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Most simple algorithms for generating 2D shape des-
criptors, whether they are based on boundary features
or regional features, require that the complete object is
visible. This paper introduces a simple boundary-based
shape descriptor, the normal contour distance (NCD)
signature, which does not require knowledge of the com-
plete boundary and is suitable for recognition of partially
occluded objects. The ability of the NCD descriptor to
discriminate between standard 2D shapes has been tested
and details are provided of the results obtained using 50%,
30%, 70%, 80%, 90% and 100% of the complete object
boundary.
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OVERVIEW OF TECHNIQUES FOR SHAPE
DESCRIPTION

Many robot vision applications require the analysis and
identification of relatively simple objects that are to be
subsequently manipulated. While the presentation of
objects to the robot in bins is most desirable, it is also,
in general, beyond current capabilities (for examples of
the state of the art in bin picking, see References 1 and
2). If, however, the objects are (to an approximation)
two dimensional, the problem is more tenable, requiring
the description and classification of partially occluded
planar shapes. Shape description is a central problem
in pattern recognition and, as such, it has received
considerable attention in the literature. Comprehensive
surveys of algorithms for the description and analysis
of two-dimensional shapes may be found in References
3 and 4. In these surveys, shape descriptors are classified
according to whether the descriptor is based on external
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or internal properties of the shape and according to
whether the descriptor is based on scalar-transform
techniques or on space-domain techniques. Pavlidis also
distinguishes descriptors that are information preserving
from those that are information nonpreserving. The
former allow for the reconstruction of the original shape
while the latter techniques do not. External descriptors
are typically concerned with properties based on the
boundary of the shape. Scalar-transform techniques
generate a vector of scalar features and would, for
example, be used with decision-theoretic shape classifi-
cation approaches®™'. In contrast, space-domain
techniques generate spatial or relational descriptions as
exemplified by the structural and syntactic
approaches™?!". Thus, Pavlidis identifies four distinct
types of shape descriptor on the basis of whether they
correspond to scalar-transform or space-domain tech-
niques and whether the descriptor is based on internal
or external properties.

Internal scalar-transform descriptors

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

m(u, v) J jg(\' yxy'dxdy wv=20,1,2,3...
It has been shown that these shape descriptors are infor-
mation preserving'®. The central moments are defined

by19

u(u, v) =J J.g(x, x — X4 — »dxdy

w,v=10,1,2,3...
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where

- om(1,0) - _ m(0,1)

~ m(0,0) > = m(0, 0)

-

That is, ¥ and § are the coordinates of the centroid
of the shape. Moment invariants, simple linear combina-
tions of the normalized central moments, are more {re-
quently used for shape description as they generate
values which are invariant with position, orientation and
scale changes™. Shape descriptors based on moment
invariants convey significant information for simple
objects but fail to do so for complicated ones®. These
moments may also be generated from the boundary of
the object using Stokes’ theorem® or using Green’s
theorem?', both of which relate the integral over an area
to an integral around its boundary.

Other internal scalar-transform techniques include the
two-dimensional Fourier transform of the characteristic
function of the object®. The characteristic function is
essentially a two-dimensional binary function having the
value 1 if a point is in the object and having the value
0 otherwise. This descriptor is expensive to compute,
though it is potentially information preserving, depend-
ing on the number of coefficients that are used.

External scalar-transform descriptors

External scalar-transform descriptors are based on scalar
features derived from the boundary of an object. Simple
examples of such features include the perimeter length,
the ratio of the major to minor axis of the minimal
bounding rectangle of the shape, and the number and
size of residual concavities lying within the bounds of
the shape’s convex hull. More sophisticated scalar-
transform techniques are often based on the Fourier
series expansion of a periodic function derived from the
boundary. This can be expressed as the Fourier series
expansion of the tangential angle of the boundary as
a function of the distance around the boundary” or
as the expansion of a sequence of complex numbers
derived by letting the x coordinate correspond to the
real part of the number and letting the y coordinate
correspond to the imaginary part”. Certain simple
manipulations of this frequency domain representation
can eliminate dependence on size, position and orien-
tation so that a shape can be matched to a test set
of Fourier descriptors regardless of its original size,
position and orientation. This is a useful technique and
has the advantage that it is easy to program and is
backed by a well understood theory. Nevertheless, it
suffers from the disadvantage, common to all transform
techniques, of difficulty in describing local shape
information®.

Internal space-domain descriptors

Internal space-domain techniques comprise descriptors
which utilize structural .or relational properties derived
from the complete shape. The medial axis transform
(MAT) is an example of a commonly used space-domain
descriptor in that it generates a skeletal line drawing
from a two-dimensional figure. It is a computationally
expensive technique and is sensitive to noise. Other des-
criptors may be derived using integral geometry; for

22

example, an obrotshane may be inwwrsected by a number
of chords n difierent dirsctions and the locations and
the length of the intersection may be used in various
ways as a shape descriptor’. Shape decomposition is
a third approach in which the orizinal shape is expressed
as the union of certain of its subsets. The shape of the
subsets should be simpler than the original and, hence,
amenablie to simple description. This technique has been
used for, among other things, the analysis of cursive
script of decomposing the script into strokes??.,

External space-domain descriptors

Shape  descriptors based on external space-domain
techniques make explicit use of the spatial or structural
organization of the boundary. One popular technique
is the use of syntactic descriptors of boundary primitives,
e.g. short curves, line segments and corners. These tech-
niques have been applied to computer classification of
human chromosomes'? and to printed-board inspec-
tion", Sze and Yang propose the use of a syntactically
based recognition strategy with a polygonal approxi-
mation of the object boundary®. Polygonal approxi-
mations are also used as shape descriptors for
recognition of industrial parts”?°. References 28 and
29 also suggest shape recognition based on correlating
a polar radius signature, encoding the distance from
the shape centroid to the shape boundary as a function
of ray angle, with a predetermined template. Descriptors
based on external space-domain techniques are generally
efficient, have minimal storage requirements, and are
based on well developed general methodologies such as
the theory of formal languages. A disadvantage of these
approaches is that points which are geometrically close
together can be encoded quite far apart in the boundary
representation, though this is offset in the case of
syntactic descriptors which are augmented by semantic
information, utilizing attributed grammars'’,

A cursory analysis of this brief overview will reveal
that most of the descriptors mentioned (with the notable
exception of some external space-domain descriptors)
require that the complete shape is available for reliable
and consistent shape recognition. This paper is directed
specifically at alleviating this restriction.

NORMAL CONTOUR DISTANCE SHAPE
DESCRIPTOR

The normal contour distance (NCD) shape descriptor
is a simple external space-domain descriptor. It is essen-
tially a one-dimensional signature in which each signa-
ture 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. 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 unde-
fined; these signature eiements are assigned a value of
zero.

Since this Is ¢ boundary-based descriptor, it assumes
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Normal contour distance

Figure 1. Estimation of normal contour distance

that a boundary representation of the shape exists, from
which it can generate the NCD signature. This is
achieved, at present, using a dynamic contour-following
algorithm which tracks the local maximum gradient
(derived using the Prewitt edge detector®®) and is capable
of bridging short gaps and linking edge segments to
yield a continuous segmented (partial) boundary. The
contour follower ultimately generates a boundary chain
code (BCC) representation® of the shape.

The BCC is, however, a nonuniformly sampled
representation of the object boundary since it is based
on a square lattice with interpixel distances of 1 in the
horizontal and vertical directions and+/2 in the diagonal
directions. Thus, the number of BCC links in a given
boundary segment will vary if the overall orientation
of the boundary segment changes. This is a severe draw-
back of the representation. It can be seen that an NCD
which is generated from such a BCC will have a signature
value for each link and will be inherently dependent
on the orientation of the original shape. In order for
an NCD to be rotation invariant, it is necessary for
it to be generated from a uniformly sampled boundary
representation of the object. Uniformly sampled
representations have been discussed recently in the litera-
ture”? but the suggested algorithm is computationally
expensive. A simpler algorithm for transforming a non-
uniformly sampled BCC into a uniformly sampled BCC
is presented in the appendix. This algorithm, while not
as general as that suggested in Reference 32, has proven
to be adequate for the purposes of constructing rotation-
invariant NCDs.

Once a (partial) resampled boundary has been
generated, the corresponding NCD descriptor can then
be computed. The following pseudocode summarizes the
NCD generation algorithm (refer also to Figure 1).

Initialize the NCD to zero
Evaluate the coordinates at every point on the boundary
FOR all points, a;, on the boundary
DO
evaluate the local boundary orientation m;
FOR all points ;in a limited range of the boundary?

DO
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[*sezrch for a point that lizs on the path vi..ich ig*/
/*uonmal to the local boundary orientation. */

«~aluate the orientation m, of a line joining the points a;and b;

IF mam, = ~1 :: atolerance of 0.5°

THEN
cvaluate the normal contour distance |a,, b} ...thisisthe NCD
signature value correspording to point g

determine the new limited boundary range: b;_s to b,

Notes

I The local contour orientation is estimated by comput-
ing the slope of the line joining the point g, and the
point @.s;. While the inherent smoothing in this
approach overcomes the noisy nature of BCC con-
tours, 1t also introduces distortion in the NCD as
discontinuities in a boundary will also be smoothed;
the interval of five pixels was chosen (empirically)
as the best tradeoff between these two conflicting
properties.

2 The looping construct governing the search for a point
giving a normal direction to the local boundary orien-
tation actually terminates when the first acceptable
point is found; the entire range is not searched exhaus-
tively. If no point lying on the normal path is found
within this limited range, then a search is made on
the complete boundary.

3 Owing to the numerical accuracy and the discrete rep-
resentation of the boundary, it is necessary to allow
a tolerance on the product of slopes when determining
the normal path. A tolerance value of 0.5 was chosen
since it provided acceptable accuracy in estimating
the normal direction while ensuring that the normal
would, indeed, be detectable.

4 The normal contour distance |a, b} is the euclidean
distance between these two boundary points, given
by [(aix - bj,r)2 + (aiy - bj,v)z]%‘

DISCUSSION OF RESULTS

The development of the NCD shape descriptor was
motivated by a need to accomplish 2D object recognition
using partial contours. In order to quantify the recog-
nition ability of the NCD descriptor, a series of tests
was carried out using a set of standard shapes which
have been proposed by Rosen and Gleason™. This set
comprises a disc, a square, a rectangle and an equilateral
triangle (see Figure 2).

The testing strategy which was employed may be
summarized as follows. An NCD template of each of
the four shapes is learned by the vision system. The
measure of similarity between each of these templates
and four test shapes is evaluated and the test shape
is classified as belonging to the class of shapes for which
it exhibits the maximum similarity. This is repeated for
ten sets.of test shapes and the entire procedure is
repeated five times, using a newly learned template on
each occasion. Since an estimate of the descriptor’s per-
formance with partial contours is required, each classifi-
cation is performed using NCD descriptors which have
been generated using 50%, 60%, 70%. 80%, 90% and
100% of the original test shape BCC. The classification



Figure 2. Test shapes, extracted boundaries and NCD
signatures

Table 1. Classification of test shapes using 50% of
boundary

Test Template

Disc Square Rectangle  Triangle
Disc 0 0 11 39
Square 0 0 50
Rectangle 0 0 7 43
Triangle 0 0 10 40

Table 2. Classification of test shapes using 60% of
boundary

Test Template

Disc Square Rectangle  Triangle
Disc 0 0 0 50
Square 0 0 0 S0
Rectangle 0 0 31 19
Triangle 0 0 5 45

results obtained for each of the 50 tests performed with
50%—100% partial contours are summarized in Tables
1-6, respectively.

Note that, since an arbitrarily learned template need
not necessarily be ideally representative of the object,
each learning procedure is repeated five times and a
measure of the similarity between the descriptors corres-

Table 3. Classification of test shapes using 70% of
boundary
Test Template
Disc Square Rectangle  Triangle
Disc 0 1 0 49
Square 0 1 0 49
Rectangle 0 0 45 5
Triangle 1] 0 0 50

Table 4. Classification of test shapes using 80% of
houndary

Test Template

Disc Square Rectangle  Triangle
Disc 33 17 0 0
Square 0 45 0 5
Rectangle 0 0 50 0
Triangle 0 0 0 50

Table 5. Classification of test shapes using 90% of
boundary

Test Template

Disc Square Rectangle  Triangle
Disc 49 1 0 0
Square 0 50 0 0
Rectangle 0 0 50 0
Triangle 0 0 0 50

Table 6. Classification of test shapes using 100% of
boundary

Test Template

Disc Square Rectangle  Triangle
Disc 50 0 0 0
Square 0 50 0 0
Rectangle 0 0 50 0
Triangle 0 0 0 50

ponding to each shape is evaluated. The descriptor which
exhibits the best overall performance (i.e. the highest
average similarity measure) is selected as the shape
template.

The similarity measure used in these tests is a com-
monly used variation of the template matching metric
based on the standard euclidean distance between two
vectors®. This variation uses the absolute difference of
the template elements rather than the square of their
difference® and is defined by

S(m) = Z lg(d) — i — m)|
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Figure 2 illustrates the i=st shapes, 7ue corresponding
boundary representation, and th= assc . -»d NCD shape
descriptor.

Two points should 2e “sted. First, 17 NCD descrip-
tor obtained from the square and the disc are (as one
would expert) very similar, except for the spikes which
are due to the contour discontiauities at the corners
of the square. Despite this similarity, the square has
been correctly classified in every instance using 100%
and 90% of the complete contour to generate the NCD,
and with a 45% success rate using 80% of the contour.
Similarly, the disc was classified with 100% accuracy
using an NCD generated from the complete boundary
and with 98% and 66% accuracy using NCCs generated
with 90% and 80% of the boundary, respectively.
Bearing in mind the similarity of the NCD signatures
for these two shapes, these results are satisfactory. The
results obtained with the rectangle and triangle (which
have distinctive NCD signatures) are significantly better.
In the case of the triangle, it was classified correctly
with 100% accuracy for NCDs generated from partial
contours which are greater than or equal to 70% of
the complete boundary and with 90% accuracy in the
case of an NCD generated from 60% of the complete
boundary. Similarly, the rectangle NCD demonstrated
100% success with 100%, 90% and 80% partial contours
respectively and a success rate of 90% with a 70% partial
contour. .

The second point to note is that these partial contour
tests generate NCD descriptors on the basis of one single
partial contour, implying that the nonzero component
of the NCD signature is minimal. Consider, for example,
the instance of an NCD generated from 50% of the
disc contour. In this case, there are no opposing contours
(except in ideal circumstances, at the very ends of the
arc) and the NCD descriptor will comprise zero values
exclusively. This restraint would be alleviated somewhat
by the use of two (or more) partial contours which
correspond to opposite sides of the object, a situation
which is quite likely when dealing with partially occluded
objects.

CONCLUSIONS

The 2D shape descriptor which has been introduced in
this paper encodes, for every boundary point, the dis-
tance to an opposing point on the object boundary along
a path which is normal to the local contour orientation.
Though the NCD signature is based on both local and
global information, and is therefore quite robust, the
signature can be generated from (several) partial con-
tours. This contrasts with the requirements of most other
simple shape description algorithms (radii signatures,
for example) and, as such, it is suitable for recognition
of partially occluded objects. Results obtained using the
NCD with partial contours are encour

quent work is currently being directzd towards the use
of NCD partial-contour classificatisn in ziding the seg-
mentation of occludsd objects. The use of knowledge-
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based approach:  _:hasthzhy: hesic .cneration and
verification tech: : gested in eference 37, is also

vaing investigated.
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APPENDIX: AN ALGORITHM FOR
RESAMPLING BOUNDARY CHAIN CODES

A BCC is a nonuniformly sampled function, i.e 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.

® The link length (1 or
direction.

2) varies with the boundary

Any shape descriptor which is derived from this non-
uniformly sampled BCC is inherently sensitive to
changes in orientation. To alleviate this rotational
variance, it is necessary to remove the dependence on
link length, ensuring that the link lengths of the BCC
are all equal, specifically by resampling the BCC in
uniformly spaced intervals.

Such a sampling system will generate noninteger co-
ordinate values; the actual image pixel values can be
obtained for shape reconstruction, which is of interest
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when displaying the segmented shape, simply by round-
ing the real-valued coordinates. The fact that the node
coordinate values are noninteger is not important if the
descriptor is being used for the purposes of shape recog-
nition since one is interested only in correspondence
between link values (or the corresporiding transformed
property) and not the abolute position that they might
represent in the image.

A uniformly sampled BCC can be generated from
the nonuniformly sampled BCC in the following manner.

Let NUS__BCC and US__BCC represent the non-
uniformly sampled and uniformly sampled BCCs respec-
tively. Let a point given by a nonuniformly 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*/
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REPEAT

/*generate new USs—_BCC link and append to US__ BCC¥/

Generate three candidate uniformly sampled points:
(us__x1,us__yE). (us__x2, us_ 32), (us__x3, us_ y3)
at a distance of 1 unit from the current uniformly sampled point (us__x,
us__y) in directions corresponding to the NUS__BCC link direction, +
and —1.

Test all three points and choose the point which is closest to (nus__x,
nus__y) (using the euclidean distance metric)

Reasgign the current (us__x, us__y) to be this point

Appended to the US__BCC a link with a direction corresponding to this
chosen point

UNTIL Jus_x — nus__x| <0.5AND [us__ y ~ nus_ y} < 0.5
/*(us_x, us__y) now lies within the bounds of the grid pixel given by*/

[*(nus__x, nus__y) *

Figure 3 illustrates this resampling process: the original
nonuniformly sampled boundary is depicted by dots
joined by a dotted line and the resampled boundary
is depicted by circles joined by a dashed line.
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