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An overview of techniques
for shape description

Many machine vision applications, and robot vision applications in particular,
require the analysis and identification of relatively simple objects which may have
to be manipulated. While it is very desirable that a vision system should be able to
deal with random three-dimensional presentation of objects, it is also, in general,
beyond the current capabilities of most commercial systems. If, however, the
objects are (to an approximation) two-dimensional, the problem is more tractable,
requiring the description and classification of planar shapes which may, or may not,
be partially occluded. In Chapter 9, we will return to the more complex issues of
three-dimensional object description and representation when we discuss image
understanding. For the present, however, we will stay with the simpler two-
dimensional approaches and this chapter introduces some of the more common
techniques in shape description. Note well, though, that this chapter is not intended
to be a complete and rigorous survey of the area of shape description. It is, rather,
intended to provide a useful overview of some popular techniques and to identify
a taxonomy, or classification, to facilitate the discussion of shape descriptors.
Before proceeding, a brief digression is in order. As we saw in the section on
edge detection, topics of fundamental importance in computer vision typically give
rise to a very large number of widely differing techniques. Unlike edge detection,
however, the issue of shape description and representation is very far from being
resolved; although edge detection is not a closed subject by any means, it is a much
more mature topic than that of shape. The difficulty with shape is that it is not clear
exactly what we are trying to abstract or represent: it seems to depend strongly on
the use to which we intend putting the resulting representation (see, for example,
Brady, 1983). Practitioners in some areas (e.g. mathematical morphology) go a
little further and put forward the idea that shape is not an objective entity, in the
sense of having an independent existence, and depends both on the observed and
observer. Although these issues are important, it would not be wise to get locked
into a deep discussion of them in a book such as this. It is sufficient to note here
that shape as an issue in computer vision is both ubiquitous and ill-defined; the
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solution to the riddle of a general understanding of shape will probably shed light
on many other areas in advanced computer vision, if only because it epitomizes the
stone wall with which we are currently presented when we wish to develop truly
adaptive robust visual systems.

7.1 A taxonomy of shape descriptors

Perhaps the most useful and general taxonomy of shape description is that
introduced by Pavlidis in 1978 in which he classifies shape descriptors according to
whether they are based on external or internal properties of the shape and according
to whether they are based on scalar transform techniques or on space domain
techniques. External descriptors are typically concerned with properties based
on the boundary of the shape, while internal descriptors, as you would expect,
take cognizance of the complete region comprising the shape. Scalar transform
techniques generate vectors of scalar features while space domain techniques
generate spatial or relational descriptions of certain characteristics of features of
the shape. Thus, Pavlidis identifies the following four distinct types of shape
descriptor:

(a) external scalar transform techniques utilizing features of the shape boundary;

(b) internal scalar transform techniques utilizing features of the shape region;

(c) external space domain techniques utilizing the spatial organization of the
shape boundary;

(d) internal space domain techniques utilizing the spatial organization of the
shape region.

7.2 External scalar transform descriptors:
features of the boundary

External scalar transform descriptors are based on scalar features derived from the
boundary of an object. Simple examples of such features include the following:

® the perimeter length;

@ the ratio of the major to minor axis of the minimal bounding rectangle of the
shape (see Figure 7.1);

@ the number and size of residual concavities lying within the bounds of the
shape’s convex hull (see Figure 7.2);

@ the ratio of the area of a shape to the square of the length of its perimeter
(A/P?): this is a measure of circularity which is maximized by circular shapes;

@ the ratio of the area of a shape to the area of the minimal bounding rectangle:
this is a measure of rectangularity and is maximized for perfectly rectangular
shapes.
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Figure 7.1 Bounding rectangle of a simple two-dimensional shape.
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Figure 7.2 Residual concavities within the convex hull of a simple
two-dimensional shape.

More sophisticated scalar transform techniques are often based on the Fourier
series expansion of a periodic function derived from the boundary. For example,
consider the shape depicted in Figure 7.3. The rotation 6 of the tangent at the
boundary of the object will vary between 0 and 27 radians as the boundary is
traversed. In particular, 6 will vary with the distance, s, around the perimeter and
can be expressed as a function 8(s). If L is the length of the boundary of the shape,
6(0) =0 and #(L) = — 2. Unfortunately, this is obviously not a periodic function
and so we cannot express it in terms of a Fourier series expansion. However, an
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Figure 7.3 Rotation of tangent to a boundary of a shape.

alternative formulation, suggested by Zahn and Roskies, can be. Let ¢ = (2n/L)s
(thus: 0 < ¢ < 27) and define a new function ¢ (z):
(1) = e<ﬁ> 1
2

Now, ¢(0) = ¢ (27) = 0. This function is not dependent on the size, position, and
orientation of a shape and, hence, the low-order coefficients of its Fourier series
expansion can be used as features for translation, rotation, and scale invariant
shape recognition. Unfortunately, it suffers from the disadvantage, common to
all transform techniques, of difficulty in describing local shape information, e.g.
it would have difficulty in discriminating between two shapes where the only
dissimilarity is a small notch in the perimeter.

7.3 Internal scalar transform descriptors:
features of the region

Internal scalar transform techniques generate shape descriptors based on the entire
shape. One of the most popular is the method of moments. The standard two-
dimensional moments m,, of an image intensity function g(x, y) are defined:

Muy = S S glx,y) x*y'dxdy  w,v=0,1,2,3..
which, in the discrete domain of digital images becomes:

M= 2, 2, g(x,») x*y'  u,v=0,1,2,3...

x oy

summed over the entire sub-image within which the shape lies.
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Unfortunately, these moments will vary for a given shape depending on where
the shape is positioned, i.e. they are computed on the basis of the absolute position
of the shape. To overcome this, we can use the central moments:

paw =2, 21 806, V)(x=X)“(y=3) u,v=0,1,2,3...
x oy

where:

m - _ Mo
tie and y=—
Moo Moo

X =

That is, ¥ and ¥ are the coordinates of the centroid of the shape. Thus, these
moments take the centroid of a shape as their reference point and hence are position
invariant.

Assuming that the intensity function g(x, y) has a value of one everywhere
in the object (i.e. one is dealing with a simple segmented binary image), the
computation of mgo is simply a summation yielding the total number of pixels
within the shape, since the terms in x and y, when raised to the power of zero,
become unity. If one also assumes that a pixel is one unit area, then myqo is
equivalent to the area of the shape. Similarly, mo is effectively the summation of
all the x-coordinates of pixels in the shape and mo,; is the summation of all the
y-coordinates of pixels in the shape; hence mio/moo is the average x-coordinate and
mo1/ moo is the average y-coordinate, i.e. the coordinates of the centroid.

The central moments up to order three are:

Moo = Moo
pro="0
por =0

P20 = M0 — XM1o

poz = Moz — YMo1

p11 = My — YMio

U3 = Map — 3Xmyo + 25("2”210

po3 = Mo3 — 3Imoz + 25 *mo:

iz = Mz — 2Imyy — Xmoz + 292myo
H21 = Moy ~ 2Xmyy — Ymao + 2)‘czmm

These central moments can be normalized, defining a set of normalized central
moments 7;j:

.
where:

k=((+)2)+1  i+j=2
However, moment invariants (linear combinations of the normalized central
moments) are more frequently used for shape description as they generate values
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which are invariant with position, orientation, and scale changes. These seven

invariant moments are defined as: . .
Aokt muaviet to

@1 =120 + N02 ) ) rck-wi-ww.'?
$2 = (20 — M02) + 4nu , Need b folele
é3 = (30 — 3112)" + (3121 — 7103) twhoplee 7

b4 = (30 + 112)> + (121 + n03)?
és = (130 = 3m12) (30 + 112) (130 + 112)* = 3(n21 + 03)?)
+ (3121 — 103) (21 + 103) {3(n30 + 112)> — (21 + 703)?)
b6 = (120 ~ 102) (130 + M12) — (21 + 703)?}
+ 4n11(n30 + 112) (21 + no3)
é7 = (3121 — 103) (30 + N12) {(30 + 112)* = 3(n21 + n03) %}
= (3112 = 130) (21 + 103) (3(n30 + 712)* — (21 + 703)?)

The logarithm of ¢: to ¢7 is normally used to reduce the dynamic range of the
values when using these moment invariants as features in a feature classification
(i.e. shape recognition) scheme.

Shape descriptors based on moment invariants convey significant information
for simple objects but fail to do so for complicated ones. Since we are discussing
internal scalar transform descriptors, it would seem that these moment invariants
can only be generated from the entire region. However, they can also be generated
from the boundary of the object by exploiting Stokes’ theorem or Green’s theorem,
both of which relate the integral over an area to an integral around its boundary.
We will return to this in the next section on external space domain shape descriptors
when describing the BCC (boundary chain code).

7.4 External space domain descriptors: spatial
organization of the boundary

One popular technique is the use of syntactic descriptors of boundary primitives,
e.g., short curves, line segments, and corners. Thus, the shape descriptor is a list
or string of primitive shapes and the formation of the list or string must adhere to
given rules: the shape syntax or grammar. A polar radii signature, encoding the
distance from the shape centroid to the shape boundary as a function of ray angle,
is another much simpler external space domain descriptor (see Figure 7.4).

Descriptors based on external space domain techniques are generally efficient,
require minimal storage requirements, and, in the case of the more sophisticated
syntactic techniques expounded by Fu ef al. are based on well-developed general
methodologies such as the theory of formal languages: syntactic patterns are
recognized by parsing the string of primitive patterns in a manner somewhat similar
to the way a compiler parses a computer program to check its syntax (see Fu, 1982).
In the case of the simple external space domain descriptors, e.g. radii signatures,
the recognition strategy is based on correlation or matching of template signatures,
rather than on sophisticated parsing techniques.
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Figure 7.4 Radii signature.

Figure 7.5 Boundary chain code (BCC) directions.

One of the most common external space domain descriptors is the boundary
chain code (BCC), introduced in Chapter 5. It should be emphasized, however, that
the BCC is more useful for shape representation rather than shape recognition. The
BCC encodes piecewise linear curves as a sequence of straight-line segments called
links. A link a; is a directed straight-line segment of length T'(J2)” and of angle

146

External space domain descriptors

a; X 45° (referenced to the X-axis of a right-handed Cartesian coordinate system);
T is the grid spacing and is normally set equal to unity; ¢; may be any integer in
the range 0—7 and represent the (coarsely quantized) direction of the link; p is the
modulo two value of a;;i.e. p=0if a;is even and p = 1 if ¢; is odd. Thus, the link
length in directions 1,3, 5, and 7 is equal to /2 and is equal to 1 in directions 0, 2, 4,
and 6 (see Figure 7.5). However, you should bear in mind the discussion on inter-
pixel distances in Chapter 3. Freeman also proposed the inclusion of signal codes
in the chain to facilitate, for example, descriptive comments, chain termination,
and the identification of the chain origin. Figure 7.6 illustrates a BCC
representation of a simple shape.

Although it is widely used as a technique for shape representation, a BCC is
a non-uniformly sampled function, that is, the distance between the sample points
along the boundary may be either 1 or 2 depending on whether the neighbouring
boundary points are horizontal/vertical neighbours or diagonal neighbours
respectively. Thus, a BCC is dependent on the orientation of the object boundary
on two distinct bases:

@ Each link encodes the absolute direction of the boundary at that point.
e The link length (1 or 2) varies with the boundary direction.

Any shape descriptor which is derived from this non-uniformly sampled BCC is

BCC:2112076556

Figure 7.6 A BCC representation of a simple shape.
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inherently sensitive to changes in orientation. To alleviate this rotational variance
it is necessary to remove the dependency on link length, ensuring that the link
lengths of the BCC are all equal, specifically by resampling the BCC in uniformly
spaced intervals. Note that this resampling technique will generate non-integer
coordinate values for the pixels they represent; the actual image pixel values can
be obtained for shape reconstruction, which is of interest when displaying the
segmented shape, simply by rounding the real-valued coordinates. The fact that the
node coordinate values are non-integer is not important if the descriptor is being
used for the purposes of shape recognition since one is interested only in
correspondence between link values (or the corresponding transformed property)
and not the absolute position that they might represent in the image.

Since BCCs are so popular, one simple algorithm for transforming a non-
uniformly sampled BCC into a uniformly sampled BCC is presented below. The
algorithm, while not as general as others which have been suggested in the computer
vision literature, has proven to be adequate for the purposes of constructing
rotation-invariant shape descriptors.

7.4.1 An algorithm for resampling boundary chain codes

Let NUS BCC and US_BCC represent the non-uniformly sampled and uniformly
sampled BCCs, respectively. Let a point given by a non-uniformly sampled BCC
be represented by (nus_x, nus_y) and let a point given by a uniformly
sampled BCC be represented by (us_x, us_y).

NUS BCC and US_BCC start at the same point on the contour:
(nus_x, nus_y)=(us_x, us_y) initially:

WHILE there are more NUS BCC Links to be resampled DO
Generate the next NUS_ BCC points: (nus_x, nus_y)
/% resample x/
REPEAT
/% generate new US BCC Link and append to US_BCC «/
Generate three candidate uniformly sampled
points:
(us_x1, us y1), (us_x2, us_y2), (us_x3, us_y3)
at adistance of 1 unit from the current uniformly
sampled point (us_x, us_y)

indirections corresponding to the NUS BCC Link
direction, 1.
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Test all three points and choose the point which
isclosest to

(nus_x, nus_y) (using the Euclidean distance
metric)

Reassign the current (us_x, us_y) to be this point

Append to the US BCC a Link with a direction
corresponding to this chosen point

UNTIL |us_x =~ nus_x|<0.5AND | us_y ~nusy|<0.5

/ % (u;?:_x, ‘us_y) now Lies within the bounds of the */
/% gridpixel given by (nus x, nus_y) */

Figure 7.7 illustrates this resampling process: the original non-uniformly sampled

"\9___6

B @@ Original BCC

<, & © ©  Resampled BCC

Figure 7.7 Resampling a BCC.
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boundary is depicted by dots joined by a dotted line and the resampled boundary
is depicted by circles joined by a dashed line.

As mentioned above, the BCC is most useful as a method for the
representation of shapes and recognition is normally based upon other descriptors
derived from the BCC. For example, the moment shape descriptors discussed
previously can be generated from the boundary points given by a BCC. Thus, after
Wilf (1981), we have:

1 n

Moo == 2, Ai
2 i=1
1 n

Mo =7 E Ai(yi—3 A7)
3 iz
1 n

Moy = = Z Ai(Xi"%Axi)
34

m20=:11- Z A;(xiz— xiAxi+§Ax,-2)

i=1

n
myy = L 25 Ai(xiyi—§xi Ayi—1yi Axi+5 Axi Ayi)

n
Moz = i ,21 Ai(y = yi Ayi+ 3§ Ayi)
Where x;-; and y;- are the coordinates of a point on the perimeter of the shape
and x; and y; are the coordinates of the subsequent point on the perimeter, as given
by the BCC; Ax; is defined to be (x; — xi-1); Ay; is defined to be (y; — yi~1); and
Ajis defined to be (x; Ay: — yi Axi); n is the number of points on the boundary (i.e.
the number of BCC links).

7.5 Internal space domain descriptors: spatial
organization of the region

Internal space domain techniques comprise descriptors which utilize structural or
relational properties derived from the complete shape. The medial axis transform
(MAT), which was mentioned in the section on thinning in Chapter 5, is an example
of a commonly used space domain descriptor in that it generates a skeletal line-
drawing from a two-dimensional shape. A point in the shape is on the medial axis
if and only if it is the centre of a circle which is a tangent to the shape boundary
at two non-adjacent points. Each point on the medial axis has a value associated
with it which indicates the radius of this circle. This represents the minimum
distance to the boundary from that point and thus facilitates the reconstruction of
the object. There are various methods for generating the medial axis, the most
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intuitive of which is one that is often referred to as the ‘prairie fire technique’; it
is analogous to setting fire to the boundary of a dry grassy field and letting the
flame burn inwards. The points at which the flame fronts meet are on the medial
axis. The MAT is sensitive to local distortions of the contour and small deviations
can give rise to extraneous skeletal lines. For example, Figure 7.8 illustrates the
MAT of a rectangle with a ‘bump’.

Other descriptors can be derived using integral geometry: for example, an
object shape can be intersected by a number of chords in different directions and
the locations and the length of the intersection can be used in various ways as a
shape descriptor. One example of this type of descriptor is the normal contour
distance (NCD) shape descriptor (see Vernon, 1987). It is essentially a one-
dimensional signature in which each signature value represents an estimate of the
distance from a point on an object’s boundary, with a local orientation of m, to
the opposing boundary point which lies on a path whose direction is normal to m.
The NCD signature is evaluated over the length of the available boundary. The
NCD signature does not require knowledge of the complete boundary and can
be used for recognition of partially occluded objects. Note that, if the contour
represents a partial boundary, there may not be another boundary point which lies
on a path which is normal to the contour and, hence, some segments of the NCD
may be undefined.

To conclude this section on internal space domain descriptors, we will discuss
the smoothed local symmetries (SLS) representation, which was introduced by
Brady. This is a sophisticated and interesting technique because it represents shape
with both region-based descriptors and contour-based descriptors. As such, it is
more than an internal space domain descriptor and does not require the entire shape
to be visible for extraction of useful shape description primitives. An SLS
representation has the following three components:

1. A set of spines which are the loci of local symmetries of the boundary of the
shape.

Figure 7.8 Medial axis transform (MAT) of a rectangular shape with a
‘bump’.
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A description of the local shape of the boundary contour in terms of
parametric curves (Brady uses circles and spirals) and in terms of primitiveg
of curvature discontinuity. These primitives effectively describe the manner
in which the local contour curves are joined together to form the complete
boundary shape.

A description of the region subtended by two locally symmetric curves. This
is effected by a small number of region labels (e.g. cup, sector, wedge, and

(a)

(c)

Figure 7.9 (a) Dorsal fin of a shark. (b) Geometry defining a smoothed
local symmetry (SLS). (c) Schematic SLS for a complex shape.
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so on), each of which has several attributes associated with it. They include
the width of the region and the curvature of the associated spine.

For example, consider Figure 7.9(a) which depicts the dorsal fin of a shark. The
shape of the fin is defined by two curves 4B and BC;

@ The curve AB is convex and is described by a circular arc.
e The curve BC is concave and is also described by a circular arc.
e The junction between the two curves at B is an acute-angled corner.

These three items form the contour-based description. The descriptor of the region
between the two curves AB and BC is labelled a beak (the labelling that is used is
based on the relative concavity/convexity of the two sides of a local symmetry) and
the spine curves to the right. This raises the issue of how the spine is identified.
Referring to Figure 7.9(b), let « be the angle subtended by the inward normal to
the contour at a point p on the curve 4B and let 8 be the angle subtended by the
outward normal to the contour at a point ¢ on the curve BC. A point g on the curve
BC forms a local symmetry with the point p on the curve AB if the sum of their
respective angles is equal to 180°, i.e. if o+ 8= 180°. Several such points g can
exist for a given point p. The spine of the SLS is effectively formed by the set mid-
points of chords pg which satisfy this condition for local symmetry (for an exact
formulation, see Brady and Asada, 1984).

At this stage, we might remark on the similarity between the SLS and the
MAT. However, the SLS differs in several important ways: the local symmetry
which is implicit in the MAT is made explicit in the SLS; global symmetries, such
as that which lies between a long fork (see Figure 7.10), are not made explicit by
the MAT; and the SLS includes the attributed contour and regions descriptors
discussed above — the SLS is more than just a collection of spines. Finally, let us
note that the SLS representation is also intended to be used as a descriptor of
complex shapes, which can be viewed as a network of locally symmetric parts (see
Figure 7.9(c)). The connections in the network are relationships between the sub-
parts and carry information (or attributes) which can help disambiguate between
similar objects.

Figure 7.10 Global SLS of a forked object.

153



An overview of techniques for shape description

Exercises

1. Discuss how an object skeleton would be used as a shape descriptor,
paying particular attention to issues of shape recognition.

2. Generate a BCC representing a circle of diameter 10 pixels. Derive a
uniformly sampled version and compare the perimeter length of both
versions with the theoretical value.

3. Would a radii signature shape descriptor be useful for the recognition
of occluded shapes? Why?

4. Bearing in mind that the minimum bounding rectangle of an arbitrarily
oriented shape requires the prior estimation of its major axis, how
would you go about computing this shape descriptor?
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