Neural Processing Letters 18: 81-95, 2003. 81
© 2003 Kluwer Academic Publishers. Printed in the Netherlands.

2-D Shape Recognition using Recursive Landmark
Determination and Fuzzy ART Network Learning

APIWAT SAENGDEEJING, ZHIHUA QU, NOPPHAMAS CHAEROENLAP,
and YUFANG JIN

School of Electrical Engineering and Computer Science, University of Central Florida,
Orlando, FL 32816, USA. e-mail: qu@pegasus.cc.ucf.edu

Abstract. In this Letter, 2-D shape recognition is done using a combination of recursive search
of landmarks, landmark-based invariant features, and a fuzzy ART neural-network classifier.
To make this novel combination work well, an upper limit is imposed on the number of total
landmarks allowed, and this maximum size is then translated into fixed dimensions of invariant
features and into the neural processing of the features. It is shown that the recursive landmark
search approximates very well any smooth 2-D shape contour, that the shape features used are
independent of perspective transformation, and that, when combined with a fuzzy ART clas-
sifier, unknown features can be efficiently learned on-line to identify multiple distinct objects.
An illustrative example is used to demonstrate effectiveness of the proposed algorithm.
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1. Introduction

Object recognition is one of the essential characteristics of an intelligent system, and
its importance is clear in such areas as machine vision, inspection and automation,
and target identification. For recognizing geometrically different objects, shape con-
tour is the most obvious and important feature to be used. Although an object can be
described well by its shape contour, the shape contour may change depending on
camera perspective and/or motion of the object. Furthermore, in order to recognize
several known objects and to learn unknown objects, various shape contours need to
be compared and classified. To this end, an analytical shape representation has to be
developed.

There have been two ways of modelling shape representations. In the spatial
domain, methods such as, chain code [16], run length coding [7, 9], polygon approxi-
mation [6, 14], convex hull [10, 17] are proposed. In the transform domain, there are
such techniques as Fourier Descriptor [8, 18], short-time Fourier Transform, Gabor,
and wavelet transforms [1]. These methods have been studied by many researchers and
have been used successfully in many applications. To accommodate changes in per-
spective and to guarantee successful recognition, invariant features can be developed
to eliminate the impact of any affine transform [2, 3, 15]. It is known that, if the depth
of an object is small compared with its distance to the camera, the object can be mod-
elled as a 2-D object and its viewing and projection transformation becomes affine.
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In this Letter, a new method of 2-D object identification is proposed for applica-
tions in robotics and automation [13]. The proposed method includes three compo-
nents: a recursive search routine to find a limited set of best landmarks as shape
features (that is, a constrained optimal polygon approximation), a new composite
invariant feature that is calculated based on the landmarks found and is independent
of reference points, and the application of fuzzy adaptive resonance theory [5]. This
combination makes it possible to efficiently describe any shape contour (known or
unknown), to extract transformation-independent features, and to learn and classify
distinct objects in a set of still or time sequential images. Computational efficiency
and real-time learning capability are the main advantages of the proposed method.
An example of target identification is used to illustrate effectiveness of the proposed
method.

2. Shape Acquisition and Processing

Upon completing edge detection, a specific perspective of a target to be identified is
obtained, and it can usually be characterized as one closed contour or several con-
tours. To illustrate the main idea, we assume that the perspective is described one
closed contour.

If the camera is moving relative to the target, the perspectives will change over
time and as long as the depth of the target can be neglected compared to the distance
between the camera and the target, the target can be treated as 2-dimensional and its
perspective changes can be described by an affine transformation [12].

To identify the specific target without knowing the transformation, one needs to
determine a number of invariant features for the target. In the problem of identifying
multiple targets, their corresponding invariant features need to be learned automa-
tically. To this end, a multiple-object recognition technique is proposed in this Letter
and it consists of the following modules:

e A group of landmarks will be chosen automatically through a recursive algorithm
to characterize closed contours in a perspective of the targets.

e A sequence of transformation-invariant features will be extracted based on the
landmarks associated with each closed contour.

e A fuzzy ART classifier is used to separate and learn the invariant features of
various objects and hence to distinguish different objects.

3. Recursive Selection of Landmarks

In general, a curve (that is, a portion of a closed, shape contour) can be simply
approximated by such pre-defined geometric primitives as line segments. This
approach, traced back to [11, 14] and often called polygonal approximation in com-
puter graphics, is used in the proposed recognition technique. Here, the polygonal
approximation is applied to best capture the shape features in a perspective by
searching for the maximum distances between pairs of points on the contour until
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a certain minimum resolution is reached and, to be computationally efficient, a max-
imum value is imposed on the number of vertices to be selected. Specifically, a recur-
sive algorithm is proposed to locate vertices of a fitted polygon, called landmarks, by
partitioning the contour according to the maximum distance found and by repeating
the partition through a tree-like search.

To describe the proposed algorithm of locating landmarks, let

X, be the set of all points, p;, on a digital image of the closed contour, i.e.,
X, ={pii=1,...,N} = {[xi,»i, 07, i= 1,2,...,N,} such that point p; is
adjacent to both p;;1 and p;_;.

Q C X, be the set of landmark points to be found, thatis, @ = {g;,j=1,..., N;}
where ¢; is the jth landmark and N;, to be found, is the dimension of set Q.
Typically, N; << N,.

Dnax 1S a positive integer representing the maximum search depth (or the maxi-
mum number of recursion steps, or maximum search level in the tree). Normally,
2Dmx+1 > N/-

Qg be the set of landmark points found up to the dth iteration, where
d=0,...,Dmnax + 1. Thus, Q; C Q, C --- = Q. Assume without loss of gene-
rality that Q; = {¢'",i=1,..., N} be sorted such that landmark point ¢*’
is adjacent to both qgi)l and qgi)l.

Sﬁd) be the set of points that are on the contour segment with its two end points

d d
at qg ) and qf.+)1.

Then, the proposed recursive algorithm is as follows: given any positive constant ¢
and integer Dy,

Initialization: Set d = 0, N© =2, and find ¢\ and ¢} such that

g1 — 2l = max ||p; — pjll,

Pi-Pi€X)p
where || - || denotes the Euclidean norm.
Recursion at Level d: Set Q;=Q, . For each contour segment Sgdfl),

i=1,..., N9V find ¢ such that

If

-1 d-1 -1 -1
144" = gl + llg — 44501 = rr;gg”[llqﬁ "l +lp — a5V
PE i
d—1 d—1 d—1 d—1
16" — gl + g, — 451 > 1" = g5 1+ e, (3.1)

add ¢; into set Qy; otherwise, ignore ¢;.

Once segments 5*;’*” are exhausted, set Q is obtained after a simple sorting within

itself. Let d = d+ 1. If d < Dy, continue the recursion; otherwise, exit the loop.
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Figure 1. Recursive assignment of landmark locations.

As an example, consider the closed contour in Figure 1. During the initial step,
two entry-level landmarks 4; and B; are found by searching for the maximum
distance between the points on the contour. These two landmarks partition the shape
contour into two segments. Using the proposed algorithm, one can recursively locate
landmark points at different levels (denoted by 4;, B;, C;, and so on fori =2, ...) by
finding the maximum accumulated distance (i.e., maximizing the sum of the two dis-
tances between a point in a segment to the end points of the segment). Note that the
landmarks found in the previous steps are the ending points of various segments in
the current recursion. In doing so, landmark points 4, and B, are found in the level-
1 search, and landmark points 43, B3, C3 and D3 are found in the level-2 search, and
so on. This process continues until either the maximum search level is reached or the
maximum accumulated distance becomes less than . It is obvious from this recursive
mechanism that, given a relatively large Dy« and a relatively small ¢, the whole set
of landmarks can approximate any smooth shape contour. In fact, the proposed
recursion represents the process of a constrained optimal approximation.

To illustrate the proposed landmark search algorithm, consider the shaded region
in Figure 2. A simple edge detection algorithm can be readily applied to find its shape
contour. Upon completion, the proposed landmark search algorithm is carried out,
the results and corresponding polygon segments are shown in Figure 2, and

Figure 2. An arbitrary shape and the corresponding results of landmark search.
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effectiveness of the algorithm is apparent. In this example, Dy, = 8 and € = 1 are
set, and the proposed algorithm locates 54 (i.e., N;) landmark points.

The maximum search level Dy,,x imposed by the algorithm ensures that the num-
ber of landmarks is limited. This size limitation is needed for both computational
efficiency and feature characterization. As will be shown in the next section, a set
of new invariant features are developed, and they are based on the number of land-
marks. By limiting the number of maximum landmarks, new invariant features can
be represented by a vector of fixed dimension, which is critical for automatic classi-
fication using neural network learning.

In essence, the landmark set provides an approximation of contour shape features
in an image. Constant ¢ can be viewed as the measure of resolution, and its value
typically depends on engineering choices. If ¢ is sufficiently small and D,y is suffi-
ciently large, Q = X,,. As aforementioned, the compression from X, to Q is impor-
tant and necessary. The proposed recursive algorithm ensures that landmarks are
properly spread along any (non-uniform) contour via an efficient and uniform search
through a tree-like structure.

Obviously, choices of Dy« and € require tradeoffs between accuracy and compu-
tational efficiency. In general, searching depth and/or landmark resolution should be
increased as complexity of the shape contour increases. For a very complicated con-
tour, searching depth and landmark resolution can be set locally for parts of the con-
tour. For instance, one can first apply an algorithm of water flow to determine such
features as loop, loop size, and variations of gradient. Using a criterion based on
these features, searching depth and landmark resolution can be selected intelligently
and automatically.

4. A Vector of New Projection-Invariant Features

In many applications, 2-D images are obtained by projecting a 3-D object onto the
imaging plane. In case that the depth of the object is much smaller than the distance
between the object and the projection plane, shape contours in the images can be
treated as ones of 2-D. For moving objects, their shape contours will change as a
function of projective mappings. To classify distinct but unknown objects based
on image sequences, a generic projection-invariant measure is developed in this sec-
tion for distinguishing general objects so that automatic classification can be pursued
in the next section by means of learning.

To this end, consider four distinct points on the shape contour in an image: p;, p;,
P, and p;. Using coordinates of any three points (say, p;, p;, and pi), one can formu-
late the following determinant:

1 Xi Xj Xk
(i, J, k)zz Yi ¥i Y| 4.1)
1 1 1

Note that v(i, j, k) # 0 unless the three points are on a straight line.
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For general projective images, cross ratios of a linear shape measure are invariant
to affine transform action [2, 15]. When the perspective changes, the four points in
the new image become p/, Pj» Py» and pj, and the relationship between p; and p; is
given by an affine transformation

p; = Api+ b,

where A is the rotational/scaling matrix and b is the translation vector. By employing
the homogeneous representation, we have

X; X; Xi
A b A
1 1 1

Therefore, if adopted as a feature, ratio

v(i, j, k)

4.2
(i.J.]) 42
is projectively invariant as expected since
T E A A P E A
va SR =S\ v i = Y Ve
1 1 1 I 1 1

and consequently

v(i,j, k) _ Ui j, k)
o(i, i 1) VG0
Ratio (4.2) is both shape relevant and projection invariant and will be adopted as
the seed feature. This is because determinant (4.1) is a measure corresponding to geo-
metric area of a triangle formed by landmark points. Specifically, the triangle with
vertices at p;, p; and py has the following area:

A =(pi = pi) x (pj = pi)l.

On the other hand, it follows that, since the value of a determinant is invariant under
elementary operations,

1% ve 1
v(l5lﬂk)=§ xi yi 1 .
iy 1

Subtracting the first row from second and third rows and then multiplying the last
column by (—x;) and (—yx) and adding the results to the first and second columns,
respectively, yield

1 1 1
. 1 1
(i, j, k) = 3| X=Xk Vi e 0= 5 (pi —p) X (pj—p)-| 1] (4.3)
Xj—xt yi—yi O 1
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Therefore, determinant (4.1) is a signed geometric measure (related to the area). Fur-
thermore, v(i, j, k) has the property that, if p; is changed to (1 & ¢)p; for some small
constant ¢, v(i, j, k) is perturbed by the same percentage, that is, sensitivity of v(i, j, k)
with respect to a variation in p; (or p; or px) has a unity value, which can be simply
denoted by

SP=1. (4.4)

Nonetheless, ratio (4.2) is not an appropriate shape feature for unknown objects
for two reasons. First, while being invariant under affine transformation, its value
is too dependent upon the choices of points and thus captures too little information
about the shape to be effective. Theoretically, one could overcome this problem by
calculating all the values associated with combinations of all the points. However,
this method of exhaustion is undesirable computationally. Second, if calculation
of the ratio is selectively done for some of the points, selection of these points need
to be carried out intelligently so that shape information of unknown projects can be
described by a fixed feature that can be computed efficiently.

The approach taken in the Letter resolves the aforementioned difficulties by intro-
ducing a new invariant feature vector 1. The vector is calculated in two steps (so as to
address the aforementioned problems). First, only the landmark points will be con-
sidered for computing the invariant feature vector. It has been shown in Section 3
that, through the recursive search algorithm, information of shape contour is com-
pressed and captured by the landmark points. Second, motivated by ratio (4.2), the
following vectors of fixed dimension are calculated:

v(l,i+1,i4+2)vQ2,i+1,i+2) v(N;—1,i+1,i4+2)
v, i+ 1,i+2) v(i,i+1,i+2) v, i+1,i+2)
v(NLi+1,i42) r
— - 0---0],
v(i,i+1,i+2)

(4.5)

where i=1,...,N;— 2, Npax = 2PmFl 2 ¥, e iVmax and v(-, -, -) are the deter-
minants of form (4.1) for the set of landmarks. That is, given a set of landmarks
Q={qg, j=1,...,N},

1 qxi  4xj qxk
v/(i, j, k) =5\ Wi Dy k|
1 1 1

Then, the proposed invariant feature vector is denoted by I € \¥m, and its kth
element is defined to be

N]*Z 2
> Ml i=1,
i=1
L= Ni=2 Ninas (4.6)

T Zl Zl Wi (mod(k4+j— 1, Npax))¥i(j) i=2,..., Nmax
=1 j=
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where W,(j) is the jth element of vector ¥;, and function mod(k, n) is defined to be
the modulus of k by n.

Remark. 1t follows from (3.1) that, given the shape resolution characterized by
¢ > 0, any three adjacent landmarks (¢;, ¢iy1, ¢ix2) are selected not to be on a straight
line. Therefore, vectors in (4.5) and feature (4.6) are well defined (i.e., there is no
singularity).

The proposed feature also has the following properties:

e Vector /is invariant with respect to any affine transformation on the elements in
Q.

e Vector / is invariant with respect to the ordering in set Q.

e Feature component /; can be viewed as the correlation factor of vectors ¥'; with
step size k, and thus vector [ is the self correlation vector of collection {W;}.

Furthermore, it is straightforward to show that || < 1 for k = 2,3, ..., Nmax
and that

Nmax ]V/_2 2
11+11<Zlk)= >

k=2 =0

e If Q is replaced by QU Q (so that N, is doubled while N, is fixed and not
exceeded by N)), then the non-zero elements of ¥; are repeated once within
the resulting new set, the corresponding value of feature I is increased by a con-
stant multiplier, and the non-zero elements of vector 7 are repeated once within
the new set as well.

The last property together with (4.4) justifies the use of landmarks in preserving
shape information in / while limiting computational effort to the landmark points.

To illustrate invariance of the proposed feature vector, consider the two projec-
tions of an object in Figure 3. Landmarks are found by the recursive search algo-
rithm, and they are shown in Figure 3. The corresponding features /i, invariant to
translation, scaling, rotation, and reference point, are calculated, verified, and then
plotted in Figure 4.

Figure 3. Landmark locations of two perspectives of an object.
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Invariant Sequence

Figure 4. Circular plot of invariant sequence [, where w; = cos(2kn/N;) and wy = sin(2kn/N)).

5. Automatic Classification by Unsupervised Learning

Having the capability of pattern learning and automatic recognition is one of the
most essential and desirable functions of today’s intelligent systems. For automatic
classification, unknown patterns need to be processed, characterized, and learned so
that they can be assigned into different classes or categories according to their char-
acteristics. For online applications, a classifier must be versatile in handling pattern
features, fast in online learning, and stable in classification. Adaptive resonance the-
ory (ART) is one of the neural network classes that possess such properties. In this
Letter, fuzzy ART is selected and implemented as the classifier because, unlike an
ART network which operates only at discrete values, the fuzzy ART network admits
inputs whose values are between 0 and 1. The basic structure and fundamental func-
tionality of a (fuzzy) ART network is given by Figure 5. In what follows, its algo-
rithm is illustrated.

As shown in Figure 5, the network consists of two layers: an input layer and a
competitive layer. These two layers are interconnected by forward and backward
weighting matrices W,_., and W,_,; (both of which have non-negative entries and
the initial values of their entries are typically set to be 1, and start with one compe-
titive node, i.e. M = 1), respectively. When a vector of shape features (say, x € RY

with 0 < x; <1 and for i=1,...,N) is presented, the state of the input layer
becomes
XZ[Xl, X2, ..., XN, l—xl, I—XQ,...,I—XN]T.

Then, a search is conducted at the competitive layer for the output node that yields
the maximum response, and the network either starts to resonate or continues its
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Figure 5. Fuzzy ART.

search until the best node representing the corresponding input is found. Specifically,
during the search/resonance phase, the network first selects the node candidate that
yields the maximum response 77, that is,

. 1] A X
7= P ——
Wi €W, B+ W{_>2||1

where f§ > 0, Wijaz is the weighting row vector from the input nodes to the jth out-
put node, (a A b); = min(a;, by), |lvll; = leivl vi, W3_,, is the jth column vector of
Ws_,1 and it is set to be Wj_, = [W]_,]". Upon identifying the Jth node, the node

is validated by the so-called vigilance test, i.e., whether the inequality
IW5_. A Xl = plIXIly = pN (5.1

holds for a vigilance constant p € [0, 1]. If true, the node represents the closest clas-
sification of the input, its weighting will be updated by adaptation law

Wiy =W, X, (5.2)

and the network is kept at to this state until the next input arrives. If false, the maxi-
mally responding node is not a valid candidate, and it will be excluded from the next
round of search (by resetting the Jth node attribute so that this node is prohibited
from winning in the next round of search), and the network continues its search.
If there is no convergence (i.e., no valid result emerges from the search), a new node
is created to represent the input. In this case, output node index M will be increased
by one (that is, Myew = M + 1), W5, adds a new column W{Wj;', initial values of all
its elements are set to be 1, and as a result Ty, = N/(f + 2N). Thus, in checking
(5.1), a new node will be added if all the current values of 7; are less than

N/(B +2N) ~ 1/2.
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In the Letter, the proposed shape recognition method is based on both the fuzzy
ART network and the new invariant feature vector 7 in Section 4. To produce the
normalized input vector, we let N = Ny, and

X = [1_1, 1_2, ey I_me]T,
where I, € [0, 1] is defined by

1—_1 I—_Ik—minlk
R Y A

and [ is that in equation (4.6).

In essence, the vigilance test ensures the matching condition, inequality (5.1),
between the input pattern and the selected weight W9 _,, and the fuzzy ART network
assigns a node (or classification) to represent the input by maximizing the corre-
sponding response while being vigilant. Note that matching condition (5.1) and
update law (5.2) form a contraction mapping. Therefore, as new input vectors come,
the vigilance constant p can be viewed and used as the compression ratio between
patterns and their corresponding nodes. Specifically, if p approaches one, the net-
work trends to generate new nodes rather than update the existing ones in order
to keep the match between an input pattern and its corresponding node.

In general, the adaptive resonance theory has one unique advantage over other
neural networks. That is, an ART has the property of being able to learn of a
new pattern without losing previously stored information. Specifically, adaptive
resonance theory is developed to solve the crucial tradeoff between stability and plas-
ticity [4]. A typical neural network tends to loss previously stored information as it
starts learning a new pattern.

In the ART architecture, the solution to the problem is the use of resonance and
feedback inter-connected weights that connect the output from the second layer back
to the input layer, as shown in Figure 5. The feedback mechanism allows the net-
work to either resonate or search for the best representation through different can-
didate nodes until an existing or a new output becomes the desired node, and that
node is then considered as the closest representation among all of the nodes.

Specifically, the important feature of the ART model is its automatic switching
between convergence (stable) and learning (plasticity) modes. This property is
achieved by the design of the weight update law and resonance mechanism since
the network updates only the chosen node while leaving all other weights intact. This
prevents cross interference from happening during the network updates. Whenever a
totally different pattern arrives, the resonance mechanism creates a new node to
represent the pattern. As the result, these key properties make the ART network
much more stable, without losing previously stored information and also automati-
cally generate new nodes to encode new patterns when they arise.

By combining the new invariant feature vector and fuzzy ART network learning
capability, the proposed method has all necessary properties and functions to
achieve online and automatic shape recognition.
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6. Illustrative Example

In this section, the proposed algorithm is tested for automatic classification of air-
planes. The test uses a set of different geometrical perspective images of the aircraft
to illustrate functionality and capability of the proposed fuzzy ART neural network
based classification method. Specifically, in the simulation, we prepare a set of 16
images, P={P;,i=1,2,...,16} for testing the network. The first four images,
Py, ..., Py, are the pictures that appear in Figure 6 and 7, and the others are a set
of different geometrical perspectives of Pi,..., P4 (e.g., Figure 8), denoted by
Pyivj=Ti(P;),j=1,2,...,4. These images are generated by three affine transforms,
T;(-), i = 1,2, 3. Results of the network presented by a sequence of the test images
are shown in Tables I and II.

In the simulation, the fuzzy ART network and the recursive landmark parameters
are set to be f=0.1, p =0.9, Dpax =7, M =1, and ¢ = 1. The matching scores
between patterns and their representing nodes and the results of the network respon-
ses are summarized in Tables I and II. It is apparent that the proposed network
recognizes the types of aircrafts with high matching scores.

Invariant Sequence

Invariant Sequence

Figure 6. Planes of type-1 and type-2 with their features.
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Invariant Sequence

Invariant Sequence

Figure 7. Planes of type-3 and type-4 with their features.

Invariant Sequence

Figure 8. Testing image and its invariant features.
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Table I. Network responses and matching scores of presenting images (in percentage).

Image P Py P Py
Network response create node 1 create node 2 create node 3 create node 4
Matching score 100 99.9 99.9 99.9
Image Ps Ps P, Py
Network response match node 1 match node 2 match node 3 match node 4
Matching score 97.8 99.5 94.8 95.8

Table II. Network response and matching scores of presenting images (in percentage).

Image Py Pro Py P
Network response match node 1 match node 2 match node 3 match node 4
Matching score 97.5 98.7 93.9 95.1
Image P Py Pys Pig
Network response match node 1 match node 2 match node 3 match node 4
Matching score 96.1 97.5 93.5 96.2

7. Conclusion

A method of shape recognition using landmark invariant features and a fuzzy ART
network is presented. It is shown to possess such unique properties as learning and
recognizing object shape online with a combination of invariant features against
weak perspective distortion and stable learning capability of fuzzy ART network.
The proposed method has the potential of enabling automatic shape learning and
recognition in many industry applications. Illustrative simulations have been carried
out to demonstrate the effectiveness of the proposed method, and a summary of
results is included.
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