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ABSTRACT 

A novel algorithm is proposed for efficient estimation of 
two-dimensional planar motion. This approach is based on the 
idea of morphological correlation first introduced for shape 
representation [l]. The advantage of this algorithm is that it can 
be implemented in real-time, using high-speed morphological 
filters [2] and memory. Most importantly, this technique is capa- 
ble of estimating the speed of relatively fast-moving objects, the 
maximum speed being dependent on the size of the object. 
Promising results have been obtained through simulated experi- 
ments. 

1. INTRODUCTION 

The processing of image sequences embodying motion has 
many important applications. Industrial applications include 
dynamic monitoring of assembly processes, dynamic robot 
vision, navigation and inspection. Commercial applications 
include bandwidth compression of picture-phone video signals 
and HDTV signals. Others include medical, remote sensing, and 
military applications. 

It is well known that the problem of analyzing the motion 
of natural moving objects in a general dynamic scene is a very 
difficult one. Correspondingly, there have been limited 
successes in developing general motion-estimation schemes. 
Basically, two main approaches to the problem of motion detec- 
tion and estimation have evolved. They are the optic-flow 
approach [3], [ 41, [5], and the feature-based approach [6] ,  [7 ] .  

In the optic-flow approach, the instantaneous changes in 
brightness values in the image are analyzed to yield a velocity 
map called the optic flow. This technique is based on solving a 
set of constrained equations relating local spatial and temporal 
derivatives of a moving object. Alternatively, the idea underly- 
ing the feature-based approach is to establish correspondence 
between points, or sets of points, between frames, and then 
group the sets into objects based upon similarities of motion. 

One of the many difficulties associated with existing 
approaches to motion estimation is the time constraint placed on 
the process by most of the applications, for examples, in indus- 
trial or robotic processes or in video conferencing and picture 
phone imaging. In this paper, a new approach, which can be 
easily implemented in real-time, using relatively straightforward, 
but high-speed, morphological architectures [2], is proposed. In 
Section 2, some theoretical background and the general assump- 
tions employed in the proposed scheme are outlined. Section 3 
presents the basic algorithm which constitutes the core of an 
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efficient integrated structure for moving-object analysis. Finally, 
in Section 4, the performance of the proposed scheme is 
analyzed using some experimental examples. 

2. MORPHOLOGICAL MOTION ESTIMATION 

This new approach to motion analysis is based on the idea 
of a new shape-representation scheme, the Morphological Auto- 
correlation Transform or MAT [8], which is obtained from the 
projected motion characteristics of a stationary object. The 
MAT is comprised of a family of Geometrical Correlation Func- 
tions or GCFs which are defined [l] as: 

where B,$ is a two-point structuring element, X is the image 
object under consideration, Y is a pre-defined standard shape 
(e.g., a square of size 200x200 pixels), and M a [ * ]  is the Lebes- 
gue measure. 

There are basically two parts to the analysis: 1) recogni- 
tion, and 2) estimation of motion-parameters. For recognition, a 
single frame from the image sequence can be used as input to the 
recognition system [l]. As far as the motion-estimation is con- 
cerned, the required parameters can be obtained quite con- 
veniently from the MAT representation. In fact, the MAT 
representation demonstrates the duality between the processes of 
recognition and motion estimation which is implicit in this 
approach, but never before properly utilized. The consequence 
is a very efficient scheme for moving-object analysis, in which 
both the recognition and the motion-estimation processes are 
carried out concurrently. 

The proposed motion-estimation scheme can be described 
by an integrated structure (see Section 3) which uses information 
from the correlation between consecutive frames of the object 
sequence, as well as that from the pre-computed MAT of the 
corresponding object. When certain quite reasonable assump- 
tions are satisfied, this approach provides a very efficient way of 
estimating motion parameters. The major assumptions of this 
approach are outlined as follows: 
1. Sampled GCFs in different directions ($) for each of the M 

objects are available in a database. 
2. The speed of an object visible in a minimum of three 

object frames is reasonably constant. 
3. The inter-frame intervals are known. 
4. The motion is reasonably smooth and regular. In particular 

no composite motion including rotation can be involved. 
Note that this assumption is a usual one, that for natural 
dynamic scenes, the direction of motion of an object at any 
time does not change abruptly [9], [lo]. 
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5. In situations where the image sequence is obtained from a 
TV camera, it is assumed that the angle between the optical 
axis of the TV camera (the line of sight) and the normal to 
the plane on which motion takes place, is small. 
Note that one of the advantages of this approach is that it 

does not impose any restriction on the shape of the viewed 
object. In particular, the shape of the unknown object may be 
convex or nonconvex (that is, containing holes); as well it may 
be polygonal, curvilinear or circular. However, the algorithm 
does assume that the moving object under analysis is rigid, that 
is, it should not incorporate flexible components, which may be 
moving independently. 

Unlike the optical-flow approach, where estimation is car- 
ried out locally for every pixel in the scene, the present tech- 
nique deals with the moving object as a whole. In other words, it 
can be considered to provide a global estimation. However, it 
cannot be considered simply as a feature-based technique, one 
which is based on the establishment of frame-to-frame 
correspondence through matching of features. Rather, in this 
technique, the interframe or temporal correlation of the image 
sequence is exploited more globally. 

3. THE BASIC ALGORITHM 

In this section, the basic algorithm of the proposed scheme 
is presented. Figure 1 depicts the block diagram of the proposed 
integrated moving-object-analysis system based on morphologi- 
cal correlation. There are basically three main components in 
this system - for preprocessing, segmentation and image under- 
standing. In fact, this system can be considered as an enhance- 
ment of the system proposed in [l]. For both systems, the refer- 
ence GCFs of the objects or shapes are assumed to be stored in 
the data base during the training phase. 

According to Figure 1, the input frame will first pass 
through the preprocessing module, where the image is enhanced 
and noise is suppressed. Then the resulting image is passed on 
to the segmentation module. Segmentation is particularly impor- 
tant for scenes containing multiple moving objects. This can be 
achieved using techniques like thresholding, region growing, and 
region splitting and merging. After segmentation, different areas 
of interest are registered as elements on which analysis may be 
carried out individually. If this is the first frame, it will be pro- 
vided to the morphological correlator, where the GCFs are com- 
puted. However, if this is not the first frame of a new sequence, 
the morphological correlator may be by-passed. The reason for 
this is that for classification, and for the extraction of geometri- 
cal information such as perimeter and orientation, a single frame 
is sufficient. 

After the MAT has been computed, there are several 
options available. If it is necessary to know the identity of an 
object in the sequence, the path to the classifier can be activated. 
If knowledge of geometrical properties is needed for subsequent 
actions, the paths to the area, perimeter, or orientation estimators 
can be activated. This information, together with that from the 
motion estimator, are then passed to the data-fusion unit where it 
will be combined in a pre-defined manner. Finally, the outcome 
of the data-fusion unit is used to determine the subsequent 
action. 

The procedure for the classification step is the same as 
presented in [l]. That is, a sub-family of the GCFs is derived 
from the morphological correlator, and classification is carried 
out based on this smaller subset of the original family of GCFs. 

However, for motion estimation, all the GCFs from the morpho- 
logical correlator are needed. It should also be noted that the 
accuracy of the motion estimator depends basically on the accu- 
racy of the GCF representation. Therefore, to e n m e  that the 
resulting speed and motion-direction estimates are accurate, it is 
necessary to have an accurate representation for each GCF. This 
is particularly true for those GCFs representing directions other 
than Oo or 90" in a rectangular-grid configuration. In the proposed 
struchwe, this step will be achieved by means of the interpolation 
module, which is entered immediately before the motion estima- 
tor of Figure 1. 

The proposed technique can be used effectively when the 
basic assumptions described in Section 2 are met. With them, 
the major steps involved in the motion estimator are as follows: 
Step 1) 
Step 2) 

Step 3) 

Step 4) 

Step 5 )  

Step 6) 

Step 7) 

Read in frame #1, and denote it FI. 
Using frame data in F r ,  obtain the GCF family of 
the unknown object in F1. Identify the object if 
necessary. 
Read in frame #2 and denote it F z .  Calculate the 
value of the GCF, K ( h l ) ,  based on the intersection 
between the objects in F l  and F z ,  i.e., 

(2) 
Mes [F lnFd 

K ( h d =  Mes[F , ]  

Look up (from the GCF curves of step 2) the spatial 
shift h l i  for each direction, i = 0,. . . ,m-1, where m 
is the number of discrete directions for which data is 
stored. Since the inter-frame interval, t l ,  between 
frame #1 and frame #2 is known, the corresponding 
speed for each direction can be calculated as 

(3) 

The procedure is illustrated in Figure 2 (a) for the 
case of m =3. 
Read in frame #3 and denote it FJ.  Calculate the 
value of the GCF, K(hz) ,  between frame #1 and 
frame #3, i.e., 

(4) 

Then using the knowledge of the inter-frame inter- 
val, t2.  based on the intersection between the objects 
in frame #1 and frame #3, a set of new spatial shifts, 
hz, , can be found for the respective directions, i.e., 

(5)  hz, = V ~ X I Z  , i =O;..,m-l 

Finally, look up the corresponding GCF for each of 
these h z l .  The one that gives a covariance value 
closest to K ( h z )  is the correct one. The correspond- 
ing motion parameters, such as speed and motion 
direction, are readily available. The details of this 
process are illustrated in Figure 2 (b) for m=3. 

From the direction estimates and the slope charac- 
teristics, determine the number of ambiguities that 
arise, then shift frame #1 in each of these directions 
by the amount hZ, .  Determine the area of intersec- 
tion between shifted frame #1 and frame #3, for 
each of these shifts. The one which has the max- 
imum area i s  in the correct direction. 

Mes [F I ~ F  31 K(hz) = Mes [F1, 

The last step of the algorithm is needed to resolve the 
ambiguity associated with the speed and direction estimates. 
This is due to the fact that the values of the GCF are the same at 
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angles $ and $ 3 ~ .  In fact, the degree of this ambiguity is directly 
related to the symmetry of the shape under study; in particular, 
the more symmetric is the shape, the higher is the degree of 
ambiguity, and hence the number of iterations. However, the 
maximum number of iterations is limited; it is equal to the 
number of GCFs used in the system. Nevertheless, this step is 
essential in the sense that it increases the confidence level of the 
resulting estimation of motion direction. Since the operations 
required by this step are basic shifting and logical operations, the 
overhead involved is not very significant. The degradation on 
speed performance is also not very severe since shifting and 
logical operations can be easily implemented in real-time. If 
additional frame buffers are available, this step can be imple- 
mented in parallel, allowing the operation time to be greatly 
reduced. 

4. PERFORMANCE EVALUATION 

In the previous section, the basic idea of motion estimation 
based on morphological correlation, was presented. It was shown 
that some steps of the proposed algorithm can be realized using 
table-lookups with some associated arithmetic and logical opera- 
tions. This is the case especially for steps 4) and 6). Note that 
the lookup table of step 4) and step 6) are inverses of one other. 
However, due to the discrete representation associated with the 
MAT and its coordinates, some interpolation may be required to 
achieve an acceptable accuracy in the estimation processes. In 
this section, we will examine the performance of the proposed 
motion-estimation scheme for various shapes and different inter- 
polation schemes. 

Two interpolation schemes are considered here. The first 
scheme interpolates correlation samples by taking the average 
between samples preceding and following the interpolated one. 
The second scheme is based on a linear interpolation between 
samples. That is, the equation of a line segment between two 
samples is Erst determined. Then intervening samples are inter- 
polated based on this equation. In all experiments, the test 
shapes are rotated by 139” and are moving at 24.17 ppf (pixels 
per frame) in the direction 335.56”. To illustrate the need for the 
last step, the algorithm was Erst tested using only the Erst 6 steps 
described in the previous section. In this case, it was found that 
the resulting speed and motion-direction estimation is not 
acceptable using either interpolation schemr. 

We next examined the effect of using the algorithm in 
which an error feedback and verification procedure (that is, step 
7) is incorporated. The results produced using this algorithm 
with simple interpolation are shown in Table 1. There is a 
significant improvement to be seen in this case, ten out of the 
twelve estimates being very close to the correct velocity. The 
slight discrepancies are due to the finite resolution of the MAT 
used, (employing only eight directions). Note that the number 
of verification steps is fairly large in some cases ( for example, 8 
for the annulus). This might not be desirable, even though the 
associated overhead is not very large. 

As indicated experimently, the performance may be further 
improved by using the linear interpolation scheme. Table 2 
shows the estimates which result using linear interpolation with 
error feedback and verification. It can be seen that all the esti- 
mates in this case are very close to the correct value. In addition, 
the average number of verification steps is fewer than that of the 

simple interpolation case. This is attributed to the more precise 
representation available in the linear interpolation scheme. 

In conclusion, it has been found that the verification step is 
very crucial in ensuring the correctness of the resulting esti- 
mates. Furthermore it is apparent that the linear interpolation 
scheme gives a more accurate estimate of motion parameters 
than does simple interpolation. 

5. SUMMARY 

In summary, this paper presents an efficient algorithm for 
estimating motion parameters of a moving-object. It is shown 
that when certain reasonable assumptions are satisfied, morpho- 
logical correlation can provide a very efficient means of charac- 
terizing two-dimensional planar motion. Most importantly, this 
technique is capable of estimating the speed of relatively fast- 
moving objects, the maximum speed being dependent on the size 
of the object. This approach is inherently more efficient than 
other feature-based approaches if frame-to-frame correlation is 
maintained. Fortunately, this is the situation in most cases 
except for extremely fast-moving objects. Finally, the perfor- 
mance of the algorithm was evaluated through simulated experi- 
ments, with the results obtained being very encouraging. Ekten- 
sion of the algorithm to gray-scale images and non-rigid objects 
is currently underway. 
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Figure 1 Block diagram of the integrated moving-object-analysis system. 
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