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Abstract

This paper presents a combined strategy for pat-
tern recognition since statistical and structural pattern
recognition approaches are complementary. In this
new approach, statistics are extracted from a feature
space to establish primitives so that the noise and dis-
tortions can be handled in constructing subpatterns. In
turn, the structure information is built up from those
primitive elements to help decision making so that the
structural aspects can be extracted and used in recog-
nizing patterns. It is shown that the presented method
has taken the advantages of both statistical and struc-
tural approaches and overcome their limitations.

1 Introduction

There are many different techniques used to solve
pattern recognition problems. They can be classified
into two general categories: statistical (or decision-
theoretic) approach and syntactic (or structural) ap-
proach. Simply speaking, in statistical approach, a
set of characteristic measurements called features are
extracted from the patterns and expressed as a vec-
tor X = (z1,%3,...,2,) in a hyperspace R®. In this
way, the recognition of a pattern can be regarded as a
process of feature space partitioning [1-4].

Statistical approaches are based on a well-
established mathematical theory. They have been
proven very powerful in various applications since the
statistical approaches can easily handle pattern defor-
mations caused by noise or distortions. However, it
is very difficult to express pattern structures with nu-
merical features, which brings the disadvantages of the
statistical method — could not provide the aspects of
pattern and the relationships which may exist among
subpatterns and primitives.

In structural approach, patterns are ‘described as
simpler subpatterns and subpatterns are composed
from even simpler primitives with various relations.
To recognize an unknown pattern, its structural rep-
resentation will be matched with that of a reference
pattern or its structures will be parsed according to
a given grammar [5, 6]. Structural approaches are
founded on mathematical theories of formal languages
and automata [7]. Since the structural information is
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explicitly used in structural methods, the shortcom-
ings of the statistical method can be solved by struc-
tural approach. But it is very difficult for structural
approach to handle numerical types of pattern char-
acteristics and even has more problems when dealing
with noisy and distorted patterns.

From the above discussions, it is clear that sta-
tistical and structural approaches are complementary.
The advantages in statistical approach are the short-
comings of structural approach and vice versa. Based
on these reasons, it has been advocated for a long
time that both approaches should be combined 8, 9].
It was pointed out that the various applications and
the combined statistical and structural recognition ap-
proach will be the future outlook of the area of pattern
recognition [10]. The attributed grammar has been
suggested for combining the structural and statistical
methods [9, 11]. However, there is no practical expe-
rience demonstrating the utility of this approach.

In this paper, a new combined approach is pre-
sented which takes the advantages of both statisti-
cal and structural approaches and avoids their defi-
ciencies. The aspects for the feature, primitives and
knowledge are discussed to offer a general framework
of the new method. Based on those primitives and
the structure relations, the strategy of combining both
traditional approaches is developed, which emphasizes
on utilizing both statistical and structural informa-
tion. In the proposed approach, statistics are ex-
tracted from a feature space to establish primitives,
in turn the structure information built up from those
primitive elements is fed back to help decision making.
Knowledge representation is taken as a bridge between
the exchange of statistical and structural information.
In such a way, not only the noise and distortions can
be handled in constructing subpatterns, but also the
structural aspects can be studied in recognizing pat-
terns.

2 Framework of Combined Classifica-

tion System

Considering the advantages and shortcomings of
statistical and structural approaches, it is clear that if
the patterns are better expressed in vector form and
at the same time structural information is not consid-
ered important, one would better use statistical ap-
proach. Otherwise, for the patterns where structural
information is rich, it will be advantageous to use the
structural approach. However, in the real applica-
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Fig. 1. Combined classification system.

tions many patterns fall half way between these two
extreme cases. To recognize those kinds of patterns,
both statistical and structural approaches should be
combined to increase flexibility and power of the sin-
gle approach. This paper presents a new combined
approach in which the statistical and structural meth-
ods are bridged by knowledge representation. Figure
1 shows a framework of the proposed system.

From Fig. 1, it can be seen that unlike the tra-
ditional classification methods using either statistical
or structural approach, the proposed system uses ex-
pert’s rules as a bridge to handle both statistical and
structural information. The features are extracted
from an input pattern and some statistics are calcu-
lated as preconditions. Taking a line as an example,
its location, direction and length will be calculated.
Based on these preconditions, production rules will be
selected and applied to get primitives for pattern rep-
resentation.

3 Basic Concepts in Classification Al-
gorithm Design

As mentioned above, the combined approach has
many differences from the traditional one. The fol-
lowing requirements are considered to be important
in the proposed system.

(1) represent the features, primitives and patterns
with statistics or pattern structures.

(2) determine a set of production rules that can sup-
ply expert’s knowledge to construct primitives based
on extracted statistics.

(3) develop an algorithm which can measure the
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similarities between patterns based on the selected sta-
tistical and structural information.

To fulfill these requirements, the following are nec-
essary procedures in design of the classification algo-
rithm:

(1) analyze the patterns to be classified and decom-
pose them into subpatterns and further into primi-
tives.

(2) select a set of training samples that represents
the patterns and collect the statistics from those sam-
ples. Not only must the samples come from all the
different classes and represent the norm for each one,
but also some statistics, which can represent primi-
tives, should be extractable from those samples.

(3) study the statistics to select the appropriate
features used in building primitives. The selected fea-
tures should provide the greatest degree of statistical
separability between any two primitives.

(4) use a set of production rules to construct prim-
itives based on the selected statistics. Once the prim-
itives have been created, a judgment must be made to
test whether they can distinguish a subpattern from
the others or not.

(5) design a classifier to classify the patterns into
different classes and evaluate the accuracy of classifi-
cation.

Among these requirements, one obvious different
strategy from the traditional method is the way of
selecting a set of primitives that can describe the pat-
terns and can be described on statistics. Since for dif-
ferent patterns the primitives are different, there is no
general rule for primitive selection. However, there are
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four general requirements in primitive selection. F irst,
the primitives should serve as basic pattern elements
to provide a compact but adequate description of the
data in terms of the specified structural relations. Sec-
ondly, the primitives should be easily extracted by ex-
isting statistical methods, easily explained by produc-
tion rules and easily recognized by pattern descriptor.
Thirdly, the primitives should contain the informa-
tion that is important to the specific descriptions of
the interested objects. Finally, the primitives should
be dealing with the differences among patterns so that
patterns from different classes are distinguishable.

4 Experiments and Discussion

As discussed above, the strength of the presented
approach is in its ability to handle both statistical and
structural information, which will be powerful for rec-
ognizing complex patterns. In this paper, fingerprint
postprocessing is taken as an example to demonstrate
the advantages of this combined approach since finger-
print patterns involve rich information—both statisti-
cal and structural. It is difficult to describe them by
using a set of features because of the complex dacty-
lotype, as well as it is difficult to represent them with
a formal language due to the uniqueness of the finger-
print. It should be better to use a combined approach
to solve the representation problem.

4.1 Image, feature and primitive spaces

A digital image is composed of pixels and can be
denoted by a set A:

A={gll]10< Val(g[i]i)) <255} (1)

where i and j represent the size of the image and they
are changed with the applications. Set A can be rep-
resented by a three dimensional space shown in Fig.

As mentioned above, features extracted from pat-
terns can be expressed as a vector.

PRy b (2)

It is a n-dimensional space in which each feature can
be in a continuous or discrete form. For example, four
variables are taken to represent a piece of fingerprint
ridges. They are the length of ridge segment (1), the
distance between ridge segments, the ridge direction
(6) and the connected relation (c). Let

F={ld0c} (3)

where l € L,d-€ D, € ©,and ¢ € C. The following
are the definitions of their domain: :

L = 0,23
D = [0,2)]
© = [0,7]
C = [00,01,10,11]

where, A is the average number of pixels between two
adjacent thinned ridges; the connected relation is cal-
culated on a ridge segment and represent its endings
with connection (1) or without connection (0) with
other ridges.

Once the features are extracted, a set of produc-
tion rules will be used to categorize them into one of
the various primitives. The primitives are constructed
based on the direct use of rules summarizing the ex-
pert’s knowledge. A rule has the following form:

Ri =if P, and P, and ... and P,, then S; (4)

where, R; represents i** rule and P;s’ are the precon-
ditions on #** solution (S;). The rules must be defined
in the same notation as the primitives and their rela-
tionships. For example, knowledge of the character-
istics of fingerprint (minutia, delta, core, etc.) could
be encoded into a system for fingerprint identification.
This knowledge is usually based on expert’s experience
but not statistics. The different rules should separate
primitives in a space as shown in Fig. 3.

4.2 Experimental results

The characteristics that uniquely define a finger-
print are called minutiae which are essentially inter-
ruptions of the normal flow of the fingerprint ridges.
Most of the identification approaches use them to
distinguish one fingerprint from the others [12-16].
However, due to the variation in the amount of ink
and rolling pressure, there exist many false minutiae
in a thinned fingerprint image. Figure 4 shows the
common false minutia structures found in fingerprint
images. Three different ridge broken structures are
shown in Figs 4(a), 4(b) and 4(c). In Fig 4(a) there is
one broken ridge and in Fig 4(b) there are two broken
ridges. These broken ridges create some false end-
points in a fingerprint image. Figure 4(c) shows both
disconnect and misconnect errors, which is caused by
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Fig. 3. Primitive space.

a broken ridge misconnected with an adjacent ridge.
There are two false minutiae in it—one is an end-
point, the other is a bifurcation. Figure 4(d) shows
a fork structure with two false bifurcations. A bur
structure is shown in Fig 4(e), which is caused by
" the non-smooth ridge. Three misconnection struc-
tures are shown in Figs 4(f), 4(g? and 4(h). They are
called bridge, ladder and triangle, respectively. The
false minutiae appearing in these structures are bifur-
cations.

Although the false minutiae are either constructed
by disconnected or misconnected ridges, it is very dif-
ficult to represent them by statistical or structural ap-
proach alone. When a statistical approach is applied,
the statistics such as ridge location, direction and cur-
vature variation can be easily calculated. However, the
relationships among minutia structures could not be
represented by some numerical values. On the other
hand, it could be easy to analyze minutia patterns by
a structural method. But, the broken space and angle
and the bridge length and direction are varied from
ridge to ridge, which makes difficulty to select primi-
tives.

By using the proposed approach, the representation
problem can be solved easily because the statistics are
calculated to extract ridge segments as primitives so
that the common rules can be used, but not chain
codes, to construct the minutia structures. Since the
fingerprint ridges will be processed arbitrarily, there
is no fixed order to extract the primitives. When a
primitive feature is found, a set of candidates has to
be applied and one rule is selected and tested, and so
_on to infer what kind of structures will be effective
for the primitive description. An example of creating
false minutia structures by production rules is given
below.

Neutral Description:
Primitive X: fi, f2, f3
Primitive Y: f5, f3, fa, fs

Production Rules: :

(a) (b) (c) @

(e) (£) (9) i (h)

(a) primitive X (b) primitive Y

Fig. 5. Primitive structures.

if f2 then Xp, V Yy,

;_f—_ fa then X V Yi,

i fiA (Xf2v Yfz) A (stv Yfa) then X
if fah X A Yy then Y

:‘i fs A X A Yf4 then Y

Figure 5 shows the primitive definitions of the
above example. Primitive f; is a fingerprint ridge;
f2 and f4 are broken ridges on the left and right top
positions, respectively; f3 and f5 are broken ridges on
the bottom left and bottom right.

Two postprocessing results are shown in Figs 6 and
7 with different input scales. The first example takes
a fingerprint core as the original image (Fig. 6(a))
and the second works on the central part of a double
loop fingerprint (Fig. 7(a)). There are various false
minutia structures—ridge broken, bridge, bur and lad-
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Fig. 7. Postprocessing example two.

der - in their thinning images (Figs 6(b) and 7(b)).
In the proposed approach, the broken ridges, long or
short, are connected. Then, bridges and ladders are
removed. Finally, burs which cannot be connected
with any other ridges are eliminated. The results are
shown in Figs 6(c) and 7(c). It is obvious that the false
minutiae have been eliminated after postprocessing.

5 Conclusion

Since statistical and structural pattern recognition
approaches are complementary to each other, this pa-
per presents a combined pattern recognition strategy
to take the advantages of both approaches and over-
come their shortcomings. Unlike the ordinary ap-
proaches, in this paper primitives are built on some
statistics extracted from the input patterns, which re-
duces the influences of noise and distortion in pattern
construction. In addition, the pattern structures and
various relations can be analyzed based on primitives
and subpatterns to help making decision. As a bridge

between statistical and structural approaches, knowl-
edge representation plays a very important role in this
new approach. As we know, an object is recognized in
an image by the differences of the gray levels among
the pixels so that the brightness is the most Impor-
tant information in the remote sensing image analy-
sis. Density splitting, which labels a certain brightness
interval as one or more surface object, is a common
method used in remote sensing image enhancement
and classification.
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