follows. In Section 2,
we first give a general introduction to the motion es-
timation problem for image sequence coding. Also
included in this section is a brief discussion on the
performance limit of motion compensation in bit rate
reduction. Block matching technique is very popu-
lar and is generally considered robust and effective
for image coding. Section 3 describes the basic block
matching scheme and the fast search algorithms that
reduce computational complexity. Section 4 describes
another popular approach of estimating motion vectors;
it is often called thedifferentialmethod or the spatio-
temporalgradientmethod. Although the original form
of this technique was not invented for block motion
compensation, some of its variations can produce the
motion information format defined by the standards.
The third group of motion estimation methods, the
Fourier method, is described in Section 5. This group of
methods are not as popular as the previous two groups.
But they are block-based and thus can fit into the video
standards easily. This approach can also provide us
insights in understanding the underlying principle of
motion estimation algorithms and can thus be used as
a tool to analyze the limits of motion estimation. Sec-
tion 6 discusses the impact of different block match-
ing algorithms on VLSI design. A fast algorithm that
merely reduces arithmetic operations may not have the
best overall VLSI performance. This paper ends with
a brief conclusion section.

2. Motion Estimation and Compensation

In the rest of this paper we assume that the image se-
quences under consideration contain moving objects
whose shape does not change much, at least over a short

period of time. Motionestimationis the operation that
estimates the motion parameters of moving objects in
an image sequence. Frequently, the motion parameters
we look for are the displacement vectors of moving
pels between two picture frames. On the other hand,
motion compensationis the operation of predicting a
picture, or portion thereof, based on displaced pels of
a previously transmitted frame in an image sequence.

2.1. Motion Estimation

In the physical world, objects are moving in the
4-dimensional (4-D) spatio-temporal domain—three
spatial coordinates and one temporal coordinate. How-
ever, images taken by a single camera are the projec-
tions of these 3-D spatial objects onto the 2-D image
plane as illustrated in Fig. 1. A 3-D pointP(x, y, z)
is thus represented by a 2-D pointP′(X,Y) on the
image plane. Hence, if pels on the image plane (the
outputs from an ordinary camera) are the only data we
can collect, the information we have is a 3-D cube—
two spatial coordinates and one temporal coordinate.
The goal of motion estimation is to extract the mo-
tion information of objects (pels) from this 3-D spatio-
temporal cube. In reality, video taken by an ordinary
camera is first sampled along the temporal axis. Typi-
cally, the temporal sampling rate (frame rate) is 24, 25,
or 29.97 frames (pictures) per second. Spatially, every
frame is sampled vertically into a number of horizon-
tal lines. For example, theactiveportion of an NTSC
TV frame (i.e., the portion containing the image) has
about 483 lines. In the case of the digitized images

Figure 1. Perspective projection geometry of image formulation.
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that are almost exclusively used in this paper, a line is
sampled into a number of pels. According to the CCIR
601 standard, the active portion of an NTSC TV line
consists of 720 pels.

Practically, to reduce computation and storage com-
plexity, motion parameters of objects in a picture are
estimated based on two or three nearby frames. Most
of the motion estimation algorithms assume the fol-
lowing conditions: i) objects are rigid bodies; hence,
object deformation can be neglected for at least a few
nearby frames; ii) objects move only in translational
movement for, at least, a few frames; iii) illumination is
spatially and temporally uniform; hence, the observed
object intensities are unchanged under movement; iv)
occlusion of one object by another and uncovered back-
ground are neglected [6]. Often, practical motion es-
timation algorithms can tolerate a small amount of
inexact matches to these assumptions. Specifically,
several algorithms have been invented that somewhat
relieve some of these conditions.

The motion estimation problem, in fact, consists of
two related sub-problems: i) identify themoving ob-
ject boundaries, so-called motion segmentation, and
ii) estimate the motion parameters of each moving ob-
ject, so-called motion estimation in strict sense. In our
use, amoving objectis a group of contiguous pels that
share the same set of motion parameters. This defini-
tion does not necessarily match the ordinary meaning
of object. For example, in a videophone scene, the still
background may include wall, bookshelf, decorations,
etc. As long as these items are stationary (sharing the
same zero motion vector), they can be considered as a
single object in the context of motion estimation and
compensation.

The smallest object may contain only a single pel.
In the case of pel-recursive estimation (described in
Section 4), it appears that we can calculate the motion
vector for every pel; however, either a minimum set of
2 pels of data or additional constraint(s) has to be used
in the process of estimating the 2-D motion vector. One
difficulty we encounter in using small objects (or evalu-
ation windows) is the ambiguity problem—similar ob-
jects (image patterns) may appear at multiple locations
inside a picture and may lead to incorrect displacement
vectors. Also, statistically, estimates based on a small
set of data are more vulnerable to random noise than
those based on a larger set of data. Alternatively, if a
large number of pels are treated as a single unit for es-
timating their motion parameters, we must first know
precisely the moving object boundaries. Otherwise,

we encounter the accuracy problem—pels inside an
object or evaluation window do not share the same
motion parameters and, therefore, the estimated mo-
tion parameters are not accurate for some or all pels
in it. On the other hand, the criterion of grouping pels
into moving objects, no matter which scheme is in use,
must be consistent with the motion information of ev-
ery pel. Hence, we are running into the chicken and egg
dilemma: accurate motion information for every pel is
necessary for precise moving object segmentation, and
precise object boundaries are necessary for computing
accurate motion parameters.

There exist practical solutions to circumvent the
aforementioned motion segmentation and motion es-
timation dilemma. One solution is partitioning im-
ages into regular, nonoverlapped blocks; assuming that
moving objects can be approximated reasonably well
by regular shaped blocks. Then, a single displace-
ment vector is estimated for the entire image block
under the assumption that all the pels in the block
share the same displacement vector. This assump-
tion may not always be true because an image block
may contain more than one moving object. In image
sequence coding, however, prediction errors due to
imperfect motion compensation are coded and trans-
mitted. Hence, because of its simplicity and small over-
head this block-based motion estimation/compensation
method is widely adopted in real video coding systems.
The other extreme is the pel-based method that treats
every single pel as the basic motion estimation unit.
Its motion vector is computed over a small neighbor-
hood surrounding the evaluated pel. No explicit object
boundaries are assumed in this approach; however, it
suffers from the aforementioned ambiguity problem
and, in addition, because of the small data size it suffers
from the noise problem. Therefore, the block-based
approach is adopted by the video standards partially, at
least, due to its robustness.

2.2. Motion-Compensated Coding and Standards

The explicit use of motion compensation to improve
video compression efficiency can be dated back to the
late 1960s, a patent filed by Haskell and Limb [9] and
a paper by Rocca presented at Picture Coding Sympo-
sium [10], both in the year of 1969. A number of coding
structures using motion-compensated prediction have
since then been proposed [5, 6, 11–14].

Although detailed implementation of motion-comp-
ensated systems varied significantly over the past 25
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Figure 2. A general motion-compensated coding structure.

years, the general concept remains unchanged. Haskell
and Limb stated in [9]:

In an encoding system for use with video signals, the
velocity of a subject between two frames is estimated
and used to predict the location of the subject in
a succeeding frame. Differential encoding between
this prediction and the actual succeeding frame are
used to update the prediction at the receiver. As only
the velocity and the updating difference information
need be transmitted, this provides a reduction in the
communication channel capacity required for video
transmission.

The general structure of a motion-compensated codec
is depicted in Fig. 2.

For the moving areas of an image, there are roughly
three processing stages at the encoder: i) motion pa-
rameter estimation, ii) moving pels prediction (mo-
tion compensation), and iii) prediction-errors/original-
pels compression. Only two stages are needed at the
decoder: i) prediction-errors/original-pels decompres-
sion, and ii) motion compensation. In these processes,
the motion compensators at the encoder and at the de-
coder are similar. They often consist of two operations:
i) access theprevious-frameimage data according
to the estimated displacement vectors, and ii) construct
the predicted pels by passing the previous-frame image
through theprediction filter. The data compression and
decompression processes are inverse operations of each
other. They typically include the following elements:
discrete transform, coefficient selection/quantization,
and variable-word-length coding.

The decoder defined by the video standards is very
similar to the one shown in Fig. 2. Only one motion-

Figure 3. Block motion estimation and compensation.

compensation mode is available in H.261 [1]. It uses
the previously decoded frame to predict the current (to-
be-coded) frame. The current frame is partitioned into
16× 16 blocks. Each block is predicted by a shifted
copy of the previous frame image block as shown in
Fig. 3. There are three motion compensation modes in
MPEG-1 and MPEG-2 [3, 4]. The so-calledB-picture
(or bi-directional picture) in MPEG-1 can use either
the coded picture located before the current picture,
the coded picture located after the current one, or both
of them for prediction. In the case of using “both”
pictures, the prediction of the current image block is
the average of two reference image blocks, one from
the past picture and the other from the future, as illus-
trated by Fig. 4. The same three prediction modes are
also used by MPEG-2. In addition, a picture frame in
MPEG-2 may contain two interleaved fields. There-
fore, an image block may contain lines from either
one field or both fields. To take the advantages of field
and frame temporal correlation, MPEG-2 allows sev-
eral combinations of using either fields or frames in
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Figure 4. MPEG-1 motion compensation modes.

Figure 5. MPEG-1 encoding order.

motion compensation. However, the techniques used
at the encoder to estimate the motion vectors for all the
above cases are similar.

Before describing various motion estimation tech-
niques, one remark we like to add here is the encod-
ing order in MPEG standards. One may wander how
we could access both thepastand thefuture pictures
in MPEG motion compensation. In a typical MPEG
coded sequence, the encoding order looks like the one
shown in Fig. 5. In this particular example, frame 1 is
first coded without motion compensation. Then, frame
4 (not frame 2) is coded using frame 1 as reference.
Afterward, in encoding frames 2 and 3, both frames
1 and 4 can be used as references. This arrangement
has advantages in compression efficiency. Detailed de-
scription can be found in the standards document [3, 4].

3. Block Matching Method

Jain and Jain [15] suggested an interframe coding
structure using the block matching motion estimation
method and proposed a fast search algorithm to reduce

computation. A number of papers have been published
since then improving or extending their method. There
have gone roughly towards two directions. One direc-
tion was to reduce the computational load in calculating
the motion vectors; the other was to increase the motion
vector accuracy. The block matching motion estima-
tion algorithms are used most often in today’s standard
compatible video encoder.

3.1. Basic Concept

Block matching is a correlation technique that searches
for the best match between the current image block and
candidates in a confined area of the previous frame.
Figure 3 illustrates the basic operation of this method.
In a typical use of this method, images are partitioned
into nonoverlapped rectangular blocks. Each block is
viewed as an independent object and it is assumed that
the motion of pels within the same block is uniform.
The block matching method is essentially an object
recognition approach. The displacement (motion) vec-
tor is the by-product when the new location of the ob-
ject (block) is identified. The size of the block affects
the performance of motion estimation. Small block
sizes afford good approximation to the natural object
boundaries; they also provide good approximation to
real motion, which is now approximated by piecewise
translational movement. However, small block sizes
produce a large amount of raw motion information,
which increases the number of transmission bits or the
required data compression complexity to condense this
motion information. From the performance viewpoint,
small blocks also suffer from the object (block) ambi-
guity problem and the random noise problem. Large
blocks, on the other hand, may produce less accurate
motion vectors since a large block may likely contain
pels moving at different speeds and directions. For
typical images used for entertainment and teleconfer-
encing, their picture sizes range from 240 lines by 352
pels to 1080 lines by 1920 pels (HDTV). Block sizes
of 8× 8 or 16× 16 are generally considered adequate
for these applications. The international video trans-
mission standards, H.261, MPEG-1, and MPEG-2, all
adopt the block size of 16× 16.

The basic operation of block matching is picking up a
candidate block and calculating the matching function
(usually a nonnegative function of the intensity differ-
ences) between the candidate and the current block.
This operation is repeated until all the candidates have
run through and then the best matched candidate is
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Figure 6. Search region in block matching.

identified. The location of the best matched candidate
becomes the estimated displacement vector. Several
parameters are involved in the searching process: i)
the number of candidate blocks,search points, ii) the
matching function, and iii) the search order of candi-
dates. All of them could have an impact on the final
result.

We often first decide on the maximum range of mo-
tion vectors. This motion vector range,search range,
is chosen either by experiment or due to hardware con-
straints. Assume that the size of the image block is
N1 × N2 and that the maximum horizontal and ver-
tical displacements are less thandmax x and dmax y,
respectively. For the moment, we consider only
integer-valued motion vectors. Except for the blocks
on the picture boundaries, the size of the search re-
gion SR is(N1 + 2dmax x)(N2 + 2dmax y), and there-
fore, the number of possible search points equals to
(2dmax x + 1)(2dmax y + 1), as shown by Fig. 6. The
exhaustive searchcalculates the matching function of
every candidate in the search region. Its computational
load is thus proportional to the product ofdmax x and
dmax y. When the search range becomes fairly large, in
the cases of large picture sizes or bi-directional coding
(e.g., MPEG), both the computational complexity and
the data input/output bandwidth grow very rapidly.

3.2. Matching Function

It is necessary to choose a proper matching function
in the process of searching for the optimal point. The
selection of the matching function has a direct impact

on the computational complexity and the displacement
vector accuracy. Let(d1, d2) represent a motion vector
candidate inside the search region andf (n1, n2, t) be
the digitized image intensity at the integer-valued 2-D
image coordinate(n1, n2) of the t th frame. Several
popular matching functions that appear frequently in
the literature are as follows.

1. Normalized cross-correlation function (NCF):

NCF(d1, d2)

=
∑∑

f (n1, n2, t) f (n1 − d1, n2 − d2, t − 1)

[∑∑
f 2(n1, n2, t)]

1/2[∑∑
f 2(n1 − d1, n2 − d2, t − 1)]1/2

2. Mean squared error (MSE):

MSE(d1, d2)= 1

N1N2

N1−1∑
n1=0

N2−1∑
n2=0

[ f (n1, n2, t)

− f (n1− d1, n2− d2, t − 1)]2

3. Mean absolute difference (MAD):

MAD(d1, d2)= 1

N1N2

N1−1∑
n1=0

N2−1∑
n2=0

| f (n1, n2, t)

− f (n1− d1, n2− d2, t − 1)|

4. Number of thresholded differences (NTD) [16]:

NTD(d1, d2)=
N1− 1∑
n1=0

N2− 1∑
n2=0

N( f (n1, n2, t),

f (n1− d1, n2− d2, t − 1)),

where

N(α, β) =
{

1 if |α − β| > T0

0 if |α − β| ≤ T0

is the counting function with thresholdT0.

To estimate the motion vector, we normally maxi-
mize the value of NCF or minimize the values of the
other three functions. In detection theory, if the total
noise, a combination of coding error and the other fac-
tors violating our motion assumptions, can be modeled
as white Gaussian, then, NCF is the optimal match-
ing criterion. However, the white Gaussian noise as-
sumption is not completely valid for real images. In
addition, becauseN1N2 multiplications are needed for
every candidate vector, the computational requirement
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of NCF is considered to be enormous. The basic opera-
tion of the other three matching functions is subtraction,
which is usually much easier to implement. Hence,
they are regarded as more practical, and they perform
almost equally well on real images. Notably NTD
can be adjusted to match the subjective thresholding
characteristics of the human visual system. However,
its motion estimation performance is less favorable if
the threshold value is not properly tuned for pictures
and coding parameters. Overall, MAD has the advan-
tages of good performance and relatively simple hard-
ware structure—its absolute value operator versus the
square operator in MSE, it becomes the most popular
choice in designing practical image coding systems.

3.3. Fast Search Algorithms

An exhaustive search examines every search point in-
side the search region and thus gives the best possible
match; however, a large amount of computation is re-
quired. Several fast algorithms have thus been invented
to save computation at the price of slightly impaired
performance. The basic principle behind these fast al-
gorithms is breaking up the search process into a few
sequential steps and choosing the next-step search di-
rection based on the current-step result. At each step,
only a small number of search points are calculated.
Therefore, the total number of search points is signif-
icantly reduced. However, because the steps are per-
formed in sequential order, an incorrect initial search
direction may lead to a less favorable result. Also,
the sequential search order poses a constraint on the
available parallel processing structures.

Normally, a fast search algorithm starts with a rough
search, computing a set of scattered search points. The
distance between two nearby search points is called
(search)step size. After the current step is completed,
it then moves to the most promising search point and
does another search with probably a smaller step size.
This procedure is repeated until it cannot move fur-
ther and the (local) optimum point is reached. If the
matching function is monotonic along any direction
away from the optimal point, a well-designed fast al-
gorithm can then be guaranteed to converge to the
global optimal point [15, 17]. But in reality the im-
age signal is not a simple Markov process and it con-
tains coding and measurement noises; therefore, the
monotonic matching function assumption is often not
valid and consequently fast search algorithms are often
suboptimal.

Figure 7. Illustration of 2D-log search procedure.

The first fast search block-matching algorithm is the
2D-log search scheme proposed by Jain and Jain [15].
It is an extension of the 1-D binary logarithm search.
The searching procedure is illustrated by the exam-
ple in Fig. 7. It starts from the center of the search
region—the zero displacement. Each step consists
of calculating five search points as shown in Fig. 7.
One of them is the center of a diamond-shaped search
area and the other four points are on the boundaries
of the search area,n pels (step size) away from the
center. This step size is reduced to half of its cur-
rent value if the best match is located at the center
or located on the border of the maximum search re-
gion. Otherwise, the search step size remains the
same. The search area in the next step is centered at
the best matching point as a result of the current step.
When the step size is reduced to 1, we reach the final
step. Nine search points in the 3× 3 area surround-
ing the last best matching point are compared. The
location of the best match determines the motion vec-
tor. Assuming the maximum search range isdmax≥ 2
in both horizontal and vertical directions, the initial
step sizen would be equal to max(2, 2m−1), where
m = blog2 dmaxc and bzc denotes the largest integer
less than or equal toz. For the example shown in Fig. 7
(dmax= 7), 6 steps and 22 calculated search points are
required to reach the final destination at(3, 7). This
total computational cost is much smaller than the ex-
haustive search that requires 225 search points in this
case.
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Figure 8. Illustration of three step search procedure.

Another popular fast search algorithm is the so-
calledthree step searchproposed by Koga et al. [18]
In their example and the example given in Fig. 8, the
search starts with a step size equal to or slightly larger
than half of the maximum search range. In each step,
nine search points are compared. They consists of the
central point of the square search area and eight search
points located on the search area boundaries as shown
in Fig. 8. The step size is reduced by half after each
step, and the search ends with step size of 1 pel. Sim-
ilar to that of the 2D-log search, this search proceeds
by moving the search area center to the best matching
point in the previous step. Koga et al. [18] did not
give the general form of this search algorithm other
than thedmax = 6 example in their paper, but follow-
ing the described principle, we need three search steps
for a maximum search range between 4 to 7 pels and
four steps for a maximum range between 8 to 15 pels.
For searches with 3 steps, 25 search points have to be
calculated.

There are several other fast search algorithms. Lim-
ited by space, we briefly introduce only some of
them. Kappagantula and Rao [19] developed a modi-
fied search algorithm that combines the preceding two
schemes. In addition, a threshold function is used to
terminate the searching process without reaching the
final step. This is based on the observation that, as
long as the matching error is less than a small thresh-
old, the resultant motion vector would be acceptable.

The one-at-a-time search suggested by Srinivasan and
Rao [20] is a special case of the conjugate direction
search. The basic concept is to separate a 2-D search
problem into two 1-D problems. Their algorithm looks
for the best matching point in one direction (axis) first,
and then continues in the other direction. In each step,
only two 1-D neighboring points are checked and com-
pared with the central one. Therefore, an incorrect es-
timate at the beginning or middle of this process may
lead to a totally different final destination. Although
it often has the fewest calculating points, this one-at-
a-time search is generally considered to have the least
favorable performance among all the fast algorithms
described in this section. Puri et al. [17] described an
orthogonal search algorithm of which the primary goal
was to minimize the total number of search points in
the worst case. The search procedure consists of hor-
izontal search steps and vertical search steps executed
alternately. It begins with three aligned but scattered
search points with roughly a step size of half of the
maximum search range. At the next step, centered at
the previously chosen matching point, the search point
pattern is altered to the perpendicular direction. The
step size is reduced by half after each pair of horizon-
tal and vertical steps. This scheme seems to provide
reasonable performance with the least search points in
general. In addition, a few other fast search algorithms
were developed recently (for example, [21–23]).

In comparing the aforementioned fast search
schemes, the attributes we look for are their abilities
in entropy and prediction error reduction, number of
search steps, number of search points, and noise im-
munity. Table 1 summarizes the numbers of search
points and search steps of these algorithms in the best
and the worst cases fordmax = 7. Fewer total search

Table 1. Comparison of fast search algorithms (dmax= 7).

Number of search Number of search
points steps

Search algorithm Minimum Maximum Minimum Maximum

Exhaustive search 225 225 1 1

2D-log search 13 26 2 8

Three step search 25 25 3 3

Modified-log
search 13 19 3 6

One-at-a-time
search 5 17 2 14

Orthogonal search 13 13 6 6
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Figure 9. Performance of fast search algorithms.

points in general would mean less computation. Fewer
search steps imply a faster convergence to the final
result, which also has an influence on VLSI imple-
mentation. Figure 9 shows the peak signal-to-noise
ratio (PSNR) ofFlower Garden, a panning image se-
quence (camera does translational motion), using some
of the proceeding search schemes. Here the block size
is 16× 16 and the maximum search rangedmax is
7. The noise in this plot is the motion-compensated
prediction error, assuming that the previous frame is
perfectly reconstructed. The simple frame difference
without motion compensation clearly has the highest
mean squared error or the smallest PSNR. For typical
motion pictures, block matching algorithms can sig-
nificantly reduce prediction errors regardless of which
search scheme is in use. So far, we have not taken into
account the regularity and parallelism that play an im-
portant role in VLSI design. In hardware systems, the
exhaustive search and the three step search are often
favored for their good PSNR performance, their fixed
and fewer number of search steps, and their identical
operation in every step [24, 25]. A comparison of the
exhaustive and some fast search algorithms is described
in Section 6.

3.4. Variants of Block Matching Algorithms

The fast search algorithms described in the previous
section are designed to reduce computation in the pro-
cess of finding the best match of a block. We could
also reduce computation by calculating fewer blocks
of an image. In the meanwhile, another problem we

would like to solve is the conflict between decreasing
object ambiguity and increasing motion vector accu-
racy. These considerations lead to modifications and
extensions of the basic block matching algorithms.

To increase search efficiency, we could place the
initial search point at a location predicted from the
motion vectors of the spatially or the temporally ad-
jacent blocks [16]. A best match can often be obtained
by searching a smaller region surrounding this initial
point. However, an incorrect initial search point may
lead to an undesirable result. To increase the robustness
of this “dependent” search, the zero (stationary) mo-
tion vector is always examined. Some computational
savings were reported [16].

There are other approaches to reduce computation.
For example, we could first separate the moving image
blocks from the stationary ones and then conduct block
matching only on the moving blocks. This is because
a moving or change detector can be implemented with
much fewer calculations than a motion estimator. In
a typical scene, about half of the picture blocks are
not changing between two successive frames. Hence,
a change detector that removes the stationary blocks
would reduce the average computational complexity
[26]. To further reduce computation, we could use only
a portion of the pels inside an image block in calculating
the matching function. However, the use of a simple
subsampling pattern can seriously decrease the accu-
racy of motion vectors. Specific subsampling patterns
were proposed by Liu and Zaccarin [27] to maintain
roughly the same level of performance. Another tech-
nique proposed there is to perform estimation only on
the alternate blocks in an image; the motion vectors
of the missing blocks are “interpolated” from the cal-
culated motion vectors. Significant savings in compu-
tation are reported at the price of minor performance
degradation.

We said at the beginning of this section that block
size is an important factor in determining motion es-
timation performance. To reduce the ambiguity and
noise problems caused by small-size blocks and the
inaccuracy problem due to large-size blocks, the hi-
erarchical block matching algorithm [28, 29] and the
variable-block-size motion estimation algorithm [26]
were invented. Their basic principles are similar and
can be summarized as follows. A large block size is
chosen at the beginning to obtain a rough estimate of
the motion vector. Because a large-size image pattern
is used in matching, the ambiguity problem—blocks
of similar content—can often be eliminated. However,
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motion vectors estimated from large blocks are not ac-
curate. We then refine the estimated motion vectors by
decreasing the block size and the search region. A new
search with a smaller block size starts from an initial
motion vector that is the best matched motion vector
in the previous stage. Because pels in a small block
are more likely to share the same motion vector, the
reduction of block size typically increases the motion
vector accuracy.

In hierarchical block matching [28, 29], the cur-
rent image frame is partitioned into nonoverlapped
small blocks of size, say 12× 12. For each par-
titioned block, large blocks of sizes 28× 28 and
64× 64 are constructed by taking windows centering
at the evaluated 12× 12 block. Hence, the large-size
blocks overlap with the ones derived from the neigh-
boring 12× 12 blocks. The motion estimation pro-
cess starts with the largest 64× 64 blocks and the
motion vectors are refined by using the subsequent
smaller blocks. To reduce computational load, large
image blocks are filtered and subsampled before the
block matching process is engaged. A different block
formulation is adopted by the variable-block-size mo-
tion estimation algorithm [26] because its goal is to pro-
duce a more efficient overall coding structure. Image
frames are partitioned into nonoverlapped large image
blocks. If the motion-compensated estimation error is
higher than a threshold, this large block is not well-
compensated; therefore, it is further partitioned into,
say, four smaller blocks. In searching for the motion
vectors of the four small blocks, the large block mo-
tion vector is used as the initial search location. This
idea has also been included as a part of the Zenith and
AT&T HDTV proposal [30]. These schemes and other
variants of block matching algorithms improve the es-
timation performance but also complicate the system
configurations and may thus increase implementation
cost.

4. Differential Method

This approach assumes an analytic relationship be-
tween the spatial and the temporal changes of image
intensities. Early work was done by Limb and Murphy
[31, 32]. Figure 10 illustrates the basic principle be-
hind their motion estimation scheme. We examine
only the horizontal movement for the moment. The
shaded area in Fig. 10 represents the sum of frame dif-
ferences (FD(·)) between the previous frame and the
current frame. This quantity increases linearly with

Figure 10. Illustration of displacement calculation proposed by
Limb and Murphy.

object speed at low speeds. Therefore, it provides a
measure of the displacement vector. The displacement
value can thus be approximated by dividing the shaded
area by the height of the parallelogram, which is the
intensity difference between the left and the right of
the moving area (denoted by MA). This intensity dif-
ference can also be calculated by taking the sum of
neighboring pel differences (HD(·) horizontally and
VD(·) vertically) in the moving area. Extending their
idea to the 2-D image plane, we obtain the estimated
displacement at timet as [32]

d̂1 = −
∑∑

(n1,n2)∈MA FD(n1, n2) sign(HD(n1, n2))∑∑
(n1,n2)∈MA |HD(n1, n2)|

(1)

and

d̂2 = −
∑∑

(n1,n2)∈MA FD(n1, n2) sign(VD(n1, n2))∑∑
(n1,n2)∈MA |VD(n1, n2)| ,

(2)

where

sign(z)=
{ z
|z| if z 6= 0

0 if z= 0,

FD(n1, n2)≡ f (n1, n2, t)− f (n1, n2, t −1t) (3)

is the frame difference, and

HD(n1, n2) ≡ f (n1, n2, t)− f (n1− 1, n2, t) (4)

VD(n1, n2) ≡ f (n1, n2, t)− f (n1, n2− 1, t) (5)

are the horizontal and vertical differences, respectively.
In these equations,f (·) is assumed to have values only
on the discrete sampling grid(n1, n2, t).
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4.1. Basic Equations

Unlike the previous heuristic formulation, an analytic,
mathematical formula is derived by Cafforio and Rocca
[33] using differential operators. Suppose that the con-
tinuous spatio-temporal 3-D image intensity function
has the property

f (x, y, t) = f (x − d1, y− d2, t −1t) (6)

over the entire moving area. We can rewrite the frame
difference signal as

FD(x, y) = f (x, y, t)− f (x + d1, y+ d2, t). (7)

Assuming that the image intensity functionf (·) is dif-
ferentiable at any point(x, y), for small motion vectors
D = [d1 d2]T , the second term on the right hand side
of (7) has a Taylor series expansion. We thus obtain
thebasic equationfor displacement estimation:

FD(x, y) = −∇x f (x, y, t) d1

−∇y f (x, y, t) d2+ o(x, y), (8)

where∇x = ∂
∂x , ∇y = ∂

∂y , and o(·) represents the
higher order terms. We further assume thatf (·) and
o(·) are well-behaved random signals. The random
processf (x, y, t) has stochastic differentials with re-
spect tox andy, ando(·) has an even probability den-
sity function and is uncorrelated with the differentials
of f (·). Then, the optimal linear estimates ofd1 and
d2 are

d̂1 =

− E{(∇y f )2}E{FD · ∇x f } − E{∇x f · ∇y f }E{FD · ∇y f }
E{(∇x f )2}E{(∇y f )2} − E2{∇x f · ∇y f }

(9)

and

d̂2 =

− E{(∇x f )2}E{FD · ∇y f } − E{∇x f · ∇y f }E{FD · ∇x f }
E{(∇x f )2}E{(∇y f )2} − E2{∇x f · ∇y f } ,

(10)

where∇x f ≡ ∇x f (x, y, t) and∇y f ≡ ∇y f (x, y, t).
The preceding result can be written in a compact form,

D̂ = −
[

E{(∇x f )2} E{∇x f · ∇y f }
E{∇x f · ∇y f } E{(∇y f )2}

]−1

×
[

E{FD · ∇x f }
E{FD · ∇y f }

]
. (11)

In reality, images are digitized. FD(x, y) is evaluated
only on the discrete grid,(n1, n2). Hence, the two
gradients in the above equation are approximated by
HD(·) and VD(·) in (4) and (5), respectively. In addi-
tion, the ensemble averages of FD,∇x f , and∇y f in
(11) have to be replaced by their sample averages in
the moving area. Suppose that there areM pels in the
moving area. Then, (11) now becomes

D̂ = −
[ ∑

HD2 ∑
(HD · VD)∑

(HD · VD)
∑

VD2

]−1

×
[∑

(FD · HD)∑
(FD · VD)

]
, (12)

where the summation is taken over theM pels in the
moving area with the same displacement.

So far we consider translational motion only of a
rigid body. Brofferio and Rocca [34] went further by
assuming a correlation model for images and, there-
fore, obtained explicit expressions for the displacement
estimator in terms of correlation parameters. In addi-
tion, Cafforio and Rocca [35] explored the noisy cases
where the preceding statistical assumptions do not ex-
actly hold.

4.2. Iterative Algorithms

Although (12) seems to be a good solution for estimat-
ing motion vectors, the direct use of it may engender
difficulties. In deriving (8) using Taylor series expan-
sion, the fundamental assumption is that the motion
vectorD is small. AsD increases, the quality of the ap-
proximation becomes poor. To overcome this problem,
theD value should be kept small in every use of (12).
Also, (12) should be evaluated over a uniform moving
area; however, we do not know the object boundaries
(motion segmentation problem) before we calculate the
motion vector of every pel. Some kind of bootstrap-
ping procedure is needed. One approach is based on the
observation that the spatially or the temporally nearby
pels often have similar motion vectors. Hence, we start
from a single pel, compute its motion vector, and then
use this motion vector as the initial value for computing
the motion vector of its neighboring pel. A recursive
procedure is thus developed. This is the basic oper-
ation of the well-knownpel recursivealgorithm [36].
In the pel recursive formulation, motion vectors can be
computed locally at the decoder. That is, the motion
information does not have to be transmitted from the
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Figure 11. Iterative gradient method proposed by Yamaguchi.

encoder to the decoder. It is claim that this recursive
procedure saves computation too.

Another approach is calculating (11) for all the pels
inside an image block under the assumption that the
motion vectors associated with these pels are identical.
As discussed earlier, the estimate produced by the dif-
ferential method is valid only when the displacement
is small. In reality, motion vectors between two nearby
frames can be larger than a few pels. Iterative proce-
dures are, therefore, invented to obtain more accurate
estimates for, particularly, large displacement. One
example of such an algorithm was proposed by Yam-
aguchi [37]. As illustrated by Fig. 11, an initial motion
vector is first calculated (using (11) or (12)) based on
the data blocks at the same location in the two evalu-
ated picture frames. In the second iteration, the data
block location in the previous frame is shifted by the
initial motion vector. Then, the gradient formula is
used again to produce the second estimate which acts
as a correction term to the previous motion vector. This
shift and estimation process continues until the correc-
tion term nearly vanishes. Yamaguchi in [37] claimed
the stability of this algorithm under a Markov model as-
sumption. A block size of 9×9 was reported adequate
in his experiments.

An different iterative approach was demonstrated by
Orchard [38]. Similar to the hierarchical approach in
block matching, his algorithm begins with large block
size and decreases the block size at each iteration. An
initial motion vector is generated by computing (11)
over a 32× 32 image block. In the second step, a data
block of size 16× 16 is extracted from the previous

frame displaced by the initial motion vector. Then,
the gradient formula is applied to this smaller block to
produce the second estimate (a correction term). The
final step uses a 8× 8 block and the shift and esti-
mation process may be repeated up to three additional
times at this block size to improve estimation accuracy.
The experimental results reported in the above two pa-
pers indicate that the performance of their algorithms
is close to that of block matching.

4.3. Performance Limitation

Finally, we like to make a few remarks about the lim-
itations of the differential method. It has been dis-
cussed that the differential method is not suitable for
large displacement. Also, in general the gradient op-
erator is sensitive to data noise—a small perturbation
of data may lead to a sizable change of the estimation
results. In fact, this is not due to the particular for-
mulation of the differential method; it is inherent in
the motion estimation problem and in many other early
vision problems as well [39]. If we focus only on the
differential method, the noise sensitive problem can be
reduced by using a larger set of data or smoothness
constraints [40].

Looking into (11) or (12) we may discover two
cases where the differential method may fail. One case
happens if the pels are located in a (spatially) smooth
area so that

∇x f (·) ≈ 0 or ∇y f (·) ≈ 0.

Then, the inverse matrix in (11) becomes singular. The
other case occurs when motion is parallel to the edges
of image patterns; that is,

DT ·
[∇x f (·)
∇y f (·)

]
≈ 0.

In this case, although both the gradients and the dis-
placement vector may be nonzero, the frame difference
in (8) is nearly zero. Thus, the estimated displacement
vector (≈0) is different from the true value (nonzero).
It can be seen that these two cases are a consequence of
the locality nature of the differential method. Hildreth
called themapertureproblems and gave some inter-
esting examples [41]. The problems may be solved
partially by increasing the evaluated area of data, but
then again, we face the dilemma of ambiguity versus
accuracy. However, for image compression purposes,
the goal is to reduce the transmitted bits rather than to
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find thetrue motion vectors. Therefore, if these situa-
tions are detected in video coding, we could simply set
the motion vectors to zero without much affecting the
coding efficiency.

5. Fourier Method

This type of motion estimation method is not as pop-
ular as the previous two approaches. This is partially
because conventional Fourier-domain schemes often
cannot provide very accurate motion information for
multiple moving objects of small to medium sizes.
However, the Fourier method still has its own distinct
advantages and can provide insight on the theoretical
limits of motion estimation as shall be described next.

5.1. Displacement in the Fourier Domain

It has long been observed that a pure translational
motion corresponds to a phase shift in the frequency
domain [8, 42]. Again, we assume the image in-
tensity functions of two successive frames, in a uni-
form moving area, differ only due to a positional shift
(d1, d2):

f (n1, n2, t) = f (n1− d1, n2− d2, t − 1). (13)

Taking the 2-D discrete-time Fourier transform (DTFT)
on the spatial variables(n1, n2), we obtain

Ft (w1, w2) = Ft−1(w1, w2) exp(− jw1d1− jw2d2),

(14)

whereFt (·) and Ft−1(·) are the 2-D Fourier transfor-
mations of the current frame and the previous frame,
respectively. In other words, the displacement infor-
mation is contained in the phase difference. Haskell
[42] noticed this relationship but did not propose a
step-by-step algorithm to estimate the displacement in-
formation from this phase shift. Huang and Tsai [8]
suggested taking the phase difference between the pre-
vious frame’s transform and the current frame’s trans-
form as a consequence of (14),

1φ(ω1, ω2) = arg[Ft (ω1, ω2)] − arg[Ft−1(ω1, ω2)]

= −ω1d1− ω2d2. (15)

In theory, we need to evaluate this equation only at
two independent frequency points, we can then obtain
the displacement(d1, d2). Practically, the displacement

estimation should be calculated using more than a few
data points to reduce “noise.” Huang and Tsai [8] also
pointed out that, in calculating the phase difference,
there is an ambiguity of integer multiples of 2π . This
ambiguity is one of the problems to be tackled in using
(15). The precedingfrequency componentformulation
has not attracted much attention over the past 15 years.
The most well-known Fourier method is the so-called
phase correlation.

5.2. Phase Correlation Algorithm

The phase correlation algorithm was first proposed
to solve the image registration problem [43]. Its aim
is to extract displacement information from phase
components. LetCr (n1, n2) be the inverse discrete-
time Fourier transform (IDTFT) of exp( j1φ(ω1, ω2));
thus,

Cr (n1, n2) = IDTFT[exp( j1φ(ω1, ω2))]

= IDTFT[exp(− jw1d1− jw2d2)]

= δ(n1− d1, n2− d2). (16)

That is, if noise were not present in the displacement
equation, (13), the correlation surfaceCr (·)would have
a distinctive peak at(d1, d2), corresponding to the dis-
placement value. On the other hand, exp( j1φ(ω1, ω2))

can be expressed as

exp( j1φ(ω1, ω2))

= exp( j · arg[Ft (w1, w2)])

· exp(− j · arg[Ft−1(w1, w2)])

= Ft (w1, w2)

|Ft (w1, w2)| ·
F∗t−1(w1, w2)

|Ft−1(w1, w2)| . (17)

In other words,Cr (·) represents the correlation of the
phase components of the transforms corresponding to
the previous and the current frames. Figure 12 shows
the block diagram of a basic phase correlator.

An example of correlation surface of a 32×32 win-
dow of theFlower Gardensequence is shown in Fig. 13.
Since particularly images are of finite sizes, the Fourier

Figure 12. Schematic diagram of a phase correlator.
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Figure 13. Correlation surface ofFlower Garden.

transforms in all the preceding equations, (14) to (17),
can be replaced by the discrete Fourier transforms com-
puted at only the discrete frequencies. Consequently,
the correlation operation that takes a large amount of
computation in the spatial domain now requires much
less computation in the frequency domain (multipli-
cation instead of convolution). In addition, there ex-
ist fast Fourier transform routines that can compute
the forward and the inverse discrete Fourier transforms
efficiently.

The phase correlationCr (n1, n2) defined by (17) as-
sumes that a segment in frame(t − 1) is a cyclically
shifted copy of one in framet . This is approximately
true when the moving object is inside the evaluation
window and the background is uniform; which is rarely
the case in reality. The window at timet − 1 is moved
to a new location at timet . The overlapped region of
these two windows provide information in calculating
the displacement vector. The pels in the nonoverlapped
region can be treated as “noise” in the previous for-
mulation. In the case of large displacement, the non-
overlapped region could be rather large in size, and
therefore, the estimate would become inaccurate. Also,
if the measurement window contains several objects
with different moving vectors, there may appear sev-
eral blurred peaks.

In fact, we may interpret the phase correlation algo-
rithm as a special type of block matching (cross-
correlation) method, in which images are “normalized”
so that their frequency components have unit amplitude
but their original phase values are retained. This norma-
lization procedure acts roughly like a high-pass filter.
It amplifies the high frequency components that often
contain a significant percentage of measurement noise.

Figure 14. Comparison of phase correlation and block matching.

Figure 14 is a plot of the PSNR of theFlower
Gardensequence using the phase correlation method
with different window sizes. It is clear that the win-
dow size plays an important role. Compared with the
exhaustive search block matching scheme (block size
of 16× 16), the phase correlation method does not
perform as well. As discussed earlier, various “noise”
components would degrade the accuracy of a simple
phase correlation method.

A few improvements to phase correlation have been
invented. Thomas [44] did a rather extensive study on
the phase correlation method. He suggested a two-stage
process. In the first stage (phase correlation), the input
picture is divided into fairly large windows, say, 64 pels
square. The phase correlation is performed between the
corresponding blocks in two consecutive frames. Then,
he searches forseveral dominant peaks on the cor-
relation surface. Their corresponding motion vectors
are the candidates for the second stage. In the second
stage (vector assignment), the input picture is divided
into smaller blocks, and for each small block every
candidate motion vector is tested by matching the cur-
rent frame’s block to the shifted candidate block in the
previous frame [44, 45]. For motion-compensated in-
terpolation applications, the image block in the second
stage is chosen to be a single pel [44, 45]. In addition,
the pels near the window borders may have the same
motion vector values as the nearby windows. Hence,
the correlation peaks of the nearby windows are also
included as the candidate motion vectors of the current
block. To reduce the ambiguity problem, Thomas [44]
recommended image data be (low-pass) filtered be-
fore computing the matching function and large motion
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vector candidates be penalized in selecting motion vec-
tors. Ziegler [46] proposed a similar algorithm but with
overlapped 64×64 windows in the first stage and four
16× 16 blocks at the center of the overlapped window
in the second stage. Because the vector assignment
blocks are located at the center of the correlation win-
dow, the window border effect is reduced.

5.3. Frequency Components

So far, the phase correlation algorithms we have dis-
cussed take all the frequency components into con-
sideration at the same time. To understand the intrin-
sic properties of motion estimation better we now go
back to (15) and examine the contribution of individual
components in the motion estimation process [47]. It
is clear from (15) that

(ω1 ω2)

(
d1

d2

)
= −1φ(ω1, ω2). (18)

Since the input pictures are of finite sizes, it is necessary
to evaluate only the frequency components at the sam-
pling grid, multiples of(2π/M1, 2π/M2), whereM1

and M2 are the horizontal and vertical window sizes,
respectively; that is,

(ω1, ω2) =
(

2π

M1
k1,

2π

M2
k2

)
,

0≤ k1 < M1, 0≤ k2 < M2.

Now, we want to analyze the noise effect. Assuming
that the totality of noises from various sources can be
modeled as a noisev(·) added to (13)

f (n1, n2, t) = f (n1− d1, n2− d2, t − 1)+ v(n1, n2),

(19)

andv(·) can be represented by a Fourier series,

v(n1, n2)

=
∑∑

|V(k1, k2)| ej ( 2π
M1

k1n1+ 2π
M2

k2n2+φv(k1,k2)),

(20)

whereφv(k1, k2) is the phase ofV(k1, k2). If f (·, ·, t)
and f (·, ·, t − 1) are both represented by their Fourier
series, (19) becomes

|Ft (·)|ej ( 2π
M1

k1n1+ 2π
M2

k2n2+φt (·))

= |Ft−1(·)|ej ( 2π
M1

k1n1+ 2π
M2

k2n2+φt−1(·))

+ |V(·)|ej ( 2π
M1

k1n1+ 2π
M2

k2n2+φv(·)). (21)

The index(k1, k2) is omitted for simplicity in the pre-
ceding and following equations. Separating the ampli-
tude and the phase components, we obtain

|Ft | = [(|Ft−1| + |V | cos(φv − φt−1))
2

+ (|V | sin(φv − φt−1))
2]

1
2 , (22)

φt = φt − 1−
(

2π

M1
k1d1+ 2π

M2
k2d2

)
+ arctan

( |V | sin(φv −φt − 1)

|Ft − 1| + |V | cos(φv −φt − 1)

)
.

(23)

The preceding equations seem rather complicated.
However, they are identical to the noise analysis in the
phase modulation or the frequency modulation systems
in communication [48]. For|Ft−1| À |V |, the noise
disturbance to the phase information is less than its
effect on the original signal. This is the well-known
noise-reduction property of continuous phase modu-
lation. Therefore, the displacement estimate based
on phase information is less sensitive to noise than
that based on the original signal provided that the sig-
nal magnitude is much higher than the noise magni-
tude. However, this noise-reduction situation is re-
versed when the noise magnitude is close to or higher
than the signal magnitude. In this case, the phase infor-
mation suffers more distortion than the original signal.
This is the well-known “threshold effect” in contin-
uous phase modulation [48]. The preceding analysis,
therefore, tells us that we should avoid using the phase
information at those frequencies for which the signal
power is not much higher than the noise power.

On the other hand, our desired information,(d1, d2),
is scaled by(k1, k2) in the phase component. For ex-
ample, ifk1 = 0 and|Ft−1| À |V | in (23), then

d2 = −
M2
2π 1φ

k2
+

M2
2π arctan

(
|V | sin(φv)
|Ft−1|

)
k2

.

Since the second (noise) term is divided byk2, given
the same amount of noise, the higher frequency com-
ponents are more accurate in estimating motion vec-
tors. However, the high frequency component has short
(spatial) cycles and hence it repeats itself after a short
shift. This corresponds to the ambiguity problem—
the true displacement may be equal to the estimated
phase value plus an integer multiple of cycles. Thus
far, we have arrived at three conflicting requirements:
i) noise, low-frequency components are favored for
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their strong power; ii) accuracy, high-frequency com-
ponents are more accurate owning to the division fac-
tor; and iii) ambiguity, low-frequency components are
less ambiguous due to their long cycles. Consequently,
the middle frequency components seem to provide the
most reliable information for motion estimation pur-
poses. Experiments also indicate that bandpass-filtered
images could produce more reliable motion estimates.
Another approach is the multiresolution hierarchical
estimation process. Low-resolution images are used in
the initial stages to reduce noise and ambiguity prob-
lems, and high-resolution images are used in the later
stages to improve accuracy.

6. VLSI for Block-Matching Algorithms

It is said at the end of Section 3.3 that the block match-
ing method is the most popular approach in hardware
implementation because of its good performance and
regular structure. There are a number of VLSI archi-
tectures proposed for implementing various forms of
block-matching algorithms. Most of them are dedicated
to the exhaustive search algorithm [24, 25, 49]. Only a
few of them are developed for fast algorithms [50, 51].
We do not attempt to give a comprehensive survey of
all the architectures designed for block-matching algo-
rithms in this section but rather, based on a general sys-
tolic array structure, we like to compare the advantages
and disadvantages associated with various motion es-
timationalgorithmsin VLSI implementation. In con-
trast, if readers are interested in variousarchitectures
of motion estimation algorithms, Pirsch et al. [24, 52,
53] have excellent summaries. We have investigated
several algorithms and four of them are reported in this
paper. They are exhaustive search, three step search,
modified log search and alternate pel decimation (APD)
search [27]. Due to limited space, we can only give a
brief summary of our study [54] here.

6.1. VLSI Complexity Analysis

Several important factors need to be considered in
choosing an algorithm for VLSI implementation, for
example, i) chip area, ii) I/O bandwidth, and iii) image
quality. We have briefly discussed the third issue in
Section 3; hence, only the first two issues will be elab-
orated in this section. In implementing block-matching
algorithms, the chip area can be approximated by

Atotal = Acp+ Abuf+ Actl, (24)

whereAcp is the area used for the computation kernel,
Abuf is for the on-chip data buffer, andActl is for the sys-
tem controller. Because of the massive local connec-
tion and parallel data flow in the systolic array structure,
a system controller is needed to generate data addresses
and flow control signals. Particularly, computing MAD
requires specific ordering of data. Therefore, our sys-
tem controller contains an address generator and a data
flow controller.

Due to the very massive data used in computing mo-
tion vectors, it becomes impractical for the processing
array to access image data directly from the exter-
nal memory for it results in a very high bus band-
width requirement. In addition, the search regions of
nearby blocks are largely overlapped; hence, an inter-
nal reference-frame buffer is introduced to relieve some
of the external memory access. The block diagram of a
motion estimation system with internal buffer is shown
in Fig. 15. The memory controller reads the current
and the reference image blocks from external DRAM.
These data are stored in thecurrent-block bufferand
the reference-frame buffer, respectively. The external
memory bandwidth depends on the size of internal
buffer and this topic will be elaborated in Section 6.4.

The sizes of image block and search region have a
strong impact on the VLSI complexity. Since the inter-
national standards use 16× 16 blocks, the same block
size is adopted in our study. To decide an adequate
search area is somewhat involved. It depends on both
the contents of pictures and the coding system struc-
ture. For videophone applications, small pictures and

Figure 15. Block diagram of a general motion estimation chip.
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Table 2. Motion estimation parameters for CCIR-601 and CIF
pictures.

Parameters Symbol CCIR-601 CIF

Picture size Ph × Pv 720× 480 352× 288
Picture rate fr 30 10
Block size N × N 16× 16 16× 16
Maximum search range ω 47 7
Number of blocks per second K 40500 3960

slow motion are expected and thus the search range is
assumed to be small (around 7 or 15 pels). On the other
hand, in MPEG coding, large pictures are expected and
the temporal distance between two predictive frames
(P-frames) is often greater than a couple of frames [55].
It was reported that the search range can be empirically
estimated by 15+ 16× (d − 1) [56], whered repre-
sents the distance between the target and the reference
pictures. Hence, in the the example of CCIR-601 pic-
tures, the search range is chosen to be 47 for encoding
P-pictures (distanced = 3). These search ranges are
examples to illustrate the influence of search ranges
on VLSI implementation. In our analysis, the search
range is a variable denoted byω. In addition to block
size and search range, picture size and frame rate also
have a strong impact on the VLSI cost. These pa-
rameters are summarized in Table 2 for CCIR-601 and
CIF pictures. The former picture format is targeting
at digital TV applications and the latter, videophone
applications.

6.2. Mapping Algorithms to Architectures

Systolic architectures are good candidates for VLSI
realization of block-matching algorithms with regular

Figure 16. Block diagram of the 2-D systolic architecture for block-matching.

search procedure [52]. A typical systolic array consists
of local connections only and thus does not require
significant control circuitry overhead. In this paper,
a basic systolic architecture is adopted for estimating
the silicon areas of various block-matching algorithms.
Its general structure is shown in Fig. 16. The proces-
sor array (2-D array architecture) consists of 16× 16
processor elements (PEs) or 8× 8 PEs if the alternat-
ing pixel-decimation (APD) search technique is in use.
If the number of PEs (NPE) is significantly less than
16× 16 (or 8× 8 for APD search), then this system
is reduced to (multiples of) one-column architecture as
shown in Fig. 17. On the other hand, ifNPE is larger
than 16×16, multiple copies of the 2D array are used.
There are four types of computing nodes in the array
structure. The subtraction, absolute, and partial addi-
tion in MAD operations are performed by the PE node.
The summation operations are done in the ADD nodes.
The CMP nodes compare the candidates in the search-
ing area and select the minimum one. The AP node is
used to execute the operations of both ADD and CMP
when the speed requirement is not critical.

The silicon area of the computation kernel used in
this architecture can be approximated by

Acp = NPE× APE+ NADD × AADD + NCMP× ACMP,

(25)

whereNPE, NADD, andNCMP are the numbers of PE,
ADD and CMP nodes, respectively;APE is the silicon
area of one PE, andAADD and ACMP are similarly de-
fined. In this architecture, the number of PEs is decided
by clock rate, picture size, and search range. If one-
column array is sufficient to process the data in time,
it will be chosen to increase the utilization efficiency
(EFF) of PE. Otherwise, the 2-D array is forced to use.
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Figure 17. Block diagram of the one-column systolic architecture.

Search areas of adjacent blocks overlap quite signif-
icantly. This overlapped area data can be stored inside
the internal (on-chip) buffer to reduce external memory
accesses (bandwidth). Three types of internal buffers
for the exhaustive and the APD searches are under eval-
uation: i) type A buffer whose size equals to the search
area,(N + 2ω) × (N + 2ω) pels; ii) type B buffer
that has the size of one slice of search area; that is, the
height of block (or sub-block) times the width of search
area,N+2ω

D × N
D pels; and iii) type C buffer that has the

size of a block or a sub-block,ND × N
D pels. Note that

the parameterD in the above expressions equals to 1
for exhaustive and equals to 2 for APD search. For the

Figure 18. Overlapped areas for three types of buffers.

other search schemes, type A and C buffers are still
meaningful. However, type B buffer defined here does
not always make sense for sequential searches. There-
fore, we may modify the size and the function of type B
buffer when appropriate. Generally we assume that the
type B buffer can hold the data needed for processing
one search step.

A picture frame containsPvN picture slices and each
slice containsPh

N blocks. In order to derive the I/O
bandwidth requirement, we first calculate the size of
the new data to be loaded from the external memory
down to the on-chip butter for each block. As shown in
Fig. 18(a), the newly loaded data size for type A buffer
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is N×(N+2ω)pels when the next block is on the same
picture slice. For processing one picture slice, we need
to load the complete buffer at the beginning of a slice;
thus, the total external data access is approximately
(N+2ω)2+( Ph

N −1)×N×(N+2ω) pels if boundary
block cases are neglected. Then, for the entire picture,
the total external data access is approximatelyfr× Pv

N ×
[(N+2ω)2+ ( Ph

N −1)× N× (N+2ω)] pels. Similar
analysis can be carried over to the cases of type B and C
buffers as shown in Figs. 18(b) and (c). The exact sizes
of type B and C buffers depend on the search algorithms
and will be discussed in the next sub-section.

6.3. Implementation Complexity

In the exhaustive search algorithm, its computation
core has to perform(2ω + 1)2 or more MAD oper-
ations in every block time. If we use only one PE,
the clock rate has to be higher than 93.57 GHz for en-
coding a CCIR-6014 : 2 : 2 resolution picture with a
search range of 47 pels. This is impractical. Typi-
cally, the maximum clock speed is upper bounded by
the fabricating technology and I/O limitation. To make
our analysis more general, we assume an X-MHz clock
being employed. The efficiency of systolic architecture
for the exhaustive search approaches 100% because the
input data flow is regular and can be arranged in ad-
vance. In this case, the number of PE operations is

OPFUL = NMAD × N2× K = (2ω + 1)2× N2× K ,
(26)

whereNMAD is the number of MAD operations in each
block, andK is the number of blocks per second (in
Table 2). Thus, the number of PE nodes required in this
structure under the maximum system clock constraint
becomes

NPE= OPFUL

X
= K × (2ω + 1)2× N2

X
. (27)

Here, we assume that multiple copies of systolic struc-
tures can be used. The actualNPE value is round up
to the nearest multiples of 162 (2-D array) or 16 (1-D
array).

We next consider the on-chip (internal) buffer size
and the data input rate. The type A buffer situation has
been discussed in the previous sub-section. In the case
of type B buffer, it first storesN horizontal lines and
it then loads in one horizontal line when the search
moves vertically down one line. In total, 2ω additional

horizontal lines have to be loaded for the entire search
area and each line containsN+2ω pels. Therefore, the
total input data for computing one block is about(N+
2ω)2 pels. For type C buffer, there are 2ω+1 candidate
positions on the same line and in this situation, the
new data size for the next position on the same line
is N pels. Furthermore, the initial data loading for
every line isN × N pels. Thus, finishing one line of
candidates requires loading(N × N + N × 2ω) pels.
Because there are 2ω + 1 lines of candidates in one
search area, the total input data size for one block is
(2ω + 1) × [N × (N + 2ω)] pels. Parameters under
different configurations are listed in Table 3.

Similar analysis can be applied to the other search
architectures and the final expressions are included in
Table 3. Interested readers may refer to [54] for detailed
explanation.

6.4. Chip Area and I/O Requirement

In order to obtain the more exact estimate of chip area,
we have done two levels of simulations and analysis.
One is thebehavioral leveland the other is thestruc-
ture level. At the behavioral level, these algorithms
are implemented by C-programs to verify their func-
tionalities. At the structure level, the architectures of
key components in each algorithm are implemented us-
ing the Verilog hardware description language (HDL)
and then we extract the area information using Syn-
opsys design tool. In our set-up, the Synopsys tool
produces an optimized gate-level description under the
constraint of 100 MHz clock and a 0.6µm single poly
double metal (SPDM) standard cell library.

A list of areas of the critical elements in various
block-matching algorithms is shown in Table 4. At the
end of this table, the total chip area,Atotal specified by
(24), is the combination of the computation kernel, the
internal buffer, and the data mapper. It is interesting to
see that the area of the internal buffer may be larger than
that of the computation core. For easy comparison, the
total area using different types of buffers are listed.
From Table 4, we find that the chip area of the full
search algorithm is approximately 10 times larger than
that of the other algorithms for CCIR-601 pictures. If
the chip area is our only concern, the three-step search
and modified-log search have about the same chip area
and seem to be the preferred choices. Although type B
or C buffers require smaller chip area, they demand a
higher I/O bandwidth (to be discussed below), we may
be forced to chose type A buffer configuration, which
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Table 3. Implementation complexity.

Algorithm (1) Exhaustive search

Buffer type Input A (N + 2ω)2 fr · Pv
N · [(N + 2ω)2 + ( Ph

N − 1) · N · (N + 2ω)]

size (bytes) data rate B (N + 2ω)× N (N + 2ω)2 · K
(bytes/sec) C N × N (2ω + 1) · [N · (N + 2ω)] · K

Estimated complexity Sub/abs/add N2 · (2ω + 1)2 · K
Compare (2ω + 1)2 · K

NPE
N2·(2ω+1)2·K

X

Algorithm (2) Three step search

Buffer type Input A (N + 2ω)2 fr · Pv
N · [(N + 2ω)2 + ( Ph

N − 1) · N · (N + 2ω)]

size (bytes) data rate B1 9N2 8N2 · (log2(ω + 1) · K ; for ω ≥ 4N − 1

(bytes/sec) B2 (2d ω+1
2 e + N)2 ( ω+1

2 + N)2 · log2(ω + 1) · K ; otherwise

C N × N 8N2 · log2(ω + 1) · K
Estimated complexity Sub/abs/add N2 · (1+ 8 log2(ω + 1)) · K

Compare (1+ 8 log2(ω + 1)) · K
NPE

X′−
√
(X′)2−4 log2(ω+1)·(1+8 log2(ω+1))N2K 2

2K log2(ω+1) ; X′ = X − 2 log2(ω + 1) · K
Algorithm (3) Modified log search

Buffer type Input A (N + 2ω)2 fr · Pv
N · [(N + 2ω)2 + ( Ph

N − 1) · N · (N + 2ω)]

size (bytes) data rate B1 9N2 8N2 · (log2(ω + 1) · K ; for ω ≥ 4N − 1

(bytes/sec) B2 (2d ω+1
2 e + N)2 ( ω+1

2 + N)2 · log2(ω + 1) · K ; otherwise

C N × N 8N2 · log2(ω + 1) · K
Estimated complexity Sub/abs/add N2 · (1+ 6 · log2(ω + 1)) · K

Compare 1+ 6 · log2(ω + 1) · K
NPE

X′−
√
(X′)2−8 log2(ω+1)·(1+6 log2(ω+1))N2·K 2

4K log2(ω+1) ; X′ = X − 4 log2(ω + 1) · K
Algorithm (4) Alternating pel-decimation search

Buffer type Input A (N + 2ω)2 fr · Pv
N · [(N + 2ω)2 + ( Ph

N − 1) · N · (N + 2ω)]

size (bytes) data rate B† (N+2ω)
2 × N

2
1
4 · [(N + 2ω)2 + 12N2] · K

(bytes/sec) C† N
2 × N

2
1
4 · [N(N + 2ω) · (2ω + 1)+ 12N2] · K

Estimated complexity Sub/abs/add 1
4 · N2 · [(2ω + 1)2 + 12] · K

Compare 1
4 · [(2ω + 1)2 + 12] · K

NPE
1
4 · K ·N2·((2ω+1)2+12)

X

Note: † External memory can be accessed using alternating pel-decimation patterns.

has the advantages of a smaller I/O bandwidth and a
simpler address generator.

The above analysis can to applied to the other sizes of
pictures. Let us show another case with a smaller pic-
ture (CIF format) and slow motion. Assuming only I-
picture and P-picture are used in a low-resolution video
coder (H.261) and the search range is 7. Because one
PE is sufficient for fast search algorithms, their effi-
ciency is 100%. The estimated chip areas are listed
in Table 5. Because the I/O bandwidth limitation is
not severe in this case, type B or C buffers could be

reasonable choices in this case and the chip areas of all
algorithms are quite close.

The number of I/O pads is one major factor in chip
fabrication cost. There are roughly three types of I/O
pins: PADMEM is the bus width connected to the ex-
ternal memory, PADcontrol and PADpower are the pads
for control signal and power supply. Although the
values of PADcontrol and PADpower may depend on the
system architecture, there is no simple rules to esti-
mate them. Often, they do not vary very much. (It
was reported [25] that they are around 28.) We now
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Table 4. Estimated area of the entire chip for CCIR-601 pictures.

Algorithm

Exhaustive Three step Modified log APD
Items Area search search search search

Computation core Gate count 466.8 K 3.9 K 3.9 K 121.3 K
Area (mm2) 259.1 2.2 2.2 67.3

Internal buffer
Type A Size (bytes) 12100 12100+ 256 12100+ 256 12100+ 256

Area (mm2) 39.1 40.1 40.1 40.1

Type B Size (bytes) 1760 2304+ 256 2304+ 256 440+ 256
Area (mm2) 5.6 8.2 8.2 2.3

Type C Size (bytes) 256 256+ 256 256+ 256 64+ 256

Area (mm2) 0.9 1.8 1.8 1.2

Address mapper Gate count 10.4 K 6.1 K 6.1 K 6.1 K
Area (mm2) 5.8 3.4 3.4 3.4

Chip area
Type A Area (mm2) 304 45.6 45.6 110.7
Type B Area (mm2) 270.5 13.8 13.8 73
Type C Area (mm2) 265.8 7.4 7.4 71.9

Table 5. Estimated area of the entire chip for CIF pictures.

Algorithm

Exhaustive Three step Modified log APD
Items Area search search search search

Computation core Gate count 3785 K 908 K 908 K 1319 K
Area (mm)2 2.1 0.5 0.5 0.73

Internal buffer
Type A Size (bytes) 900+ 256 900+ 256 900+ 256 900+ 256

Area (mm2) 3.8 3.8 3.8 3.8

Type B Size (bytes) 480+ 256 576+ 256 576+ 256 120+ 256
Area (mm2) 2.5 2.9 2.9 1.4

Type C Size (bytes) 256+ 256 256+ 256 256+ 256 64+ 256

Area (mm2) 1.82 1.82 1.82 1.25

Address mapper Gate count 870 K 1574 K 1574 K 966 K
Area (mm2) 0.48 0.87 0.87 0.54

Chip area
Type A Area (mm2) 6.38 5.17 5.17 5.07
Type B Area (mm2) 5.08 4.27 4.27 2.67
Type C Area (mm2) 4.4 3.19 3.19 2.52

only look into the bandwidth requirement due to in-
put data. There are two approaches in calculating the
I/O bandwidth requirement. We could assume a min-
imum external memory access time (decided by the
available DRAM, say) and then calculate the minimum
bus width, PADMEM. Or, we first assume the PADMEM

value, and then calculate the maximum allowable

memory access time. In Table 6, the latter approach
is taken and we assume that PADMEM equals toW. For
example, for the CCIR picture application, if the type B
buffer is chosen and the external memory bus width is
64 (W = 64), this table tells us that the external mem-
ory access time must be less than 0.255×64= 16 ns for
the exhaustive search. A larger access time implies an
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Table 6. The external memory access time requirement*.

Algorithm

Full Three step Modified log APD
M-type search search search search

CCIR format (ω = 47)
A 1.551 W 1.551 W 1.551 W 1.551 W
B 0.255 W 0.322 W 0.322 W 0.814 W
C 0.018 W 0.251 W 0.251 W 0.073 W

CIF format (ω = 15)
A 39.52 W 39.52 W 39.52 W 39.52 W
B 14.92 W 13.7 W 13.7 W 24.34 W
C 1.38 W 3.58 W 3.58 W 4.88 W

CIF format (ω = 7)
A 63.25 W 63.25 W 63.25 W 63.25 W
B 35.07 W 26.3 W 26.3 W 31.79 W
C 4.38 W 5.14 W 5.14 W 12.29 W

*: The unit is ns/bit.
W: The bus width for external memory.

easier situation that either we could find a slower speed
DRAM to meet our requirement or we could reduce the
memory bus width (smallerW). Practically, if the or-
dinary low cost DRAM is used as the external memory
with an access time of 60 ns and the bus width (W) is
around 60 too, then the entries less than 1W in Table 6
are not acceptable. That is, type A buffer is nearly the
only choice for CCIR pictures with a search range of 47.

In summary, we found that the relative performance
in chip area and I/O bandwidth between various al-
gorithms is strongly picture size and search range de-
pendent. For small pictures (CIF, for example) and
slow motion (small search range), all the BMAs un-
der consideration are on a par. However, for larger
picture sizes (CCIR-601) and fast motion, certain fast
search algorithms have the advantage of a significantly
smaller chip area. For a specific algorithm, one may
tune the hardware structure to achieve an even more
economical design. Nevertheless, our analysis should
be able to provide useful guidelines to the system de-
signers in choosing a suitable high-level algorithm for
VLSI implementation.

7. Conclusions

Inspired by the needs of multi-media information ex-
change and with the help of standardized video data
format, applications of compressed digital video are
rapidly evolving in the telecommunications, com-
puter, and consumer electronics industries. Motion
estimation is an essential element in achieving high

compression ratio for the huge volume of video data.
We have summarized in this paper the popular tech-
niques that could be used for standard compatible video
coders. In addition to describing their basic operations,
we also compare their performance, analyze their rela-
tionships, and discuss their associated advantages and
disadvantages. Owing to its simple and regular struc-
ture and robust performance, the block matching algo-
rithm is the most popular method in today’s hardware
implementation. In the last section, we compare sev-
eral well-known block matching algorithms (BMA) for
VLSI implementation. Although our analysis is lim-
ited by the preciseness of our silicon area estimation
model, it should provide valuable information in select-
ing a BMA for VLSI implementation. Because of the
advances in VLSI technology, it is predicted that the
single video encoder chip containing (block matching)
motion estimation circuits will soon be realized [53].
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