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A Correlation-Relaxation-Labeling Framework for
Computing Optical Flow — Template Matching
from a New Perspective
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Abstract—Optical flow estimation is discussed based on a
model for time-varying images more general than that implied in
the work of Horn and Schunk [21]. The emphasis is on applica-
tions where low contrast imagery, non-rigid or evolving object
patterns movement, as well as large interframe displacements are
encountered. Template matching is identified as having advan-
tages over point correspondence and the gradient-based approach
in dealing with such applications. The two fundamental uncer-
tainties in feature matching procedures, whether it is template
matching or feature point correspondences, are discussed. Corre-
lation template matching procedures are established based on
likelihood measurement. A new method for determining optical
flow is developed by combining template matching and relaxation
labeling, In this method, a number of candidate displacements for
each template and their respective likelihood measures are first
determined. Then, relaxation labeling is employed to iteratively
update each candidate’s likelihood by requiring smoothness
within a motion field. Real cloud images taken from meteorologi-
cal satellites are used to test the usefulness of this method. It is
shown in this application that the new method can deal effectively
with the uncertainty of multiple peak (nulti-modal) correlation
surfaces encountered in template matching. The results show
significant improvement when compared to that of the maximum
cross correlation (MCC), which has been operationally used for
cloud tracking, and to that of the method of Barnard and
Thompson, which estimates displacements based on combining
point correspondences with relaxation labeling.

Index Terms—Optical flow, dynamic scene analysis, motion
estimation, cloud motion fields, template matching, cross-
correlation, relaxation labeling.

I. INTRODUCTION

HIS paper discusses one aspect of low level vision: deter-

mining optical flow (OF), the apparent motion from time-
varying image sequences [21], [24], [34]. A new approach to
computing OF is developed based on combining correlation
template matching [28], [43] and relaxation labeling [36],
[22].

It has been understood that determining OF, or equivalently,
establishing correspondences of identical physical parts be-
tween images, is often the first step to acquiring information
on 3D scene motion and structure [30], [44], [3]. On the other
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hand, OF, or image displacement field, is often the desired
result itself. For example, cloud motion vectors from meteoro-
logical satellite images have been used to investigate atmos-
pheric movement [27], [39], [25]. Video coding of moving
picture sequences for efficient transmission and storage is an-
other important direct application of OF estimation [29], [35].

Most previous work in the context of computer vision dealt
mainly with scenes containing rigid objects and images from
which prominent local features, such as edges, lines, and grey
corners, can be easily identified. Images of evolving fluid mo-
tion, from which the above local features cannot be unambigu-
ously determined, has not been discussed in depth within the
computer vision community. Two predominant examples of
evolving motion are the floating clouds and the movement of
sea surface temperature patterns seen from meteorological
satellite picture sequences [13], [23], [47]. It is worth empha-
sising the importance of motion tracking in environmental
studies. Cloud motion vectors have been operationally derived
since the late 1970s [39] and are important input parameters to
global numeric weather prediction (NWP) models [25]. In this
particular application, however, the correlation matching ap-
proach has been the only methodology adopted by operational
agencies [1], [2].

For the last four years, we have been researching into de-
veloping new techniques for tracking cloud motion and sea
surface currents [46], [47], [48], [49], [50], [51]. The new
method described in this paper has been shown to produce
significantly improved results compared to existing methods
based only on correlation matching. This paper attempts to
discuss in depth the theoretical background of the new method.
In addition, we report new computational results.

In the remainder of this paper we first review existing tech-
niques and discuss their difficulties with regard to the nature of
environmental satellite imagery (SectionII and Section III).
We then relate the likelihood measurement to correlation
matching procedures, and formulate the theory behind the new
correlation-relaxation-labeling (C-R) method (Section IV and
Section V). Some specifics in the implementation of the new
procedure are given in Section VI, and in Section VII, results
are illustrated and compared with that of two other relevant
methods in support of discussions on key matching problems.
The last section summarizes the paper and outlines possible
future research direction to further improve the method.
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II. EXISTING METHODS

Most existing techniques for determining OF may be classi-
fied into three categories: the gradient-based, the spatiotempo-
ral energy-based, and the feature-based approaches.

A. Gradient-Based Approach

Methods from the gradient-based approach, also known as
the differential approach, are based on the following simple
image intensity conservation equation [21]:

Ix,y,6) = I(x+ 6x, y+ 0y, t+ 61 1)

where (8 x, 6 y) and & ¢ are the inter-frame displacement and
time interval respectively. The first order differential equation
of (1) [21],

ol dx + ol dy + a =0 7))

dt odydt o

can in principle be used to approximate the velocity compo-
nent in the direction of a spatial gradient of the image inten-
sity. Velocity solutions are typically obtained by combining
the conservation equation (2) with a constraint [21], [34], [19],
[24] that requires minimum departure from velocity smooth-
ness.

Equations (1) and (2) are derived from two assumptions:
Intensity conservation and small inter-frame motion and time
interval. These two assumptions lead to two fundamental diffi-
culties which limit the usefulness of the gradient-based ap-
proach. The first is that the image intensity is simply not con-
served in most real world image sequences not only due to
noise and distortions in illumination and 3D imaging geome-
try, but also due to changes in the scene itself. What is often
partially conserved is in fact the structural relation of the in-
tensity function [52], [11]. The second difficulty is that the
approach requires the image intensity to be sufficiently smooth
so that inter-frame change can be related by the linear relation
of (2). This assumption is unrealistic when inter-frame motion
is large. To ensure that inter-frame motion is small, i.e., short-
ranged [10], [11], temporal sampling rate must be very high.
Multi-resolution, coarse-to-fine strategies involving smoothing
filtering preprocessing, as described by Glazer [15] and
Enkelmann [14], have been used in this approach for increas-
ing the motion range that can be estimated, and were shown to
give improved results. These techniques, however, tend to
produce oversmoothed flow fields, and it is easy to see that
they are successful only under the condition that a large vector
obtained at a coarse level is already approximately correct, and
only finer adjustments are necessary. This condition corre-
sponds to the unimodal, or single peak correlation surface,
assumption used in correlation matching procedures, as dis-
cussed in Section III. It is noted that more recently Weng et
al,, [45] proposed a multi-attribute and multi-resolution algo-
rithm, and it appears to have a positive impact on stereo
matching, or OF determination in the case of stationary scene
and moving camera. No results have been reported for images
of a moving scene using this method.

In the case of environmental satellite imagery the above two
assumptions are always severely violated. This is because:

1) the dynamic scene changes constantly such that object
patterns not only translate and rotate, but also form and
deform; and

2) images are formed under severe atmospheric interference
in addition to other distortions; and

3) images cannot be acquired at very high temporal rate due
to practical constraints, and consequently large inter-
frame motion is unavoidable.

B. Spatiotemporal Energy-Based Approach

The more recently developed spatiotemporal energy based
approach [5], [18] uses a family of spatiotemporal frequency-
tuned Gabor energy filters to extract motion information. The
method relies on the use of a large number (7 in [18]) of con-
secutive images to estimate object motion. The other limitation
is that, like the gradient-based approach, it is only suitable for
short-ranged motion [5]. While its application to a variety of
real world images is to be investigated it appears that it is not
suitable for our application for reasons stated at the end of last
subsection.

C. Feature-Based Approach

The feature-based approach, contrary to the gradient-based
approach, does not suffer, in principle, from the two funda-
mental difficulties because it tries to establish correspondences
of invariant features between time-varying images. Points of
high intensity variation, grey level corners [52], [9], [12], [41],
as well as blobs [26] have been matched for determining dis-
placement fields. Other features, such as edges and lines [32],
[16], [20] have also been used for determining displacements
or disparities of stereovision. Very often prominent features
such as those mentioned cannot be easily and correctly identi-
fied. Images containing mainly non-rigid, low contrast fea-
tures, such as those of clouds and oceans from meteorological
satellites, are typical examples. In this case, segments of image
intensity itself, often termed templates, are most frequently
used directly as features to be matched in consecutive images
(28], [43], [13], [471.

The main difficulties with feature-based approach lie in

1) the uncertainty in determining invariant features due to
various image distortions such as those mentioned in
Section IL.A; and

2) the uncertainty in establishing feature correspondences
between any two consecutive images in a sequence.
These two uncertainties will be made clear in the next
section in substantial detail since this paper concerns
mainly the feature-based approach.

III. POINT CORRESPONDENCES
AND TEMPLATE MATCHING

A representative method of using prominent points to es-
tablish a displacement field is developed by Barnard and
Thompson (B-T) [9]. In their approach, a Moravec operator
[33] is first used to allocate prominent intensity features points
from two images, and then, feature points correspondences are
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established using a relaxation labeling technique stemming
from the work of Rosenfeld et al., [36]. In the context of de-
termining optical flow, the correspondence problem is solved
by enforcing the vector field smoothness constraint within the
relaxation labeling operation. They reported successful results
in estimating displacements or disparities from images both of
rigid-body-motion scenes and of stereo pairs. Several other
researchers [12], [6], [46), [48] used similar techniques in their
respective work,

We have previously applied this approach to estimating
ocean surface current using sea surface temperature (SST)
images from the advanced very high resolution radiometer
(AVHRR) of the NOAA satellite [46], [48]). We have also
employed this technique to compute cloud motion vectors
from the infrared images of the Japanese GMS satellite
(reported in this paper). Although on a large spatial scale the
results of B-T show the expected flow patterns (see, for ex-
ample, Fig. 4b), they invariably exhibit numerous artifacts of
two or more neighboring vectors having the same end points.
This means that these feature points in the first image of the
pair correspond to a same point in the second image. Similar
artifacts were shown in the results of Aisbett [6] using the
method of B-T (Aisbett did not discuss the artifact). The cause
of the error can be identified by observing the types of images
used in both cases. In the case of Aisbett, the three pairs of
images used were all of low contrast, and there were very few
sharp points. In our own work, low contrast infrared images
contain basically evolving fluid motion of cloud and ocean
surface, sharp features barely exist. The problem is twofold:

o First, the determination of local features within a small
neighborhood (5 x 5 pixels for Moravec operator) from
this kind of images will generally be erroneous; and

¢ Second, only a small number of feature points can be ex-
tracted. Consequently, the use of a smoothness constraint
in the relaxation labeling operation often unrealistically
forces a few neighboring points in the first image to cor-
respond to the same feature point in the second image,
and bad matches follow.

This problem exemplifies the first difficulty in the feature-
based approach: The uncertainty in detecting invariant fea-
tures. Apparently this difficulty is not significant for images in
which sharp features exist and can be determined using a small
neighborhood (SN) operator. We refer to such features as SN
features.

On the other hand, we observe that image features are still
readily recognizable in low contrast time-varying images. This
observation also applies to images of atmospheric and oceanic
motion where many features are not only distorted but also
gradually change their appearances (deformation) due to fluid
dynamic processes. We argue that, in this case, human visual
recognition is based on the intensity structure of a relatively
large neighborhood (LN) in comparison with SN features. We
term these features LN features.

The representation of LN features is a complicated problem.
In principle it may be achieved through spline techniques but
its usefulness may be limited. One reason is that such represen-
tation requires intensive computing power and is subject to
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severe error when images are distorted. Consequently, as men-
tioned earlier, a segment of the image intensity itself
(sometimes its filtered version) from the image area just en-
closing the LN feature is used directly. In this case, motion
vectors are always computed through correlation template
matching based on (dis-)similarity match measures [37].

In a template matching procedure, for example, in [28],
[13], [47], a template from the first image is matched against a
larger search area from the second image by shifting its posi-
tion pixel by pixel over the entire search area. This results in a
2D match measure surface over all possible shifts. Tradition-
ally, a displacement estimate of the template is the shift that
either maximizes the match measure if it is a similarity meas-
ure, or minimizes it if it is a dissimilarity.

The most commonly used match measure is the cross-
correlation coefficient (CCC), which is used in the well known
maximum cross-correlation (MCC) method. It is popular be-
cause it corresponds to optimal signal-to-noise ratio estimation
[37]. The sum of the absolute value of difference (SAVD) and
its square, the sum of squared difference (SSD), both dissimi-
larity measures, have also been used. Their usage is usually
justified on the ground that they are easy to implement and use
less computing power, especially, when they are used in the
fast sequential similarity detection algorithm (SSDA) [8].

The main difficulty with the MCC method is the existence
of two uncertainties in searching for the correct match position
through peak detection. Ideally, one would expect to find a
well defined maximum, i.e., a single sharp peak in a correla-
tion surface. This is the unimodal assumption that underlies
the MCC method. In practice, however, we often encounter
multiply peaked surfaces due to image noise, distortion, as
well as limited spatial sampling and quantization resolutions.
In other words, correlation surfaces are generally multimodal.
Even when the unimodal assumption is valid, correlation sur-
faces may contain single but rather broad peaks, which is the
well known aperture problem [52]. In both cases, erroneous
estimation will occur if one simply selects the maximum. In
the case of very low contrast images containing mainly LN
features, for example, a template can often be matchable to
different parts of a large search area. This can result in a sur-
face that is both multiply and broadly peaked. In passing, we
note that these two matching ambiguities equally exist in the
uses of dissimilarity measures SAVD and SSD. This problem
represents the second difficulty in the feature-based approach:
The uncertainty in determining the best match.

Recently, there have been efforts to combine correlation
matching with a smoothness constraint for deriving a dis-
placement field [7], [40], [42]. These works are characterized
by the following three aspects.

o First, they dealt with mainly rigid object motion.

e Second, a very small template is used, which effectively
corresponds to a SN feature representation.

e Third, match measures are used within a global optimi-
sation formulation in conjunction with a smoothness
constraint in a fashion similar to the gradient-based
approach.
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As discussed by Singh [42], the implied assumption in this
approach is that the correlation surface is unimodal, ie., it
contains either a well defined maximum, or a well defined
minimum. The coarse-to-fine search strategy [7] cannot guar-
antee the correct match in the presence of multiple maxima or
minima, and it essentially avoids some possible match posi-
tions. Anandan proved that his formulation [7] is equivalent to
the gradient-based approach in the limit that inter-frame time
interval and the template size tend to zero. This proof explic-
itly revealed the relation between correlation matching and the
gradient-based method.

In this paper we present a new hybrid technique that over-
comes the two main difficulties of the feature-based approach.
The method is characterized by three main features:

1) A correlation surface is considered to be generically
multi-modal and unimodal is only a special case.

2) Using correlation matching to establish multiple candi-
date matches for each template. We develop it under a
model for time-varying images more general than that
defined by equation (1).

3) Using relaxation labeling as an ambiguity reduction
process by enforcing the vector field smoothness con-
straints.

Our relaxation algorithm is probabilistic, and is based on
that described by Rosenfeld et al., [36], [37]. Our smoothness
constraint is expressed by continuous functions, in contrast to
the discrete and binary form in the B-T method. We have pre-
viously showed that the former is more suitable for the evolv-
ing fluid motion [48] because the discrete and binary function
tends to result in unrealistically sharp transitions in flow direc-
tions.

IV. CROSS-CORRELATION
AND LIKELIHOOD ESTIMATION

In order to simplify the analysis we deal with strictly 2D
problems with the understanding that 2D images are projec-
tions of 3D scenes under certain imaging geometry [30], [44],
[4].

Equation (1) is a very idealised model for time-varying im-
agery. Ryan {38] proposed a more general model for the stereo
matching problem. The model can be equivalently expressed
here as

Ix,y,)=a-Ix+8x,y+ 8y, t+6N+m+n (3)

where a is a scale factor introduced to account for the differ-
ences in image contrast, and m is a bias term modeling the
possible differences in mean intensity level. a and m, depend-
ing on the shift (dx, dy) and time in general, can be seen as
distortions due to non-uniformity in illumination and trans-
mission channel. We also introduce a noise term » as it is un-
avoidable in real world imagery. This general model does not
seem to have been discussed within the gradient-based ap-
proach in the literature.

The MCC method is shown by Ryan [38] to be a maximum
likelihood estimator. He used vector analysis in his derivation.
We outline the argument in scalar representation and extend it

to the multiple candidate matching situation so that relaxation
labeling can be used.

Consider the template matching process using digital im-
ages based on (3). Without loss of generality we use a square
template of p X p pixels, and rewrite (3) as follows

fx, y)=a gx y; us, V) + m+n, 1<sx,y<p @)

where f(x, y) is the template, and g(x, y; s, vs) is assumed to be
the (u;, v;)-shifted version of fx, y) found within the corre-
sponding search area in a time-lapsed image. Assuming that
the noise » is zero mean Gaussian, independent of image sig-
nals, and with a variance 8 > which is much smaller than the
object pattern variation, it is easy to verify that the following
relations exist

F(x3) - F = a-(g(x.yiuv,) - Blus,v,))+n - ()

. (Fe)-F) ©
(g(x, y;u:yvs) - E(us’v.\'))z

where f and g(u,,v,) denote the averages estimated over the

spatial regions covered by fix, ¥) and g(x, y; us Vs)- Clearly,
2(u,v,) depends on the shift (i, v,).

However, the shift (u,, v,) is the displacement to be esti-
mated in our matching procedure. Without any a priori knowl-
edge of how the template pattern is moved, it is natural to rea-
son that every subimage g(x, y; 4, v) for an arbitrary shift (1, v)
from the search area is a possible match for f(x, y). From (5),
the probability, therefore the likelihood, that g(x + u, y + v) is
a match for f{x, y), given fx, ), is given by [17]

L{u,v)= Pr[g(x, v u, V) f(x, y)]

! e [(f(x,y)—f) ]’

=Wexp 287 A o (g v ) - B )
0]

In the present work, we confine the search area to

y=lx=1

0< (u2+v2) <V,, where V, is the maximum interframe

displacement in pixels, and is deemed to be known a priori.
This defines a circular region from which the match is to be
determined.

Let the summation within the exponential part of (7) be de-
noted by i(u, v). Replacing a in (7) by (6) and further rearrang-
ing the summation we have is the CCC or the normalized co-
variance between f(x, ¥) and g(x, y; u, v), ranging from -1 to 1.

i(u,v) =Z(pf,g(u,v)—1)-22(f(x,y)—]_°)2 ®)
where
pf.g(u’v) =
ii(f (x.3)~F)-(g(x ys,v) - g (V) ©

y=1x=1

p p 2 By p 2\/2
[ZZ(f(x»)’)—f) } [ZZ(g(x,y;u,v)—E(u,v)) ]

y=1x=1 y=1x=1
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From (7) and (8) we see that the likelihood L(u, v) depends on
Prg(u, v) monotonically.

The MCC method determines the displacement estimate by
selecting the (1, v) that maximises ps (4, v), which is equiva-
lent to maximising L(u, v). The MCC is therefore a maximum
likelihood (ML) estimator.

CCC is often considered as computationally expensive. An
alternative matching method is obtained if one assumes a sim-
pler model by taking @ = 1 in equations from (4) to (7). Sub-
sequently we have the SSD dissimilarity measure

i) ==, 3 (706 9) - 7)~(s(x. s 03) - 5@w»)" (10)

A popular ad hoc matching scheme, which is closest to (10)
but cannot be justified on second order Gaussian statistics, is
the sum of the absolute value of difference (SAVD):

i) =3 ¥ |(£(x)-F)-(elxyun)-Fwv)| aD

Both SAVD and SSD can be used in the fast SSDA algo-
rithm for searching a minimum in a correlation surface while
CCC cannot be used there because SSDA cannot be used to
search for a maximum. Therefore, although SAVD and SSD
are derived from a simpler model (a = 1) they are computa-
tionally faster than CCC with SAVD being the fastest.

Some researchers [71, [42] working on SAVD and SSD ap-
pear to have adopted even simpler forms:

i)=Y 3| f(x5) - g(x, y;uv) (12)

and

i)=Y (f(x.5) - g(x, y;u,v))’

which correspond to the simplest conservation model of (1).
The above discussion shows that every shift (u, v) of a

13)

template, within the circular region 0 < 1’(uz +v2) <V, isa

candidate for the displacement estimate of the template, and its
associated likelihood is L(u, v). At image pixel resolution, we
can have up to several thousand candidates within the region.
1t is neither economical nor necessary to use all of them since
many of them have likelihood measures which are so low that
they practically have no significance. We therefore use only a
small number of candidates which are of the highest likelihood
measures within the circular region. We expect that candidates
so selected will correspond to correlation peaks and their
neighboring positions. Since the likelihood L(x, v) depends on

Pre(u, v) monotonically, we use pyz(u, v) to rank the likelihood
of each candidate. Fig. 1 illustrates the candidate vectors in
relation to the correlation surface. To overcome the main diffi-
culty of the MCC as discussed in the last section, and deter-
mine the best match from these candidates, one must use in-
formation in addition to image data statistics. This is where the
relaxation labeling technique is suitably employed.

Centre of Template f;
N\

Correlation Surface

Fig. 1. Initial label assignment. Candidate vectors selected are expected to
correspond to correlation peaks and their neighboring positions.

V. RELAXATION LABELING

A. Initial Label and Probability Assignment

Assume that N templates f,, i = 1, 2, ---, N, are identified in
the first of the two images. We note that, in general, neighbor-
ing templates may partially overlap. In line with the argument
in the last section, we define a candidate vector set for tem-
plate f; by 1, 0 < j < M, where M is the user defined maximum
number of candidates selected for each template. 1; is the shift
of f; to the possible match pattern, now denoted conveniently
by gy, within the search area. Such a candidate vector is con-
ventionally termed a label when labeling techniques are used.
The correlation coefficient that ranks the likelihood of 1; can
be equally denoted by p;. Note that the number of candidates
for a template can be less than M because we require that
Pij 2 Po, a user specified threshold. The label set so defined
implicitly includes a label 1, which does not correspond to any
of the candidates selected. We term 1,5 the no-match label of f;
accounting for the no solution case, as in [9]. This is necessary
because image noise, occlusion, as well as feature pattern dis-
tortion can be so excessive that no useful solution should be
expected. The initial likelihood of Iy can be plausibly esti-
mated by either

po=1-max{p;}, 1<j<M (14
or
1 M
Pio=1-=2 p;, 1<j<M (15)
ME

We have used (14) in this work because it implies an as-
sumption that a solution exists if max{p;} = 1, which corre-
sponds to the maximum possible likelihood obtainable accord-
ing to (7) and (9). From a statistical point view p; = 1 is a ex-
tremely rare occurrence, as it indicates a perfect match.
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We showed in the last section that p; indicates the rank of
the conditional probability of the label 1;. The probability of 1;
is, in fact, the joint probability, denoted by Pr{f;, g1, that f; is
matchable within the search area and the candidate pattern g;;
is a match for f,. This joint probability relates to the condi-
tional probability by

Prif;, gl = Prifi} - Prigi|f] (16)
where Pr{f]] denotes the probability of the condition that f; is
matchable. However, (16) shows that all conditional prob-
abilities share the common factor Pr{f;] so p; also indicates the
rank of the joint probability. The use of (14) or (15) can be
seen as determining, by cross correlation, the rank of the no-
match label’s likelihood for f;.

We now have a set of possible labels, including the no-
match one, and their likelihood rankings for each template.
Our argument designates that one, and only one, of these labels
must be selected as the true outcome. These labels therefore
form a complete set of mutually exclusive events of all possi-
bilities. Accordingly, the sum of all probabilities should be 1.
Under the circumstance, we estimate the initial probability of
each label by normalisation:

o__ Pi
pij =

2, P ir
Although the estimation is not accurate in terms of (7), it does
preserve the likelihood rankings, and is a practical method to

initialise these probabilities for the relaxation labeling algo-
rithm.

0sr<M an

B. Determine Compatibility Coefficients
Using Smoothness Assumption

We now define compatibility coefficients to be used in the
consistent labeling operation [36], [37].

Intuitively, or from the knowledge of non-turbulent fluid,
one knows that the velocities of two neighboring points con-
strain each other in that their magnitudes and directions cannot
be very different. This constraining relation, as illustrated in
Fig. 2, is further strengthened the closer the two points are.
The consistency relation, or compatibility, between two neigh-
boring points’ movement can therefore be determined from the
difference between the two velocities and the distance between
the two points. In our case, the two points are the centers of
two templates. Since a template represents a feature, we may
as well refer to its center as a feature point.

Consider two neighboring features f;, f;, and their respective
labels 1;, L (see Fig. 2). We use c(i, j; h, k), the compatibility
coefficient, to describe the consistency relation between 1; and
. We require that —1.0 < c(i, j; h, k) < 1.0, expressing the
degree of consistency or inconsistency in terms of our smooth-
ness consideration.

First consider the differences between the two labels. We
define the compatibility coefficient as

o(i,j:h,k) = cos0(i, j;h,k)- 1-M

(18)
max( |l,~j Ivllhk |)

where, referring to Fig. 2, 6(i, Jj; h, k) is the angle between la-
bels 1; and Iy, max( |l,j |, | 1 |) is the length of the longer la-

bel. The ratio |||l,,-‘—|l,,k“|/ max(ll,-j |,|l,,,c |) is the relative

difference between the two labels’ magnitudes, and it takes
values within [0, 1].

Not a nelghbour

A neighbour

Very consistent
—e
Very Inconsistent
(@) I (9))
fi
d,
ih 8 ] hi
fh

f—i
© -

Fig. 2. Consistency check based on the smoothness assumption in a fluid
motion field. (a) A feature point fi is a neighbor of f; if its distance from f; is
less than or equal to R. (b) Examples of two displacement vectors being very
consistent or very inconsistent. (c) The general case in which the consistency
strength depends on the differences between displacements’ directions and
magnitudes, as well as the distance between the two feature points.

Equation (18) can be understood by considering two special
situations. Firstly, when l; and 1, are of the same length, the
relative difference between their magnitudes is 1, hence

o(i, j; by k) = cos@(, j; h, k) (19)
In this case, the two labels are most compatible, i.e.,
ofi, j; h, k) =1, if &, j; h, k) is 0; or most incompatible, i.e.,
o(i, j; h, k) = -1, if 6, j; h, k) is m. Secondly, when the labels
have the same direction, then
[t -1

o Jik k) =1-—— =y
a(i, j max(| 1; |, [ |)

In this case, the two labels are most compatible, i.e.,
o(i, j, h, k) = 1, if they are of the same length; or most incom-
patible, i.e., a(i, j; A, k) =0 if the two labels’ relative differ-
ence is 1. In general, the combined effect from label direction
and magnitude differences is that the value of o(i, j; h, k) is
within the range [—-1, 1]. a(i, j; h, k) = 0 indicates that the two
labels are independent of each other.

The compatibility relating to the distance dy; between fea-
ture points f; and f; can be expressed as

B(i, k) = exp(-di/dp)
where the constant d, characterizes the flow. For example, d,
is small in an area having relatively complicated flow struc-
tures such as motion shear and eddy so that neighboring
points’ movements are loosely related. In general, d, is a func-

(20)
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tion of position. Clearly, like some parameters in many real
world problems, d, cannot be known beforehand and is also
application dependent. For simplicity, it is taken as a constant,
and is chosen empirically for our cloud tracking application. In
order to reduce the amount of computation, we specify a dis-
tance R = 2d, to determine the neighbors of a feature point as
illustrated in Fig. 2. Clearly, (i, k) is in the range [0, 1].

From the above discussion, the total compatibility coeffi-
cient that meets our requirement can be simply given by

c(i, j;h,k) = a(i, j; b, k) B(i, ). 22)

It is noted that for the no-match label I, we define
c(i, 0; h, k) = 0. This is because the no-match case is related to
the fact that a vector is unable to be defined, and it is reason-
able to assume that this fact is independent of the movement of
neighboring points. Equally, we have c(i, j; h, 0) = 0.
C. Iterative Processing for Updating Probabilities

Our iterative scheme is similar to that given by Rosenfeld
and Kak [37]. Within each iteration, say, in the nth iteration,
we update label I;;’s probability, p;! j» according to 1;;’s consis-
tency relation with the labels of all of neighboring features.

The compatibility coefficient c(i, j; h, k) can be equivalently
seen as the support of label 1, for };;. Of course, this support
has to be weighted by py . The total support for 1, therefore,
is proportional to

=3 > clisjshk)pjy = Z[ﬂ(i, h)Y, o, jh, k)p:k) (23)

h#l k hi

We define the support function by

she 1
! Clmax,(q,-':)

corresponds to the largest value of the sup-

a; (24

where lmax,(qi’;)
port found within the label set of f;, and C 2 1 is a constant
which controls the speed of convergence as explained in the
next paragraph. Clearly, S,-;? is within the range [~1, 1], and it
can be -1 or 1 for some values of the j only if C = 1.

pj; is then updated according to,

n+l _ p;(1+sn)

bij z plr(1+sn)

We can now discuss the meaning of C in more detail based
on (25). When C > 1 in (24), all supports |S;1,0< j < M, will

be small so that their probabilities p;; get modified slowly, i.e.,
the system converges slowly according to (24). On the other
hand, when C is close to 1, some supports S,-; approach —1.

(25)

Consequently their associated probabilities p,-;'- are suppressed very
quickly in (24). For this reason, we usually do not set C=1 in
order to avoid eliminating some label probabilities. It can be seen
from (24) that for the no-match label 1, the support Sjp = 0 so that
Po gets modified only in the normalization procedure of (25).

The iterative process can be summarized as follows. If a la-
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bel, within the label set of a feature, has relatively more sup-
port from neighboring features, its chance of being selected as
the feature’s displacement will be enhanced. Its probability
will be decreased if the label has relatively less support within
the label set.

We terminate the iterative process using a threshold on the
average absolute probability difference [37] between consecu-
tive iterations, i.e.,

n+l
~Pjj

< (26)

MXN‘_”1

since it indicates the convergence of the system [37].

When (26) is met, the maximum probability label within the
label set of each feature is taken as an estimate of the feature’s
displacement. If the maximum probability is the no-match la-
bel’s probability then the displacement of the feature is unde-
termined.

VI. IMPLEMENTATION

In all previous work using the MCC method, for example
[27], [13], [23], [47]}, templates are conventionally centered at
regular grid points located evenly across the first of the image
pair. When employing the B-T method, feature points are first
identified from both images, and then, for computing a similarity
measure, a template is centered on a feature point from the first
image and another is centered on a feature point from the second
image. It is easy to see that the scheme in the B-T method can be
modified for use in the MCC method. The difference is that, for
the MCC method, we do not need to identify feature points in
the second image, and the template is matched against a large
search area in the second image for computing a correlation sur-
face. We have used both the traditional scheme and the new
schemes within our C-R and the MCC methods to compute dis-
placement fields. In this paper, we use the latter so that we can
compare our method with both the MCC and B-T methods. The
new scheme has an advantage over the traditional one: feature-
less regions, which are often not of interest, in an image are
mostly excluded because feature points are determined based on
computing intensity variation.

Like B-T, we used a 5 X 5 interest operator for identifying
feature points. Our operator [46], [48] is a modified version of
the Moravec operator [33] since we found that the Moravec op-
erator tended to generate very sparsely located features pomts
from images containing mainly smooth LN features.

Following Aisbett [6], we used a template size of 12 X 12 pixels
in all of our examples shown here except in one case a template of
32 x 32 pixels was used for comparison to show the relevance of
the size. In all C-R results, the parameters are set as follows: V,, =
15 pixels, py = 0.3, M = 20, R = 25 pixels, C=1.05, and p, =
0.007. We do not discuss in detail the selection of these parameters
since they rely on the experience of the user, and are usually appli- .
cation dependent. The same set of parameters are used in either the -
MCC or the B-T methods.

In all resultant vector fields presented in this paper, a displace-
ment vector is represented by a thin white line, starting from a white
dot and ending with a black dot. A white dot indicates the position of
a feature point or the center of a template. The length of a vector
represents the magnitude of the corresponding pattern displacement.
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(a)

®)

Fig. 3. (a) The first and (b) the second of a sequence of five. one hourly GMS images, as described in text.

(@) )

©

Fig. 4. Comparisons between (a) the MCC; (b) the B-T; and (c) the C-R method. Each vector is represented by a white line starting from a white dot and ending
on a black dot. All correlation coefficients are thresholded at py= 0.3 in the MCC and the C-R results. See text for detailed discussion on these results. Note
that a small number of feature points near the edges of the image are removed in the MCC and the C-R methods due to their particular handling of the edges.

VII. RESULTS AND DISCUSSIONS

Experiments have been conducted on many GMS infrared
cloud motion images sequences, as well as on two NOAA
AVHRR SST images. Due to difficulties in obtaining cloud
free SST images, we have not applied our algorithm to more of
them. In this paper we concentrate on the cloud motion esti-
mation from a sequence of five one-hourly GMS images, and
refer readers to our previous publications for results and dis-
cussions on sea surface current computation using SST im-
ages. We will illustrate the improvement in our new C-R re-
sults as compared to the MCC and the B-T results, and discuss
the significances in solving template matching problems and in
improving existing cloud tracking procedures. Further, since it
is well known that the MCC method is very sensitive to the
size of the template, we will compare the use of two different
sizes and argue that the C-R method is much less sensitive to
the template size than the MCC method.

We first compare the three different methods. The five
GMS images and the four vector fields estimated from them
are of the same nature and quality. It is necessary to show only
a sample of the sequence and the estimation results. The first
and the second images of the sequence are given in Fig. 3a and
Fig. 3b. Correspondingly, displayed in Fig. 4 are the estimated

displacement vector fields using the first and the second im-
ages. Fig. 4a, Fig. 4b, and Fig. 4c show the results of, respec-
tively, the MCC, the B-T, and the new C-R methods. The three
kinds of vector fields are overlaid on the first image.

The full GMS images that we have used are of size
400 x 576 pixels, of Skm resolution, covering a large area of
south pacific around New Zealand. In this work, we have used
a subarea of the full images, of 400 x 460 pixels. We have
trimmed off the apparent land mass of Australia on the far left
of the full image in order to avoid any possible complication.
The entire GMS sequence, from which the five images are
taken, illustrates the formation of a low pressure center, and
the cloud motion is characterized by a large scale cyclonic
spiral around the center. Prior to using motion tracking algo-
rithms, video animation of this sequence were performed by
McGregor and Marks [31] to examine the motion characteris-
tics. In most of the image area away from the center of the low,
the motion is fairly smooth, especially the large area of shower
clouds above and to left of the low center. However, a strong
motion shear has been identified between the shower cloud and the
cyclonic center. This shear is seen as a band of cloud immediately
to the left of the cloud at the center, evident in the MCC and the C-
R results shown in Fig. 4a and 4c. Such a motion shear is ex-
pected within such a dynamic system by meteorologists [53].
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It is seen that the three kinds of results shown in Fig,. 4a, (b)
and Fig. 4¢ broadly agree with one another in a sense that they

all illustrated the main characteristics of the motion. It is obvi-

ous that the resultant vector field from C-R method is far more
coherent, especially in the large area of shower clouds, than
that of the MCC and the B-T methods. The MCC result is
somehow better than that of the B-T method. We can easily
notice the dominant artifacts, discussed in Section III, from the
B-T results. In comparison, the C-R results do not have these
artifacts. In addition, in the B-T results, there are a significant
number of white dots for which correspondence points in the
second image cannot be found. We argue that this is also due
to the uncertainties in determining feature points from these
smooth and LN feature dominated images.

We examine again the shower clouds in the MCC results in
comparison with that in the new C-R results. Many vectors in
the MCC results deviate from the correct flow by large angles,
varying, roughly, from 45 to 135 degrees. We examined sev-
eral candidate sets corresponding to these erroneous MCC
results. The positions and initial likelihood values of these
candidate vectors indicated the existence of multiple peaks in
these correlation surfaces. Wu, et al., [47] illustrated a corre-
lation surface with two major peaks which caused a bad esti-
mation of sea surface current motion. This error of the MCC
method is largely corrected by the C-R method, as illustrated
by Fig. 4c. This improvement from the MCC results to the C-R
results convince us that the C-R method can deal effectively
with multi-modal correlation surface. In operational cloud
tracking procedures, manual editing of MCC vector fields for
improving the vector field coherency has always been a sub-
jective and time consuming final step. This manual editing also
tends to cause substantial loss of information because it simply
removes many vectors without replacement [1], {2]. One of the
current main research objectives in this area is to reduce, and
possibly eliminate this manual step [1], [2]. The C-R results
therefore demonstrate that the new method can significantly
improve cloud tracking procedures in terms of reducing man-
ual editing and preserving information.

We further examine in detail the area of the motion shear in
all three kinds of results shown in Fig. 4. It is seen that the B-T
vectors fail to clearly illustrate this motion shear while both the
C-R and the MCC results do. We notice that one vector in the
C-R result is pointing to the spiral center, perpendicular to the
direction of motion shear where flow vectors are distinctly in
two opposite directions. In the MCC results the corresponding
vector, however, is seen to line up with the dominant shower
cloud flow. We suspect that this is an artifact of the C-R re-
sults due to the requirement of vector field smoothness which
is inappropriate in the area of motion shear. The next section
discusses possible approaches to reducing errors in cloud
tracking using the C-R method.

Next we investigate the sensitivity of the C-R method to
template sizes in comparison with the MCC method. We note
that this problem is in fact the manifestation of the matching
uncertainties, as described in Section III, in digital implemen-
tation. The problem affects the MCC estimation in three ways.

o Firstly, when the template is large compared to an invari-
ant feature pattern, deformation (multiple objects in the
case of rigid object motion) is generally severe. Subse-
quently, motion estimation is erroneous, and at best, it re-
sults in an average displacement for the entire template.

e Secondly, when the template is small compared to an in-
variant feature pattern, the template does not contain
enough information to match unambiguously within the
search area. This can lead to correlation surfaces which
are generally multi-modal and suffer from the aperture
problem as well.

e Thirdly, when the template is compatible with the feature
pattern but much smaller than the search area, the corre-
lation surface is still likely to be multiply peaked due to,
ultimately, the limited quantization and spatial sampling
resolutions available to digital images, especially in the
case of low contrast and smooth LN features.

We argue that for the C-R method, while large templates
will still degrade the estimation results as in the first case of
the MCC estimation, the situation is different for relatively
smaller templates corresponding to the second and the third
cases of the MCC estimation. C-R estimation is inherently an
ambiguity reduction process, and it uses additional constraints
to determine an estimate from many potential candidates. To
demonstrate this property of the C-R method, we compare Fig.
5a and Fig. 5b which are C-R results corresponding to, respec-
tively, a 12 x 12 pixel template and a 32 X 32 pixel template.

We choose a 32 X 32 pixel template because it is used op-
erationally [39] for cloud tracking. The background image in
Fig. 5 is the same as that in Fig. 4 but covers only a small area
around the cyclonic center. While the quality in terms of co-
herency is similar in the shower clouds in Fig. Sa and Fig. 5b,
the vector field shown in Fig. Sb completely fails to illustrate
the expected motion shear. The result confirms that the use of
a large template will tend to eliminate details of a motion field.
Consequently it is preferable to use relatively small templates
for the C-R method. This also leads to a substantial reduction
in computation time since the cross correlation matching is the
major consumer of computing resource. In processing the
GMS images, each vector field is the result of four iterations
of relaxation labeling, which accounts for only 10 percent of
the total computation time.

Further assessment of the quality of results usually depends
on comparison with in situ measurements in respective appli-
cation areas [1], [2]. This is outside the scope of this paper.

We applied all three algorithms to two NOAA SST images,
taken 24 hours apart. The result of using the B-T method can be
found in [46]. The comparison between the C-R result and the
MCC result was given in [49]. Additional results of using the
MCQC and the B-T methods can be found in [47], [48]. Our com-
parison on the performances of these three algorithms when
applied to the SST image gives similar conclusions as for the
GMS images. These conclusions are only tentative as only two
images were used.
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Fig. 5. Comparison between the use of two different template sizes: (a) the
result of using a 12 X 12 pixel template; and (b) the result of using a 32 x 32
pixel template. (b) fails to illustrate the motion

VIII. SUMMARY AND FUTURE STUDIES

A new C-R method is developed for computing optical flow
and its relationship to previous work is shown. The method has
been successfully applied to tracking cloud motion from GMS
image sequences. Compared to the popularly used MCC
method and the B-T method, the C-R method achieves signifi-
cantly improved results. Although this paper concentrates on
its application to images containing mainly smooth LN (large
neighborhood) features and evolving pattern motion, the
method is equally applicable to images containing sharp SN
(small neighborhood) features and rigid object motion. We
emphasize that the C-R method’s main feature, which is new to
all existing methods, is its ability to deal effectively with multi-
modal correlation surfaces.

One main error source in using the C-R method for cloud
tracking is due to the fact that cloud heights (altitudes) have
not been preassigned. Clouds at different heights can have
different motion, and occlusion does exist. Multi-spectral
methods [39] have been used to determine cloud heights.
When height information exists, it can be incorporated into the
C-R method to separate different cloud layers and remove
possible occlusion.

The existing C-R algorithm can be easily extended to proc-
essing more than two consecutive images. We are interested in
investigating temporal motion smoothness within the consis-
tency labeling framework. Candidate vectors for neighboring
features in the time domain will be related to one another in
terms of the smoothness consistency. Estimates will be chosen
from candidates by considering both spatial and temporal mo-
tion consistency.

Employing SAVD, SSD, or the exponential part of (7) di-
rectly to identify potential vectors through the use of SSDA
has the advantage of substantial computational savings. We
will investigate the use of SAVD within the C-R framework.
While it is understood that SAVD does not perform as well as
the CCC matching we are interested in whether the final C-R
results are severely affected by the initial candidate selection.
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