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Abstract

In this paper, we propose a pictlure-based object-
oriented spatial knowledge representalion, called
PCOS-string, for an environment seen from the ob-
server’s point of view. The PCOS-siring represen-
tation preserves the spatial relationships among ob-
jects and thus can facilitate spalial reasoning espe-
cially from the observer’s perspective. We also present
a visthility inference algorithm based on the PCOS-
string representation so that visibilily of the objects
in a given environment can be determined according
to their spatial relationships. This visibility inference
algorithm can handle both static and dynamic envi-
ropnments. Finally, we discuss the possibility of ap-
plying the PCOS-string and the associated visibility
inference method to the mobile robot’s path planning
problem and virtual reality applications.

1. Introduction

Spatial reasoning comprises a group of methods,
applied to a large group of problems, that are mainly
dealing with the identification of spatial relations be-
tween objects in images or pictures [1]. For those sys-
tems that must make intelligent decisions and perform
appropriate actions based on the information about
an environment, spatial reasoning is extremely im-
portant to allow them to reason about the picture of
the concerned environment. There are many cases in
which the intelligent system must identify spatial re-
lations that are seen from the observer’s point of view.
Typical examples include analysis of robot’s scenes for
path planning and virtual reality applications. For
this type of systems, the technique that can support
identification of relations corresponding to questions
like “which objects are visible from a certain point”
[1] is highly desired.

There are many ways for representing the con-
cerned environment: some are descriptive and some
are picture-based. In descriptive methods, the knowl-
edge about the environment is described by a set of
predicate logic statements as in STRIPS [2]. For such
a method, the mapping from a real environment to
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a set of statements' is indirect and may not truly re-
flect the picture of the whole environment. How the
system works will heavily depend on the vocabulary
chosen for describing the environment. Furthermore,
it is also very tedious to use predicate logic statements
to describe an environment of arbitrary complexity.
On the other hand, we may use a picture-based
method to describe an environment. In picture-based
methods, the knowledge about the environment is em-
bedded in a data structure representing the picture of
the environment. Many data structures have been
roposed for this approach: some are pixel-oriented
[)3]; some ‘utilize quadtrees [4,5], or R-trees [6,7]; and
some are vector-based [8]. However, to make the sys-
tem rnore intelligent, more flexible, and faster for real
time response, the data structure should be object-
oriented, and the. knowledge embedded in pictures
should be captured by the data structure as much
as possible, especially spatial knowledge [9].
In this paper, we propose a spatial knowledge rep-
resentation, called PCOS-string, for capturing the in-
formation about the picture of an environment seen

from the observer’s perspective. A PCOS-string can

preserve the spatial relationships amon g the objects of
a picture and thus facilitate spatial reasoning. Based
on the PCOS-string representation, visibility infer-
ence for the objects in a given environment can be
achieved very easily. = -

The remainder of this paper is organized as follows.
In Section 2, we review the previous approaches to

. spatial knowledge representation. Section 3 describes

the structure of the PCOS-string.. The method of gen-
erating a PCOS-string from a given picture is also pre-
sented. In Section 4, we present a visibility inference
algorithm based on PCOS-strings. The complexity of
this algorithm is also analyzed. In Section 5, we dis-
cuss how to apply the PCOS-string and the visibility
inference algorithm to the mobile robot’s path plan-
ning problem and virtual reality applications. Finally,
concluding remarks are given in the last section.

2. Previous Approaches

Considering a picture or an image map for an en-
vironment with several objects, it can be abstracted
and represented as a 2D string [10] from which all spa-
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tial relationships among objects can be derived. The
basic idea of the 2D string is to project the objects of
a picture along the z- and y-coordinates to form two
strings representing the relative positions of objects
in the z- and y-axis, respectively. Since a. 2D string
preserves the spatial relationships among objects in
a picture, it has the advantage of facilitating spatial
reasoning.

Jungert [11] and Chang et al. [12] also extended
the idea of 2D strings to form 2D G-strings by in-

troducing several new spatial operators to represent -

more relative position relationships among objects of
a picture. The 2D G-string representation embeds
more information about spatial relationships among
objects and thus facilitates spatial reasoning about
shapes and relative positions of objects.

Following the same concept, Lee and Hsu [13] pro-
posed the 2D C-string representation based on a spe-
cial cutting mechanism. Since the number of parts
generated by this cutting mechanism is reduced signif-
icantly, the lengths of the strings representing pictures
are much shorter while still preserving the spatial rela-
tionships among objects. The 2D C-string representa-
tion is more economical in terms of storage efficiency
and navigation complexity in spatial reasoning.

The Relative Coordinates Oriented Symbolic
(RCOS) string proposed by Chang and Lee'* records
the symbolic narfles as well ds the begin- and end-
bounds for all olfjects in the picture. The spatial re-
lationships bet ep”h any two objects can be derived
efficiently by a decision tree which is similar to the
one proposed by Huang and Jean [15]. The length of
a RCOS-string is much shorter than the length of a
2D G-string or 2D C-string as the number of objects
in a picture increases [14]. .

The above ‘string representations for a picture (or
an image map) /are all based on a Cartesian coordi-
nates system. Basically, this type of representations
is not suitable for spatial reasoning from an observer’s
point of view. The RS-string representation proposed
by Huang and Jean [16] overcomes the above prob-
lem by using the same cutting method as the one
for generating 2D C-strings except that the cutting
lines are based on a polar coordinates system rather
than a Cartesian coordinates system. The relation be-
tween PCOS-string (which is proposed in this paper)
and RS-string is very similar to the relation between
RCOS-string and 2D C-string. Thus, the PCOS-
string representation is not only more economic: in
storage space but also more efficient in spatial rea-
soning when compared with the RS-string.

In the next section, we will present a spatial knowl-
edge representation ‘whose structure is similar to the
RCOS-string except that the projections of objects
are based on a polar coordinates system. - '

3. Polar Coordinates Sywmbolic String

The spatial knowledge representation discussed in
this section is called the Polar Coordinates Oriented
Symbolic String (or PCOS-string) whose generation
is based on a polar coordinates system to maintain
the view from an observer. The origin of the polar
coordinates system in an image/picture plane is the
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~ position of the observer. In this image/picture plane,

we can define two bounds for each object along the
ring- and sector-direction, respectively. As shown in
Fig. 1, the begin- and end-bounds of an ob ject in the
sector-direction are defined by the two radial segments
tangent to the object while the begin- and end-bounds
of an object in the ring-direction are defined by the
two concentric circles tangent to the object.

Assume that the objects in the picture are enu-
merated from 1 to n. Let O; be the ith ob-
ject; b and e} be the begin- and end-bounds of
object O; in the ring-direction; b} and e be the
begin- and end-bounds of object O; in the sector-
direction. Then, a PCOS-string is of the form
(01 (€551, Oa(byebbed), .., On(Brehbied ).

A PCOS-string can be generated by the following
algorithm:

Algorithm: PCOS-string Generation

Input: A picture (or segmented image) and the origin
of a polar coordinates plane

Output: A PCOS-string

1. Start from the origin and scan outward along
the ring-direction. The begin-bound and end-
bound of an object along the ring-direction are
_defined by the relative distances from the origin
to the two points at which the concentric. cir-
cles are tangent to the boundary of. the object.
The point closer to the origin is called the begin-
bound while the other farther point is called the
end-bound of an object in the ring-direction. .

2. Forth the list Ly
[Ol(bq’e’l‘): 02(b§)ea)) veey On(bZ) 6;)]

3. Draw a half line originating from the origin
and place the line at the position with sector-
coordinate=0 as shown in Fig. 2. From this ini-
tial position, the half line rotates clockwise and

“stops at the same position. When the half line
rotates, the radial ségments which are tangent
to the boundaries of objects can be found. As-
sign relative coordinates to these radial segrments.
For ‘every object, there are two such radial seg-
ments to form a sector. The radial segment which
has a smaller sector-coordinate value is called the
begin-bound while the other radial segment hav-
ing a larger sector-coordinate value is called the
end-bound of that object in the sector-direction.

4. If an object A happens to be cut by the ro-
tating half line at the position with sector-
" coordinate=0, then A is treated as two objects
A’ and A” with edge-to-edge connection at that
position and the begin-bound of A’ coincides with
the end-bound of A” as shown in Fig. 2. Then,
A’ and A” are merged together to form the origi-
nal single object A such that the begin-bound of
A is the begin-bound of A” and the end-bound of
A is the end-bound of A’ plus 360. If the rotating
half line at the position with sector-coordinate=0
happens to be the end-bound of an object, then
the coordinate of of this end-bound in the sector-
direction is 360.



5. Form the list L,
[Ol(b‘{’ e;)’ Oz(bi, 65); te ’Oﬂ(b:ne:;)]'

6. Combine L, with L, to form

L:[Ol(b{egbie‘{)_, Oy (bhesbies), .. ., On.(b;e;b;“e;’,)].

Return L.

Notice that there is no ambiguity in representing
object A and object B as shown in Fig. 2, although
they can be thought as having the same begin- and
end-bounds in the sector-direction. Actually, the two
bounds of object A and object B are represented as
(2,361) and (1,2), respectively. For spatial reason-
ing, we can think of the position at z actually co-
incides with the position at = + 360 in the sector-
direction. Furthermore, any object whose end-bound
in the sector-direction is greater than 360 will be con-
sidered as an object cut by the rotating half line at
the position with sector-coordinate=0.

The performance of the PCOS-string is as efficient.
as that of the RCOS-string because their structures
are basically the same. The only difference is that the
RCOS-string is based on a Cartesian coordinates sys-
tem while the PCOS-string is based on a polar coordi-
nates system. Some experimental analyses in terms of
number of symbols in the string and number of oper-
ations for spatial reasoning can be found in an article
by Chang and Lee [14]. :

4. Visibility Inference

Spatial inference for object visibility (or visibility
inference for short) is the process of inferring whether
an object is visible from the observer’s position under
some environment. There are 13 possible different
spatial relationships [17] between any two non-zero
sized objects in the ring- or sector-direction as shown
in Fig. 3. These 13 spatial relationships can be rep-
resented by the seven spatial operators [13] whose no-
tations and semantics are given in Table 1. What
we need to do for visibility inference is to determine
whether an object can be seen by the observer based
on these 13 spatial relations. -

In the following definitions, we assume that point
P is the origin of the polar coordinates plane from
which a target object is viewed. In other words, P is
the position of the observer.

Definition 4.1. Object C precedes object B if and
only if b7, < bg. »
Definition 4.2. A target object B is invisible from
point P if there exists an object C preceding object B
such that C=Bor C] Bor C % B or C| B in the
sector-direction. ‘
Definition 4.3. A target object B is partly-visible
from point P if there exists an object C preceding
object B such that B/ Cor C/Bor B% Cor B|
C or B] C in the sector-direction.

Definition 4.4. A target object B is fully-visible from
point P if it is neither nvisible nor partly-visible from
point P.

Before presenting the visibility inference algorithm,

let us introduce the concept of virtual blocking set
first. In a PCOS-string representation, each object is
projected into the ring- and sector-direction. There-
fore, there are two projection intervals associated with
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each object, one for the ring-direction and the other
for the sector-direction. A projection interval is repre-
sented as a pair (b e), where b is the beginning point
and e is the ending point of that interval. Assume
that object O; has the projection interval (b e$) and
object Oy has the projection interval (b4 e3) in the
sector-direction. We say that the two intervals can be
merged in the sector-direction if and only if the in-
tersection of the above two projection intervals is not
empty. Then, the interval (min{b3, b3} maz{ef,e3})
is called the connected projection interval merged from
object O; and .object Oy in the sector-direction.. A
mazimal connected projection inlerval in a given di-
rection is an interval such that no other projection in-
tervals in the same direction can be merged with it.
The wvirtual blocking set for a given object Or is the
set of all maximal connected projection intervals in
the sector-direction that merged from the projection
intervals along the sector-direction for all objects pre-
ceding object Op. Let us look at the example shown
in Fig. 4, the virtual blocking set for object O7 is the
set of intervals {(1, 5), (7, 8), (9,10)}. o
Without loss of generality, we assume that there
are n objects Oy, Oy, Os, ..., O, in a PCOS-string
such that 67 ; < b} for 2 < @ < n. Let V; be the
visibility of object O; viewed from the origin and B;
be the virtual blocking set for object Q;. Note that it
is meaningful to compare an interval I with the pro-

“jection of an object O using one of the seven spatial

operators because they have the same representation.
We also use the notation P;(0) to-indicate the projec-
tion of object O along the sector-direction. Now we
are ready to present the visibility inference algorithm
as follows. o

Algorithlh: Spatial inference for object visibility
Input: A - PCOS:string:
LOI(W«’? ie1), Oa(berbies), ..., On(benbres)] with
b <L U< ' '

1SS0S S
Output: The list {Vi, Vo, V3, ..., Vi, }.
1. i —0; M .—{. /« Initialization */
2. Find the next m objécts {Oiz1 Osqa ... Oi+n;}
with 67, = bl , =... = b, .. C e
3. Forj=1tomdo '
BH-J' — M and

(a) If there exists an interval I € B; such that
1= P_,(OH_]') or
I [ Py(Oiy;) or
1] Pi(Oiy;j) or
1'% Py(0iy;), -

then V;;; — invisible else

(b) If there exists an interval I € B; such that
I [ Py(Oiyj) or
P(Oi3) / 1 o
Pi(Oiys) [ 1 or
Py(0iy5) ] I or
Py(0iy;) % 1,
then V;; «— partly-visible else
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(c) Vigj « fully-visible.
4. f i+ m =n then return {V; Vo ... V,} else

(a) From Oiy1, Oiga, ...,'O,-.,.m and B;, com-
pute the virtual blocking set M for object
0i+m+1~

(b) i — i+ m; GoTo 2.

Assume that the major cost is in the comparison
operations. Preparing a valid PCOS-string as the
input for the above visibility inference algorithm re-
quires sorting on a list of O;’s by b” for 1 < i < n.
Applying a good sorting algorithm will take time O(n
log n). Time required by step 1 is O(1). Total time
spent on step 2 is O(n). Total time spent on step 3 is
O(n?) because there are n objects in the PCOS-string
and there might be i — 1 intervals that need to be in-
spected in order to determine the visibility of object
O; in the worst case and each inspection requires a
finite number of comparisons to determine the spatial
relationship between two concerned intervals. Total
time spent on step 4 to compute the virtual blocking
sets for all n objects is O(n?) in the worst case. Thus,
the overall time complexity of the above algorithm is
still O(n?).

There are two situations in which the visibility of
an object may be affected: (1) changing the observer’s
position; (2) objects are removed or added under a dy-
namic environment. In the former case, we need to
regenerate a new PCOS-string to represent the envi-
ronment using the observer’s new position as the ori-
gin of the underlying polar coordinates system. Then,
we re-calculate the visibility of every object by the
above inferencing algorithm. In the latter case, we
only re-compute the visibility for some objects. If O;
is the object deleted from the environment, the vis-
ibility of all objects O; with b7 < b} should not be
affected. Thus, we only need to re-compute the vis-
ibility and the virtual blocking sets for the objects
Oy with b} > b}. If O, is the object added into the
environment such that b < b, < b},;, then we re-
compute the visibility and the virtual blocking sets for
object O, and all objects Oy with i+ 1 <k < n. By
choosing an appropriate starting object as described
above, the same inference algorithm can be used to
update the visibility and the virtual blocking sets for
the affected objects. Thus, our visibility inference al-
gorithm is suitable for both static and dynamic envi-
ronments. ‘

5. Possible Applications

Visibility inference based on the PCOS-string rep-
resentation can be applied to the path planning prob-
lem of a mobile robot navigation system and virtual
reality applications. In a mobile robot navigation
system, the autonomous robot should be intelligent
enough to map perceptions onto appropriate actions
so that it can travel through the concerned environ-
ment while avoiding obstacles. One of the major func-
tions of such an intelligent system is to search for a
continuous set of points connecting the initial position
of the robot to its desired destination. If the robot

98

is so small as to be considered a point, the problem
can be solved straightforwardly by constructing a vis-
ibility graph [18]. Let S be the set consisting of the
initial and final positions as well as the vertices of all
obstacles.  To form the visibility graph, we connect
every pair of points in S that are visible from one
another. This step can be achieved by our visibility
inference algorithm provided that we have a PCOS-
string representing the environment viewed from the
robot. However, such a string can be generated by our
PCOS-string generation algorithm from a pre-drawn
picture for the environment or an image map taken
by the overhead camera. Then, we can search the
visibility graph to find an optimal path for the robot
perhaps by using the A* algorithm [19].

In virtual reality applications, the observer is sur-
rounded by many objects among which some are fully
visible, some are partly visible, and the rest are totally
invisible. The system will simulate the scene viewed
from the observer. From time to time, objects may
be removed from or added into the simulated envi-
ronment and the observer’s view should be updated
accordingly. Since the simulated environment can be
represented by a PCOS-string, the visibility for all
objects can be easily determined by our visibility in-
ference algorithm. The visibility of objects can be
easily adapted to the changing environment by using
the same visibility inference algorithm with a minor
modification as we have described in Section I'V.

6. Conclusions

Traditionally, there are descriptive methods and
picture-based methods to represent a physical envi-
ronment under consideration. A descriptive method
relies on a set of predicate logic statements to make
reasoning possible.  Such an approach may not
truly reflect the whole picture of a complex environ-
ment. On the other hand, although the pixel-oriented
method, quadtrees, R-trees, and the vector-based
method are all picture-based, they are not object-
oriented, therefore, difficult and inefficient for spatial
reasoning.

In this paper, we propose a spatial knowledge rep-
resentation, called PCOS-string, for capturing the in-
formation about the picture of an environment seen
from the observer’s perspective. Since a PCOS-string
is object-oriented and can preserve the spatial rela-
tionships among the objects in a picture, this type
of representation can facilitate spatial reasoning in a
very efficient way. We also propose a visibility infer-
ence algorithm based on the PCOS-string represen-
tation. This inference algorithm is suitable for both
static and dynamic environments. Finally, we discuss
the possibility of applying the PCOS-string and the
associated visibility inference mechanism to the path
planning problem in a mobile robot navigation system
and virtual reality applications. ‘
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Table 1. The definitions of spatial operators.

Notations | Conditions
A<B end(A) < begin(B)
A=B begin(A) = begin(B),end(A) = end(B)

A|B end(A) = begin(B)

A%B begin(A) < begin(B),end(A) > end(B)
A[B begin(A) = begzn(B) end(A) > end(B)
AlB beginﬁA; < begin(B),end(A) = end(B)
A/B begin(A) < begin(B) < end(A) < end(B)
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begilming.;."\._.
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Fig. 1(a). The begin- and end-bounds of an

object in the ring-direction.

beginning Q ending

point point

Fig. 1(b). The begin- and end-bounds of an

object in the sector-direction.

. 1361

Fig. 2. The initial position of the rotating half
line is at sector-coordinate=0. Object A is cut
into subparts A’ and A” by the half line at

this position. The two bounds of object A and
object B are represented as (2.361) and (1.2),

respectively.
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Fig. 4. Assume that all objects precede O and the
numbers indicate the begin- and end-bounds of all
all objects in the seetor-divection. The virt ual blocking

set, for object O is {(1.5),(7,8).(9.10)}.



