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Abstract 
We describe an algorithm for tracking an unknown ob- 
ject in natural scenes. We require that the object’s 
approximate initial location be available, and further 
assume that the it can be distinguished from the back- 
ground by motion or stereo. No constraint is placed on 
the object’s shape, other than that it not change too 
rapidly from frame to frame. Objects are tracked and 
segmented cross-temporally using a massively parallel 
bottom-up approach. Our algorithm has been imple- 
mented on a Connection Machine, and runs in real time 
(15-20 frames per second). 

1 Introduction 
Recently there has been a great deal of emphasis in AI 
on the construction of autonomous artifacts, such as 
Brooks’ proposed mobile robots [Brooks, 19861. Per- 
ception will be a vital part of such robots, as the pri- 
mary source of information about the dynamic environ- 
ment. Due to the difficulty of real-time vision, how- 
ever, mobile robots have often had to rely on other 
modalities (such as touch or sonar). This in turn has 
restricted the tasks that such robots can perform. Our 
goal is to construct visual capabilities suitable for au- 
tonomous robots. Real-time performance in unstruc- 
tured domains is a critical step towards this end. 

In this paper, we concentrate on moving objects. In 
particular, we are interested in tracking objects whose 
shape is neither fixed nor known a priori. Such a ca- 
pability will be important for navigation, interacting 
with humans, visual servoing and possibly model con- 
struction. 

Work on motion tracking has concentrated on rigid 
objects of known S-dimensional shape [Gennery, 1982, 
Verghese et al., 1990-J. These approaches have difficulty 
dealing with unstructured environments, such as office 
buildings or parks. A robot that required a model of 
every object that could appear in an office, or every 
animal that might wander by in a park, would not 
be very useful. Even if such a model database were 
available, vision techniques that assume rigidity would 
have trouble dealing with curtains, people, kittens and 
other highly deformable objects. 
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Many vision researchers have attempted to produce 
detailed information about the 3-D motion of objects, 
and have concentrated on rigid objects to simplify the 
task. Our approach is to produce less information 
about a broader class of objects. In particular, we 
can handle objects of unknown shape undergoing arbi- 
trary non-rigid motions, as long as the object is inter- 
mittently separable from the background along some 
modality (currently either motion or stereo). The prin- 
cipal restrictions are that the object’s shape and posi- 
tion not change too drastically from frame to frame.’ 
Under these conditions, we can determine the 2-D mo- 
tion of the object. The output of our algorithm can 
be combined with a depth map (from stereo, for ex- 
ample) to produce a useful description of the object’s 
behaviour. 

There are several reasons to believe that this ap- 
proach is worthwhile. First, as noted above, many en- 
vironments are full of non-rigid objects and objects 
that one would like to avoid having to model. Sec- 
ond, there is evidence that knowing the 2-dimensional 
motion of an object is sufficient for many tasks (es- 
pecially if augmented with stereo depth). Horswill 
[Horswill and Brooks, 19SS], for instance, has con- 
structed a robot which follows moving objects based 
solely on two-dimensional tracking. Finally, our ap- 
proach is computationally tractable and yields reason- 
able results. We have a parallel implementation of our 
algorithm which runs in real time on a Connection Ma- 
chine, and we are currently exploring serial implemen- 
tations on standard hardware. 

We begin with some basic definitions and an 
overview of our algorithm. The algorithm has two 
parts: a motion computation, and a tracking and re- 
segmenting phase. The motion computation (and a 
related stereo computation) are described in section 3, 
and the tracking phase is discussed in section 4. We 
then describe our Connection Machine implementation 
and present some results. Finally, in section 6 we sur- 
vey related work. Pictures of the results of our algo- 
rithm are included at the end. 

‘We will elaborate on these requirements at the end of 
section 4.2. 
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2 Overview 
Since we are concerned with real-time performance, the 
representations used in our algorithm consist entirely 
of retinotopic maps at the same scale as the image. We 
have worked on 128 by 128 8-bit gray level images. The 
object being tracked, for instance, is represented as a 
boolean bitmap (sometimes called an “intrinsic image” 
[Barrow and Tenenbaum, 19781). Such representations 
are ideal for massively parallel implementation. 

Our basic scheme operates on two images at a time. 
Denote the set of image pixels (points) by P, the gray- 
level intensity map of the first image by It(P), and the 
second by It+i(P). A ssume that we have distinguished 
some object in the first image, and wish to determine 
its location in the second image. Let Ot : P -+ (0,l) 
be a binary predicate (equivalently, a function from 
points to truth values) that holds at those points in the 
image It that are part of the object. The inputs to our 
algorithm are It, I 1+1 and Ot, while the output is Ot+l. 
In other words, given a pair of images together with the 
position of an object in the first image, we compute the 
position of the object in the second image.2 

The first step of the algorithm is to compute a 
dense motion field, which can be viewed as a map 
Mt: P + P. Mt determines which point in the second 
image corresponds to each point in the first image. The 
method we use to compute Mt is detailed in section 3. 

The second step to the algorithm is to compute Ot+l 
from Mt and Ot. To a first approximation, Ot+i will 
hold at those points in 1t+i that correspond to points 
in It where Ot holds. Our approach, described in sec- 
tion 4, applies Mt to Ot and adjusts the result towards 
motion or stereo boundaries, while also smoothing its 
shape. 

3 Computing Motion 
The job of the motion computation is to efficiently pro- 
duce a dense field of discrete motion displacements. We 
take a sequential pair of images (It and It+i) as input, 
and produce a motion map Mt as output. irhe result- 
ing motion map is a “goes to” map, indicating where 
each pixel on the old image is likely to have moved 
to on the new image. The computation we use has 
two steps: an initial motion estimate, and a smoothing 
step.3 Our initial motion estimation scheme uses SSD 
(Sum of Squared Differences) correlation in a small lo- 
cal area. The smoothing step is similar to that used 
by Spoerri and Ullman [Spoerri and Ullman, 19871. 

Initial motion estimation is intensity based. Motion 
displacements are bounded by a fixed radius Y,. Mo- 

2We will ass u m e that the object’s approximate initial 
position 01 is supplied in some task-specific manner. This 
will be discussed briefly in section 5. 

30ur algorithm has no commitment to the underlying 
motion computation. Any procedure that produces such 
displacements, such as [Horn and Schunk, 19811, could be 
used instead. 

tions faster than this will not be detected. This pa- 
rameter cannot be arbitrarily increased since the initial 
motion estimation takes time O(T~). 

The SSD matching scheme determines for each pixel 
p on the old image, what the most likely displacement 
for p is. The similarity measure is an SSD match on 
p and its 4-connected neighbors. More precisely, for 
each possible displacement A, we compute the degree 
of mismatch by 

E(A) = c (&(P + 6) - &+I(P + 6 + A))“. (1) 
Il4l=l 

The displacement for p is minll~ll~f,, E(A). Usually 
this will assign each pixel a unique displacement. 

After the initial estimation step, each pixel has a 
displacement. However, these displacements tend to be 
quite noisy. We assume that the scene’s actual motions 
exhibit spatial coherence in order to smooth the initial 
estimates. We determine the most likely displacement 
for each pixel p, i.e. the most popular displacement in 
a region of fixed size ri surrounding p. If a tie occurs, a 
displacement is chosen randomly from among the front 
runners. 

The smoothing step has two important properties. 
First, polling the potential displacements of the neigh- 
borhood tends to weed out noisy motions. Second, it 
results in larger regions of coherent motion, hence im- 
proving the motion boundaries. 

When two adjacent regions of the image move dif- 
ferently, a motion boundary occurs. Near a motion 
boundary many of the pixels polled will lie on the 
other side. As a result the most popular displacement 
may not get many more votes than the runner up. 
Various schemes have attempted to detect this situ- 
ation using statistical tests [Black and Anandan, 1990, 
Spoerri and Ullman, 19871. The problem appears to 
be difficult, however, and we take a different approach. 
Our motion computation produces motion boundaries 
that are not precise, but our tracking scheme attempts 
to compensate for this imprecision. 

Our motion computation produces fairly good re- 
sults provided that several conditions are met. Inten- 
sity levels must vary sufficiently; otherwise the initial 
matching step will give ambiguous results. Objects 
must neither move too fast, nor too slowly. Objects 
moving further than T,, between a pair of frames can- 
not produce reasonable motion displacements. Objects 
moving too slowly can also fail to produce reasonable 
motion displacements. No sub-pixel displacements are 
computed. Hence if an object moves less than a pixel 
between frames, no motion may be apparent. 

3.1 stereco 

In order to produce a stereo displacement map, we 
perform a computation very similar to the motion 
one. In our current implementation, we assume that 
the cameras are aligned so that the epipolar lines are 
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Figure 1: An outdoor scene. 

camera scan lines, and also that the principal cam- 
era axes are parallel. As a consequence, we only con- 
sider unidirectional horizontal displacements. We have 
obtained good results using an SSD initial estimation 
phase followed by a smoothing step. In the stereo SSD 
estimation phase the sum in equation 1 is done for 
6 E {(LO), @Al)). 

Figure 2 shows the result of our stereo computation 
applied to the outdoor scene seen in figure 1. The 
computed displacements are shown; pale intensities in 
the figure correspond to large displacements, and hence 
to nearby objects. 

4 Tracking and resegmentation 
In a scene with a single uniform motion, 
the edge of the image, Ot+i = Ot o A&t-l 

ignoring 
is cor- 

rect. However, real image sequences contain multi- 
ple non-uniform motions, and in general Mt is not 
an automorphism. 4 Imagine a scene with a square 
moving uniformly against a stationary background. In 
the second image It+l, immediately behind the square 
there will be pixels to which no pixel in It corresponds. 
Furthermore, immediately in front of the leading edge 
there will be pixels in It that have been occluded in 
It+l. These pixels in It will nevertheless. determine 
pixels in It+1 to which they appear have gone, result- 
ing in pixels in It+1 to which more than one pixel in It 
corresponds. 

We first compute 6t+1, which is a generalization of 
OtoMtml to the case where Mt is not an automorphism. 
We then produce Ot+i by adjusting 6,+r towards mo- 
tion or stereo boundaries. 

*Recall that an automorphism is a bijection from a set 
to itself. 

Figure 2: Stereo results for an outdoor scene. 

4.1 Tracking 
Formally, define Mr

’

: 

P -+ 2p as the inverse of Mt, 
i.e. 

M,-VP) = -I P

’ 

I M(P

’

) 

= PI* 
In general M;

‘

(p) 

cannot be guaranteed to be a sin- 
gleton set, so we define Oi,, , an intermediate result, 
bY 

{ 

I, if M,-l(p) = 0, 
O:+,(P) = 1, if 3p' E M;'(p) where Ot (p

’

) 

= 1, 
0, otherwise. 

Then 6,+i will be Oi+, except at those points where 
o:+, = 1. 

At those undecided pixels we use a winner-takes-all 
solution, taking a poll of the pixels in a neighborhood 
around p. &+I holds when Oi,, = 1 at the majority 
of these pixels. This tie-breaking scheme has the effect 
of filling holes caused by non-rigid motion and by the 
discretization of motion vectors. 

4.2 Resegmentation 
As noted in section 3, our method for computing 2Mt is 
somewhat inaccurate near motion boundaries. Conse- 
quently, 8,+i will tend to have inaccurate boundaries. 
Since we assume objects are distinguishable from the 
background by some labeling (such as motion or stereo 
displacements), we adjust &+I towards the boundaries 
induced by the labeling to produce Ot+i. This adjust- 
ment is accomplished by applying a winner-takes-all 
local algorithm that adds and deletes pixels near the 
boundaries of 6,+r. We will describe the adjustment n 
of Ot+i under the assumption that motion boundaries 
are used, but the same scheme can be used for stereo, 
or for other modalities. 
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As the motion displacements are discrete, Mt+i 
(produced from It+1 and rt+2) defines a set of con- 
nected components of pixels with the same label (mo- 
tion displacement). These connected components are 
separated by motion boundaries. The resulting Ot+l 
ought to have two properties: its perimeter should be 
consistent with these motion boundaries, and it should 
diverge from &+I as little as possible. 

The first of these properties can be naturally mea- 
sured component by component. A given pixel p is 
part of exactly one connected component. 6,+i will 
hold at some of the pixels in that component; in par- 
ticular, G1+i will either hold at the majority of the 
pixels or will not. We define p to be a minority pixel if 
8 t+l holds at p but not at the majority of pixels in p’s 
component, or if &+I does not hold at p but holds at 
the majority of pixels in p’s component. The number 
of minority pixels is a natural measure of how incon- 
sistent &+I is with the boundaries. In particular, if 
there are no minority pixels, then the boundaries of ,. 
Ot+l line up precisely with the boundaries. We would 
like to produce a result Ot+l which minimizes the num- 
ber of minority pixels. 

The second desired property is also easy to measure. 
We would like to produce a result Ot+l which agrees 
with 02+r wherever possible. Define p to be a changed 
pixel if Ot+l(p) # 6,+1(p). The number of changed 
pixels (the Hamming distance) is a natural measure of 
how different Ot+i is from 8,+i. In particular, if there A 
are no changed pixels, Ot+i and Ot+i are identical. We 
would like to produce a result Ot+l which minimizes 
the number of changed pixels. 

Ideally, one would like to satisfy both these con- 
straints at once. But if we start with dl+i, reducing 
the number of minority pixels introduces changed pix- 
els. Similarly, trying to keep the number of changed 
pixels at zero cannot reduce the number of minority 
pixels. Thus it is impossible to minimize both mea- 
sures simultaneously. Rather, we must minimize some 
combination of the two measures. Many combinations 
are possible; our approach is to minimize the number 
of minority pixels first, and only secondarily to mini- 
mize the number of changed pixels. We now describe a 
simple algorithm which is provably optimal under this 
criterion. 

To produce Ot+i from ol+l, consider each connected 
component in turn. If 8,+1 holds at the majority of 
pixels in the component, then Ot+l will hold at every 
pixel in the component. Otherwise, Ot+i will hold at 
no pixel in the component. The resulting segmenta- 
tion, Ot+l is the union of the set of connected compo- 
nents in which the majority of pixels are in &+I. 

Unfortunately this simple algorithm has two unde- 
sirable properties. Both these properties result from 
the definition of minority pixels, which is non-local in 

nature.5 First, the adjustments can be too drastic. 
If It+r and It+2 are identical, Mt+l will be the iden- 
tity map. There will be one connected component, 
and hence either &+I will consist of less than half the 
pixels, and Ot+l will be empty, or ol+l will be a ma- 
jority and 0 t+i will be all pixels. Second, the labeling 
of connected components is slow on parallel machines 
such as the Connection Machine. To ameliorate these 
shortcomings we use a purely local computation, that 
is intended to approximate the notion of minority pix- 
els in a local area around each pixel. 

If there is no motion boundary within a local re- 
gion around p, Ot+l(p) is defined to be ol+l(p). This 
condition on the adjustment phase allows us to track 
objects that are only intermittently separable from the 
background. So, for example, we can track an object 
which moves, and then stops, and then moves again, 
such as a pendulum. 

The adjustment phase of the tracking algorithm is A 
intended to recover from inaccuracies in Ot+l. If the 
distance between the boundaries of 8,+1 and the mo- 
tion boundaries gets too large, local adjustment cannot 
recover. In particular, when a large expanse of an ob- 
ject comes into view suddenly, the motion boundary 
on the periphery of the object may be far from the 
boundaries of &+I. Thus the algorithm does not deal 
well with objects which change shape drastically from 
frame to frame. 

An additional limitation comes from internal mo- 
tion boundaries (in other words, motion boundaries 
that occur within the object we are tracking, rather 
than between the object and the background). If &+I 
ends up nearer to an internal motion boundary than 
the external motion boundary, local adjustment may 
actually force Ot+l to be further from the boundaries 
of the object than ot+l. 

5 Our Irhplementation 
Our algorithm has been implemented on a 16- 
kiloprocessor Connection Machine at Xerox PARC. 
The algorithm runs in real time at a rate of 15-20 
frames per second on 128 by 128 images (subsampled 
from the 512 by 512 output of a camera). This includes 
the overhead for image digitization and the shipment 
of image data into the Connection Machine, which oc- 
cupies about a third of our running time. The basic 
motion computation described in section 3 is very fast; 
we can compute iVlt at a rate of over 50 frames per 
second. The stereo computation shown in figure 2 is 
comparably fast. 

Our implementation has been tested on several 
dozen image sequences, which are typically 100 frames 

5Finding the minority pixels requires computing the 
connected components of pixels with the same motion dis- 
placement. This can involve communication between pixels 
that are arbitrarily far apart. 
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each. We have tried to make these sequences as differ- A longer term goal is to use our system for for robotic 
ent from each other as practical. applications. An implementation of our algorithm on 

Some results are shown at the very end of this paper. standard serial hardware is also currently underway. 
Each column consists of four images. The top image Our algorithm currently yields only 2-D positional 
is the original image. The second is 01, the initial information about the object. While this can produce 
location of the object in that image. The third image some 3-D information when combined with stereo, ad- 
is a later image in the sequence, and the fourth image 
is the location of the object in the later image. All 

ditional descriptions of the object’s structure will un- 
doubtedly prove necessary for some applications. 

the images are 128 by 128 except the kitten sequence, 
which is 256 by 256. 

The initial segmentation is done on a case-by-case 
basis. In the data shown none of the initial segmen- 
tations are precise (they always include some of the 
background, and exclude some of the object). Empir- 
ically our algorithm is not very sensitive to the exact 
initial segmentation. 

6 Related Work 
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