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Abstract. Since humans usually prefer to communicate in qualitative and not in
quantitative categories, qualitative spatial representations are of great importance
for user interfaces of systems that involve spatial tasks. Abstraction is the key for
the generation of qualitative representations from observed data. This paper deals
with the conversion of motion data into qualitative representations, and it presents
a new generalization algorithm that abstracts from irrelevant details of a course
of motion. In a further step of abstraction, the shape of a course of motion is used
for qualitative representation. Our approach is motivated by findings of our own
experimental research on the processing and representation of spatio-temporal
information in the human visual system.

1 Introduction

It is a matter of fact that humans are capable of storing transient data, e.g., for tracking
an object through occlusion [14], or for the reproduction of a path formed by a moving
black dot on a computer screen (see section 4.1). For this prima facie trivial capability
a bunch of problems has to be solved by the human visual system. Here we are con-
cerned with the integration of representations with different time stamps. This general
logistic problem arises especially when complex spatio-temporal information has to be
classified, e.g., a sophisticated gesture in Japanese Kabuki Theater, but is immanent
to formal-technical applications too. As an example, a locomotion-capable agent who
has explored route knowledge about some environment and who has to communicate a
possible route to a human listener in a human format has to transform the raw data (ob-
tained by odometry) into songualitativeformat (see [1] for an approach on a similar
problem).



When representing an observed course of motion qualitatively, the most important
step is abstraction. This paper presents a new possibility of how to abstract from irrel-
evant details of a course of motion in order to represent the coarse structure qualita-
tively. A further step of abstraction is the segmentation and classification of the gained
qualitative representation. In this step any detail of the course of motion concerning
spatio-temporal variation is omitted and it is represented merely as a sequence of mo-
tion shapes. Both generalization and segmentation are essential aspects of the qualita-
tive modeling of motion representation. This qualitative stage is part of an integrated
approach [13] which ranges from the modeling of qualitative representation to the mod-
eling of spatio-temporal information on earlier stages of the human visual system. In
this context, we also propose a memory model on the level of visual concept formation
which tries to explain human capabilities of reproducing the spoor of a moving object.

2 Qualitative Motion Representation

Representing a course of motion qualitatively means abstracting from irrelevant details
to get only the big directional changes which can then be translated in some qualitative
categories for direction. Therefore, an observed course of motion should be simplified
by some generalization algorithm (e. g., the one described in section 3) that suppresses
small zigzags and deviations (fine structure) and returns a course of motion that contains
only the big directional changes and the overall shape information (coarse structure).

The directional changes can then be represented qualitatively, as well as the dis-
tance between each directional change. We can do this by mapping the numeric values
for distance and angle into a corresponding interval, thus collapsing numerical values
which we do not want to distinguish into a single qualitative value.
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Fig. 1. A discretization of the distance domain

Figure 1 and 2 show how this can be done. In the direction domain, we model only
positional change, so we can use the well known orientation relations from qualitative
spatial reasoning. A discretization with intervals of equal size can be systematically
derived on any level of granularity as shown in [6]. Possibilities of how to discretize the
distance domain are shown in [2]. The qualitative values for distance can e. g., be named
very-close, close, medium-dist, far, very;fdme values for directionorth, south, east,
west

The resulting qualitative representation of a course of motion is a sequence of qual-
itative motion vectors (QMVs). The vector components are qualitative representations
of direction and distance as shown above. A qualitative representation of motion speed
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can be added by simply mapping the ratio of time elapsed from one directional change
to the next and the distance covered in this time into qualitative intervals.

The mapping of the observed course of motion into a QMV sequence should best
take place after a suitable generalization algorithm has been applied. However, it is also
possible to do it the other way round, that is to generate a QMV representation con-
taining coarse and fine structure of the course of motion and to apply the generalization
algorithm to this QMV sequence. All developed algorithms (see [7] and section 3) can
be used with numerical vector sequences as well as with QMV sequences. In fact, the
algorithm presented here only smoothes the course of motion when applied to a nu-
meric vector sequence, but generalizes only when applied to a QMV sequence, as we
shall see.

3 Generalization

By generalization, a motion track is simplified and the fine structure is suppressed,
stressing on the coarse form, containing the information on the major directional
changes and the overall shape of the course of motion. Such an operation can be useful
when processing motion information with a limited memory capacity, e.g. in biological
systems, but also in technical systems like the Bremen Autonomous Wheelchair, where
generalization is used for navigation on basis of recorded locomotion data [10].

Analytical generalization algorithms as used by, e.g., cartographers [3,5], are
mostly not suitable for our purpose, since the computational effort of computing a
smooth curve is not necessary with our discrete representation, but so considerable
that it would perhaps not be possible to generalize “on the fly” in a real time environ-
ment. Other algorithms like the one described in [8] need the complete motion path, and
therefore they are also not suitable for processing on the fly. So we developed two incre-
mental generalization algorithms, theand X'-Generalization which are described in
[7]. An alternative approach is based on a spatio-temporal memory model introduced in
[12], which is a necessary prerequisite for the representation and processing of intricate
motion information in the biological visual system.



In contrast to the sequential approaches described in [7] it enables the parallel access
to all motion information gathered within the last few time cycles, i. e. to a sequence
(of a certain length) of successive motion vectors, in order to extract and generalize
information about a course of motion. The following algorithms are based on the main
idea of this model. Parallel accesd teuccessive vectors is equal to a window of dize
sliding on the motion track:

Stepn : Access tu,, Up 41, - - -5 Unti—1
Stepn + 1 : AcCeSS t,, 11, Unt2, - - - Unpi

Technically this is a FIFO-buffer of siZe

Linear Sliding Window Generalization. A simple idea of using the local information
of few successive vectors for generalization is to calculate the averagesiotessive
vectors (heré: = [: compute the average of all parallel accessible vectors):

1 s+k—1 1 s+k
wt:E E Vi, wt-‘rl:E‘EJ’_lU% BN}
1=8 1=S

wherew;, is the corresponding result vector for the sliding window froymo v, 1.
The indext marks the middle of the sliding window.= s + % holds with oddk.
Thus we get a new vector sequence where eadh the average df successive vectors
(U

Nested Sliding Window Generalization. [9] used the idea of the spatio-
temporal storage and parallel access for a different approach: the motion vectors
Uns Untl, - - -, Unti—1 are used to compute the motion vectoy, (,;—1) for the whole
motion of the observed object within the time slice of the spatio-temporal memory:
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Thus we get a sequence of overlapping vectars;,+;—1, Un+1,n+i,--. In this se-

guencep,4;—1 is covered by the combined vectars ,, ;-1 10 Up4i—1,n+21—2, Un1
by Un+1,n+1 to Un41,n+20—1s « -+
Now eachw; is computed as the average of all thg, coveringv,:
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wherek’ is the number of input vectors: Each vectgy, is the sum of vectorsy;, and
[ vectorsu,, ;, are added, therefore = [ - | = 2.



Generic Sliding Window Generalization. Having a closer look on the algorithm
above shows two nested sliding windows used:
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The inner sliding window (sum of the) is of sizel, the outer one used for computation
of the average of size = 2/ — 1. Rewriting indices leads to
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a weighted sum ovekt successive vectors.
In general any set of weights can be used, so the generic form is

1
wy = o (11 + vy + ... + agog),
with a sliding window of size:, and with the linear and nested sliding window gener-
alizations as special cases with = 1 (linear) anda; = 1, ap = 2, ..., a1 = 2,

ay = 1 (nested).

Processing of Start and End of a Motion Track. The start and end of the track have

to be processed by an adapted (shortened) sliding window for starting the window with
the firstk vectors would shorten the whole track: Imagine a track of lengthocessed

with a sliding window of lengtm, then the whole track would be shortened};tth of

its length.

Properties The sliding window generalization algorithm does not (as¢hand X-
generalization, see [7]) transform a vector sequence with many small movement vectors
into one with a few large vectors to simplify the motion track, because the output track
contains the same number of vectors as the input.

o —o—0 —o
original M. e
o —o—0 o

Fig. 3. Sliding Window Generalization with size k=3

The track is smoothed due to calculating the average of neighboring vectors, so
sudden small but rapid changes in direction are lessened as shown in Figure 3 with
linear sliding window of size 3.



If we use this algorithm on vector sequences with qualitative directions, the track
is not only smoothed, but generalized: the mapping from numeric vectors in qualitative
intervals gives a threshold below which all successive vectors are mapped to the same
direction. If the track is sufficiently smoothed, little deviations are so totally suppressed.
So and by fine-tuning the parameters the sensitivity of the generalization can be
chosen. As can be seen in Figure 3, the gradient of the smoothed track is determined
by choice of then;: With a; = a2 = a3 = 1 (linear), the gradient is the same at
all neighboring points of the original kink. With; = a3 = 1, a2 = 2 (nested), the
gradient is the steepest at the point, where the kink was in the original track. With
an arbitrary choice of they;, other operations can be done on the track. E.g., with
a1 = 1,0 = az = 0, all vectors in the window would be pushed one position forward.

4 Segmentation

4.1 Human Visual Perception

When asked, humans can reproduce the motion of single black dot moving along a

(invisible) path on an otherwise white background of a computer sctagge{ path.

To our knowledge there is no experimental data as to how precise such a stimulus can be
reproduced. As a first step, we devised an experiment to examine as to how well humans
can reproduce simple trajectories. In an experiment subjects (Ss) had to watch a target
path and subsequently reproduce its spoor by moving the finger along the surface of a
touch screen. First results of the experiments are shown in Figure 4.

Given the state of research this subsection has necessarily a speculative character.
Some of the trajectories seem to be reproduced better than others (compare target path
P13 and P18). It also seems that some patterns are adequately “generalized” and classi-
fied (P18: square loop, round loop) whereas others provide more difficulties, like most
reproductions of P9 which can be considered “over-generalized”. It may be the case
that certain sub-patterns of a motion stimulus can be matched “on the fly” with existing
internal templates, like “loop” or “kink”. It is then possible that a dynamic structuring
based on forms, i.esegmentatiocan be performed whereas in other cases no template
is found and the resulting representation is poor.

However, a difference in reproduction quality may mean that for some patterns it is
simply easier to generate the respective motor commands whereas others are difficult to
“express”. It may also mean that the motor commands are of the same level of difficulty
but the internal representation of some patterns is worse than others. If the template is
in an eidetic form, i.e., there is no “higher” description based for instance on a form
vocabulary, there is no reason why the curved pattern P13 in Figure 4 is reproduced
worse than P18. It is in most cases a nontrivial task to determine the quality of the
reproduction. Also, we know of no way to exclude the influence of the motor component
in our reproduction task.



4.2 Segmentation Algorithm

Inspired by the idea that courses of motion might be segmented into pieces that are
matched with existing templates and so classified, we developed an algorithm that seg-
ments a QMV sequence such that it can be represented very compactly by a sequence
of motion shapes. The basic step for this is to find out where one shape ends and the
next begins. The algorithm described below will transform a QMV sequence to the
basic shapes straight lin@)° curves to right and left and backward turns in different
sizes, where the size of a curve is its radius. In case of eight direction relations, we also
have45° curves to right and left as well d85° curves to right and left. More com-

plex shapesare built by combination of these basic ones. We restrict our illustrating
example to the use of four direction relations. The case of eight relations is analog.

The input for the algorithm is a generalized QMV sequence, so we do not have
to worry about minimal movements; all movements below a minimal size are filtered
by generalization. Thus, we can take each turn in the QMV sequence to be a curve
in the shape representation. Since we do not know where a curve starts and ends, we

! from a predefined shape vocabulary, containing shapeddigleft, loop-right, u-turn-left,
u-turn-right, s-curve-left, ...

P3: 6 sec P4:2.6 sec P9: 3.2 sec P13:2.7 sec P15:5.2 sec P18:5.7 sec
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Fig. 4. Ss saw a target path (first row). Immediately after it had finished they had to reproduce its
spoor by moving the finger along the screen surface (touch screen). The performance of 5 Ss for
6 target paths (columns) is depicted.



would not know, for example, whether a QMV sequence has to be segmented into a
left-turn, straight-lineand aleft-turn, or into anu-turn-left To get smooth shapes, we
therefore made the decision to give every curve the maximum size possible, distributing
the distances among all the curves starting with the smallest. Hence, we work on the
representation of our QMV sequence as a track in the QMV linear space as described
in [7]. This track is made up of horizontal and vertical straight lines as shown in Figure
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Fig. 5. Segmentation of a QMV sequence

The segmentation of each line will contain two curves, except for the first and the
last line. We sort the lines by size, every line with two curves counts only half its length,
for it will be split into two. In our example we get, ¢, d, b, f, a . Then we
start at the smallest ling. It has two curves, so it is split in the middle and the attached
linesd andf are shortened by this amount (half sizeegfas shown in Figure 5 (Il)).
Then the changed lines are sorted in with their new lendthadw has just one curve
fromc tod and so is sorted in with full length whereasandf have no curves left and
are not sorted in at all), and we start from the beginning (for our example this means
¢, b, d, a ).If we proceed on a line with only one curve left we give the curve the
maximum size possible, as shown at Imé/Ne are done when no lines are left.

Figure 5 (II) shows the graph of our shape representation of the QMV sequence. It
reads

<straight-line middle-size> <right-turn big> <right-

turn middle-size> <right-turn middle-size> <straight-line
small> <left-turn small> <left-turn small> <straight-line
middle-size>

Now we can build more complex shapes. Two attachetl turns of same size
and direction (like at the lines ande) can easily be combined to an u-turn, four
attached)0° turns of same size can be combined to a loop, etc.

In a further step, we can suppress straight lines with very small size compared
with the adjacent curves and take curves with similar size as equal. So, we can build



complex shapes from simple shapes that are not matching the template completely. The
synthesis of some shapes in the example sequence results in

<straight-line middle-size> <right-turn big> <u-turn-
right middle-size> <straight-line small> <u-turn-left
small> <straight-line middle-size>

This segmentation algorithm also works well when processing a motion sequence
on the fly with a lookahead of 2 to 3 vectors. The only problematic case for processing
on the fly is when the vectors in the sequence get constantly shorter, which is a rare
case. It can nevertheless be processed with small error, as shown in [15].

4.3 Memory Model

Can the shape representation be used to explain how humans reproduce the spoor of
a course of motion? Given the preliminary character of the research results in section
4.1, this section is surely speculative, too. Nevertheless, we suggest a model that, given
a segmentation of a course of motion in basic shapes, constructs more complex shapes
on the fly and with a limited memory capacity.

We assume that at this level of processing, we have a similar memory model for
parallel access like the model proposed in [12] for an earlier stage, with a few modifi-
cations:

— We assume not a simple FIFO-Buffer like used in the generalization algorithm, but
more a kind of a stack: Incoming shapes on top of stack are “popped” and combined
to a more complex shape as soon as possible, and the more complex shape is then
again “pushed” on top of the stack.

— Our preliminary results strongly suggest that, if the course of motion is too “long”
to be memorized correcfly not the beginning is forgotten, but features that are
not very salient or pronounced. Therefore, in our model, if the motion sequence
becomes too long for being held in the buffer, not the oldest shapes are removed,
but the shapes that are least salient. This is the reason why parallel access must be
granted.

To find out what “salient” means, experiments have to be conducted. For the mo-
ment, we assume that a shape is the more salient, the more complex it is. Complex
means here, that the shape is constructed from simpler shapes. The more basic shapes
participate in a complex shape, the higher is its complexity, but also the more informa-
tion is coded in a single buffer element. Therefore it seems to be a reasonable strategy
to supersede the simple shapes that carry the least information. This basic measurement
of saliency can be weighted by several factors, e. g., age of the shape in the buffer and
size of the shape. It seems also that shapes with pronounced corners are more salient

2 Where too long means not the temporal duration, but the number of shapes that have to be held
in memory



than others. Another factor seems to be that the first and the last shape are remembered

better due to primacy/recency effects, which should also be considered.

Figure 6 shows the construction of the complex shape sequence from the course of

motion in Figure 5 in a memory buffer of size 5.

straight-line
middle-size

right-turn
big

right-turn
middle-size

right-turn
middle-size

straight-line
small

straight-line
small

left-turn
small

left-turn
small

straight-line
middle-size

straight-line
middle-size

straight-line
middle-size
right-turn straight-line
big middle-size
right-turn right-turn straight-line
middle-size big middle-size
right-turn right-turn right-turn straight-line
middle-size middle-size big middle-size
. -
pop -- combine -- push result
u-turn-right right-turn straight-line
middle-size big middle-size
straight-line u-turn-right right-turn straight-line
small middle-size big middle-size
left-turn straight-line u-turn-right right-turn straight-line
small small middle-size big middle-size
Buffer full --- remove least salient element
left-turn left-turn u-turn-right right-turn straight-line
small small middle-size big middle-size
~— -
pop -- combine -- push result
u-turn-left u-turn-right right-turn straight-line
small middle-size big middle-size
straight-line u-turn-left u-turn-right right-turn straight-line
middle-size small middle-size big middle-size

Fig. 6. Memory buffer for shape representation




This memory structure with parallel access to all elements also allows that a higher
processing level extracts global features from the elements stored in the buffer, for ex-
ample the shape of the overall arrangement of the shape sequence in space, similar as
described in [13] for a lower processing stage.

A problem with our approach is that with the QMV representation we are unable to
distinguish between a smooth curve and a sharp corner. That means that very important
information is lost. Of course we could work with a numeric representation of the course
of motion at the lower level, but then segmentation is much more difficult than with
QMVs. Another possibility is to store additional information about the smoothness of a
directional change with the QMVs.

5 Results and Future Work

In [9], thee- and the nested sliding window generalization were applied concurrently to
the same navigation approach in a simulation of the Bremen Autonomous Wheelchair
[11]. The generalization was there used for navigation of the wheelchair (a semi-
autonomous robot) along pre-taught routes. The track of the taught route was gen-
eralized and stored, and the track of the actual route was generalized on the fly and
compared to the stored track. Thus, it could be determined whether the wheelchair has
found its way correctly or made a mistake in following the route. In this work, both al-
gorithms were applied to a semi-qualitative representation of the tracks, i. e., directions
were represented qualitatively and distances numerically. With the qualitative direc-
tions, the results of both algorithms were satisfying and very similar, only the sliding
window generalization always produces smooth tracks without sharp corners which is
not the case with the-generalization.

Up to now, we have no experimental data whether our generalization algorithms
correspond to anything that takes place in motion perception. This is a topic for future
work. Neither do we have experimental results on the memory buffer model so far. In
this context, we have to conduct first experiments on the saliency of motion shapes.
From these findings, we can then define a saliency function to determine which of the
shapes in the buffer can be forgotten first. Then we can apply our algorithm to the same
trajectories human subjects have to reproduce in experiments to see whether similar
results are produced, which would validate our model.
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