Boundary Signature Matching for Object Recognition

Adnan A. Y. Mustafa
Kuwait University, Department of Mechanical and Industrial Engineering,
P. O. Box 5969 - Safat, Kuwait 13060
Email: symymus@kucO1.kuniv.edu.kw

Abstract

Any object recognition system must address cases when
parts of the object are not visible due to occlusion,
shadows, ... etc. In this paper we introduce a simple
matching method that is based on matching boundary
signatures. Boundary signatures are surface feature
vectors that reflect the probability of occurrence of a
feature of a surface (or an object) boundary. Boundary
signatures are an extension to our surface signature
formulation which we have presented with good success
in our earlier work. We introduce four types of surface
boundary signatures; The Curvature Boundary Signature,
the Direction Boundary Signature, the Distance Boundary
Signature and the Parameter Boundary Signature. These
four signatures are constructed based on local and global
geometric shape attributes of the boundary. Tests
conducted on objects of different shapes have produced
excellent results in the absence of occlusion and good
results when objects retain at least 70% of their original
shapes.

1. Introduction

A major concern with many object matching techniques is
that they fail when partial object information is missing. A
typical example, is the case of object occlusion where only
part of the object is visible to the camera (or vision
sensor). Here, the shape of the object and its boundary are
no longer similar to its original shape and hence more
difficult to match. Such a case usually results in object
mismatch and incorrect object hypotheses and hence
incorrect recognition. However, depending on how much
boundary is missing the object may still retain important
features of its boundary that matching using signatures can
still produce correct hypotheses. In our previous work, we
introduced surface signatures as robust feature descriptors
for surface matching [1] [2] [3]. A surface signature is a
feature vector that reflects the probability of occurrence of

a surface feature on a given surface. Surface signatures are
scale and rotation invariant. We showed that by using
surface signatures correct identification was possible
under partial occlusion and shadows. Previously we
employed two types of surface signatures, surface
curvature signatures and surface spectral signatures, which
statistically represent surface curvature features and
surface color features, respectively. In this paper we
introduce surface boundary signatures as an extension to
our surface signature formulation. Boundary signatures
are constructed based on local and global geometric shape
attributes of the boundary.

This paper is divided into four sections as follows:
section 2 presents a brief review of related work, section 3
introduces the concept of boundary signatures, section 4
describes the matching procedure used, section 5 presents
the results of tests conducted and the paper concludes with
a discussion of the results in section 6.

2. Related Literature

Shape analysis is divided into two categories, boundary-
based shape analysis that analyses the boundary of the
shape and interior-based shape analysis that analyses the
shapes based on the interior region of the shape. Examples
of boundary based shape analysis are Chain (or Freeman)
codes, Polygonal Approximations and Shape Signatures.
Examples of interior based shaped analysis include region
moments methods and Medial Axis Transform (MAT)
methods (i.e. skeleton techniques).

The literature on shape analyses methods is vast. In this
section we only present a sample of recent papers that are
relevant to our work. Hong [4] presented an indexing
approach to 2-D object description and recognition that is
invariant to rotation, translation, scale, and partial
occlusion. The scheme is based on three polygonal
approximations of object boundaries where local object
structural features (lines and arcs) are extracted. Ozcan
and Mohan [5] presented a computationally efficient
approach which utilizes genetic algorithms and attributed
string representation. Attributed strings were used to
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represent the outline features of shapes. Roh and Kweon
[6] devised a contour shape signature descriptor to the
recognition of planar curved objects in noisy scenes. The
descriptor consisting of five-point invariants was used to
index a hash table. Nishida [7] proposed an algorithm for
matching and recognition of deformed closed contours
based on structural features. The contours are described
by a few components with rich features. Mokhtarian et. al
[8] used the maxima of curvature zero-crossing contours
of curvature scale space image as a feature vector to
represent the shapes of object boundary contours. Kovalev
and Petrou [9] extracted features from co-occurrence
matrices containing description and representation of
some basic image structures. The extracted features
express quantitatively the relative abundance of some
elementary structures. For a recent survey on shape
analysis techniques the reader is referred to [10].

3. Boundary Signatures

The boundary (£2) of any surface (or object) consists of a
finite number (V) of an ordered sequence of points (A) that
define the shape of the surface (or object) see Fig. 1,

Q={A =(x,y),i=0,...,N—1} (1)

The following assumptions are made about Q,

e Qisclosed, i.e. Ay follows Ay ;.

e Q has a single point thickness ( has been thinned)

e Q is traversed in a counter-clockwise sense (the
object is to the left)

® Q does not contain any internal holes.

A surface signature is a feature vector that reflects the
probability of occurrence of the feature for a given
surface. In general, if S denotes a surface signature of size
N, and §; denotes the ith component of S, then by

definition,
M-1
T )
i=0

Fig. 1. The feature vectors extracted from the boundary.
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where 0 < §; < 1 and 0 <i<M. We introduce four types
of surface shape signatures or surface boundary
signatures: the Angle Boundary Signature (S,p), the
Curvature Boundary Signature (Scg), the Distance
Boundary Signature (Spg) and the Parameter Boundary
Signature (Spp). These four signatures are constructed
based on local and global geometric shape attributes of the
boundary () as described below. All four signatures Spp,
Sis, Scz and Spp are rotation, translation and scale
invariant.

3.1 The Distance Boundary Signature

The Distance Boundary Signature (Spp) represents the
frequency of occurrence of the normalized Euclidean
distance between two points for a given distance,

g
Spp = pdfa(u) = E(\Pd (u)) (3)

where \Pd denotes the normalized inverse distance

function obtained by normalizing the inverse distance
function with respect to the maximum inverse distance
value,
~ ¥, (u)
e @
max(‘¥; (1))

where,
Wa@)=f£"(d(M.0 ) 5)

and u=dis the normalized distance. The distance
function (d;) between any two points, Kj and A;, on Q is
given by,

dy=d0udy) = =52+ (i =) ©®

Plots of the distance matrix d for a circle (d.;.,) and an
ellipse (d.jps) is shown in Fig. 2. For illustrative
purposes, each plot is shown from two viewpoints; a side
view and a top view. Because of the symmetry inherit in
the shape of a circle, d.;.; has the unique feature of
having the only profile containing diagonal lines with
constant values. As a circle is stretched in a given
direction, d;,;. looses its symmetry. Construction of d for
many objects has verified the uniqueness of d for a given
shape [11].

When parts of an object boundary are missing d will
also change from its original profile. However, if the
amount of boundary missing is relatively small then d will
not change by much. This can be shown as follows: Let
denote the percentage of boundary missing. Fig. 3 shows
three variations of a circle with different amount of its
original boundary missing along with their corresponding



d. We see that when the amount of boundary missing is
small (U = 0.1) deier, 09 is very similar to d;.. But as the
amount of boundary missing increases the similarity of d
to its original d decreases. But even when large amount of
its boundary is missing, such as the case for the circle with
50% of its original boundary missing, we see that a large
similarity exists between d.ci, 0.5 and d.;. that the shape
can be identified as being (part of) a circle. It is this
similarity in d and the other boundary features presented
that we exploit in our work to arrive at successful
matching when partial boundary information is missing.

(b)

Fig. 2. Plots of d. (a) for a circle; d
eccentricity 0.995; d

and (b) an ellipse with

circle

ellipse

Fig. 3. Surface plots of the distance matrix (d) for a circle with
different amount of its border missing (from top to bottom):
d,. ., 1=01,d,, , M=03)andd, ,;, (L=0.5).

circle_0.7

3.2 The Parameter Boundary Signature

The Parameter Boundary Signature (Spp) represents the
frequency of occurrence of the chord bending between
two points at a given value,

d |~
S = pat0) = (% ) ™
where q’y denote the normalized inverse chord bending

function obtained by normalizing the inverse chord
bending function with respect to its maximum inverse
chord bending value and z= ?is the normalized chord
bending function. Chord bending (y), represents the
amount of parameter bending between two points on Q.
For two points, A;, A; € Q, the chord bending is defined as
the ratio of the distance function between the two points
(dy) to the parameter distance between the two points (p;),

vii=yihp) = dij | pjj ®)

Since Q is closed, two different values of p exist between
any pair of points, one in the counter-clockwise direction

( p{; ) and the other in the clockwise direction ( pl-; ). The

shortest of the two distances is taken as the parameter
distance between the two points. Hence,

d;;
= J
Th T = e ©)
min(p;; , pj )
y is symmetric. Note that if y; = 1, then all points M
between i < k < j lie on a straight line. Furthermore, the
chord bending between any pair of successive points is
unity, ¥;:; = 1. A plot of the chord bending matrix (y)

for a circle and an ellipse is shown in Fig. 4. The profile
of an ellipse is distinctly different from that of a circle.

Fig. 4. Plot of the chord bending matrix (y) for a circle (left) and
an ellipse (right)

3.3 The Curvature Boundary Signature

The Curvature (or Tangent) Boundary Signature (Scp)
represents the frequency of occurrence of the curvature for
a point on Q at a given angle,

dii =
Sca=pdtin) = (e (w) (10)

w
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where V). denote the normalized inverse tangent angle
function obtained by normalizing the inverse tangent angle
function with respect to its maximum inverse tangent
angle value and w=k" is the local curvature. The local
curvature (k°), represent the amount of local boundary
bending by computing the local angle of the tangent, and
is computed by,

o L= A it -
Ky =c08 (V;_1-(=Vy)-sign(¥; 4 XV;) - (11)

where
o A4
v =—- (12)
A
Vi =ri(a i — )i+ =)D (13)

Values of x° lie in the range [0, 27r] where values of x°
between 0 < x° < x indicate shape concavities while
values of k° between m < k° < 2x indicate shape
convexities. Plots of x° for a circle and an ellipse are
shown in Fig. 5. We see that a circle has values of ¥° =1t
everywhere. The profile of an ellipse is similar to that of a
circle, but has smaller values of x° at the ends of its major
axis (dependent on eccentricity and profile resolution).

(a) (b)
Fig. 5. Polar plots for the values of k° for (a) circle and
(b) ellipse (e = 0.995).

3.4 The Angle Boundary Signature

The Angle (or Direction) Boundary Signature (Syp)
represents the frequency of occurrence of two points
oriented relative to each other at a certain angle and is
given by,

o
15 =pdta(v) = — (P, () (14)
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where W, denotes the normalized inverse relative

orientation function obtained by normalizing the inverse
relative orientation function with respect to the maximum
inverse relative orientation value and v = . The relative
orientation of point A; = (x;, y;) with respect to A;, is given
by,

a(hsMy) = arctan*(y;—y;, x— x;) (15)

where A; and A; € Q. Values of o lie in the range [0,27[.
Note that o is skew symmetric, o; = — 0.
3.5 Discrete Boundary Signature Construction

Because of the discrete nature of images, obtaining an
analytical expression for the signatures as stated above is
not practical. The signatures we construct from images are
the discrete counterpart of the analytical expressions
stated above. If Mpp is the number of bins of Spp with bin
size 1/Mpp, then the ith element of the signature is
calculated by,

STz = Py ((+1)iMpp) — Py (iIMpp) (16)

where i = 0, 1, ..., Mpgp — 1. Similarly for the other

signatures,
S5i5 = Py (+1)Mug) — Py, (i1Man) (17)
ST = P (+1Me) — Py (M) (18)
SPE = Py (+1)/Mps) — Py (M) (19)

where Mz, Mg and Mpp are the number of bins of S,p,
Scs and Spp, respectively. In our work we employ
signature sizes of Mpg = 200 for Spz and Mpz = 360 for
Sps. A signature bin size of 1/27 (i.e. 1°) is employed for
Sap and Scp producing M,z= 360 and M, z= 360.

4. Matching

In this section an explanation of the signature matching
strategy is explained as well as the indexes used to
evaluate the matching performance.

4.1 Signature Matching

Matching between observed objects to model objects is
accomplished by comparing their signatures using the four
error metrics described in [3]. These metrics compare the
signature profiles based on signature distance, variance,
spread and correlation. The four error metrics are then



combined to form the signature match error (E), which
gives a weighted signature error based on the four error
metrics. We will refer to the correct model that an object
should match to as the model-match. This paper will
concentrate on evaluating the matching performance and
missing data sensitivity of the four boundary signatures.
Hence, the signature match error E will be calculated
individually for each of the four boundary signatures (i.e.
E,p, Epg, Epg and Ep) and evaluated. A small error value
of E for a particular boundary signature indicates strong
similarity between surfaces based on the boundary
attribute.

4.2 Matching Performance

The following indexes are used to measure the
performance of the signatures:

e Relative Performance Index. The relative
performance index (RPI) is defined as the relative
surface (object) match error of a model-surface
(model-object) to an observed-surface (observed-
object) with respect to all model-surface (model-
object) errors in the model set. Hence, the RPI of a
model-surface (model-object) indicates how well a
model-surface  (model-object) matched to an
observed-surface (observed-object) with respect to
other model-surfaces (model-object) in the set.

e Model Percentile. The model percentile (CI) is
defined as the signature matching error percentile of
matching model m to object 0. A CI value of n% for a
particular model indicates that n% of the models
produced lower matching errors than this particular
model.

e Signature Recognition Rate and Recognition
Efficiency. The signature recognition rate (®) is
defined as the percentage of correct hypotheses found
for a given set using a particular signature type. The
signature recognition efficiency (n) is define as the
efficiency of a signature in matching a surface
(object) to its model-match surface (object) for a
given surface (object),

N = (1 - AMCI)-100 % (20)

where AMCI is the average model-match percentile of
a set.

e  Surface (Object) Matching Performance Index of
a Set. The surface (object) matching performance
index —SMPI (OMPI ) is a measure of how well
observed-surfaces (observed-objects) match to their

model-match surfaces (objects), with respect to all
model-surfaces (model-objects) in the set,

OMPI = (1 — AMRPI)-100% (21)

where AMRPI  is the average model-match’s
RPI.Values of SMPI (OMPI ) lie in the range between
[0%,100%]. A value close to 100% indicates that
most of the observed-surfaces (observed-objects)
match very well to their model-match, with respect to
all model surfaces objects in the set.

4.3 Significance of Performance Metrics

The three metrics ®, n and SMPI (OMPI ) complement
each other in measuring the signature matching
performance for a given set of surfaces (objects). While ®
measures the percentage of surfaces (objects) that
correctly produced a hypotheses, M measures the
efficiency of matching by taking into consideration how
“far off” -in terms of matching rank- the model-match is
from the hypotheses found. SMPI (OMPI ) measures how
well the model-match matched -in terms of matching
similarity- with respect to all models in the set. We will be
interested primarily in the model-matchs’ CI and RPI
denoted by MCI and MRPI, respectively. While MCI
indicates the rank of the model-match among the models,
MRPI identifies the relative matching strength of the
model-match. Ideal matching results are MCI = 0
(resulting in MRPI = 0) indicating the correct model was
found as the best match. Matching results with low MCI
and MRPI values are also very good, indicating the correct
match is among the top hypotheses produced by the
system with small error differences.

5. Experimental Results

Tests were conducted on objects of different shapes and
sizes. The model set consisted of the 41 objects shown in
Fig. 6. Shape signature files for these models were
constructed off-line and stored in the model database.
Boundary signatures for a sample model is shown in
Fig. 7. Testing was done on two sets; The first set
consisted of objects that completely visible while the
second set consisted of objects that were partially visible.

5.1 Matching Complete Objects
Testing was done on 129 instances of the models at
different scales and random rotations. In addition 6

instances of 2 new models not in the database were also
tested to observe if the system can produce a hypothesis
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which agrees with the closest model perceived visually.
Several test images of the objects are shown in Fig. 8.
Boundary signatures for these objects were constructed
and subsequently matched to the signatures of the model
database The results of matching are discussed in [12] and
a summary follows:
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Fig. 7. Boundary signatures for model C. Top to bottom and
left to nght SAB’ SDB’ SPB & SCB

Fig. 8. Sample objects
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e The combined results of Spz and Spz correctly
detected 129 of 135 objects (®pg_pz = 95.6%).

e The signature efficiency using Spp and Spp are very
high (Mpz = 99.1% and Mpg = 91.1%, respectively).
This indicates that using Spp produced -on average-
the model-match as the best match or the next best
match, with a higher tendency for the former. The
signature efficiency using S,z and Spp are very poor
(n < 60%).

e Matching using Spp produced the best signature
matching success rate where 124 of the 135 objects
were correctly hypothesized (®pz = 91.9%).
Matching using Spz produced the second best
matching rate (®pp = 63.7%). Matching using Scp
produced poor matching results (3 = 15.6%) while
matching using S,z produced the poorest matching
results (Oy = 8.1%).

5.2 Matching Incomplete Objects

In this section we present the results of matching
incomplete objects. The amount of data missing will be
measured as the percentage of original boundary missing
and will be denoted by . Tests on incomplete objects
consisted of 70 objects. u varied for these objects from
u=0.12 to u = 0.61 with an average value of p = 0.37.
Fig. 9 shows a sample of these shapes. Matching results
for these objects in the complete range tested were as
follows:
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Fig. 9. A sample of the incomplete objects



e The overall success rate of the signatures were all
very weak, where ® < 20% for all four signatures.
Matching using Spp produced the highest success rate
(®Ppg = 19.5%) followed by Scp (Ops = 14.6%).
Matching using either S,p or Spp produced the poorest
results (@ 5 = 2.4% and Dpg = 7.3%).

e However, the signature efficiencies varied from
N = 53.6% to m = 78.4%. Spz had the best
performance with Mg = 78.4% followed by Spp with
Nps = 76.0%. Scy and S,z both had poor
performances with 1 = 65.9% and M = 53.6%,
respectively.

However, analyzing the results for p < 0.3 (70%
boundary retention) we find that:

e The performance of Spp and S¢p are much better:
q)DB,}.l <03 = 66.7% and q)PB.,u< 03 = 16.6%.

e The signature efficiencies for both Spz and Scp
improve considerably: Npg = 92.3% and Ncp = 77.7%.

From the points mentioned above, it is obvious that a
correlation exists between L and MCI for Spg and Spp. The
correlation coefficient calculated for the four signatures
are 0.110, 0.764, 0.647 and 0.120 for S,s, Sps, Sps and
Scs, respectively. These correlation coefficients indicate,
as earlier observed, that a strong correlation exists
between the amount of boundary missing and the model-
match percentile for Spp and Spp, and no correlation exists
between the amount of boundary missing and the model-
match percentile for S,z and Scg.

6. Discussion and Conclusion

Table 1 gives a comparison of 1 for the four signatures as
function of u.

e The signature efficiencies (1) for both Spz and Sp
are sensitive to [ as they degrade with increasing |
while 1 for S,z and S¢p are not sensitive to L.

e Up to u = 0.3 using Spp outperforms all other
boundary signatures.

e Up to u = 0.6 the signature of choice is to use either
SDB or SPB-

The fact that ® for both Spp and Spp are sensitive to [
while Spp and Sp are not is due to the fact that the former
pair of signatures are dependent on the distance between
boundary points. When an object is partially visible and
incomplete, the object takes on a new shape defined by the
boundary of its visible part resulting in an object boundary

with smaller inter-distances between its boundary points.
As the amount of the boundary missing (1) increases the
distortion in distance increases. On the other hand, Scp is a
function of the boundary curvature which retains its
correct values on the visible boundary. S,z is a function of
the inter-direction between boundary points and as long as
only a non-significant part of the object is missing the
inter-direction between boundary points is not greatly
distorted.

The boundary signature error described in this paper
can be combined with our previous work to define a
surface match error based on curvature, spectral and
boundary attributes. With this added feature, the excellent
results previously obtained using curvature and boundary
attributes can be further enhanced. Furthermore, It would
be interesting to apply boundary to character recognition.
In character recognition, the problem of incomplete shape
is non-existent thus high recognition rates are expected.
Furthermore,

Table 1: Comparison of N

u Sap Sca Sps Sps
p=0 52.8% 59.9% 99.1% 91.1%
O0<u<03 58.2% 77.7%  923% 76.8%
0<pn<0.7 53.6% 65.9% 76.0% 78.4%
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