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Abstract

Fuzzy image pattern matching recognizes and leeslabjects in images using methods of fuzzy
logic. The methods use fuzzy segmentation, tempkatel operators that bring a heap of alternatives
into the reasoning process. Fuzzy pattern matdaikes into account uncertainties and inaccuracies
of the input images as well as the template imagekincorporates them in the matching process.
In this paper, a method for fuzzy pattern matctang a method to optimize the matching scheme
using a genetic algorithm are proposed. Optimirasions at finding reliable features from a set of

calibration images by simultaneously optimizing tbegmentation function and the template.

Optimization proved to result in good generalizataf the matcher for the unseen test images and
better performance than the common correlatiorepathatching method.

Keywords: computer vision, fuzzy pattern matching, genelgoathms, object recognition.

1 Introduction

Pattern matching (Sonkat al 1999) is used to
recognize and localize objects in images. Other
computationally more efficient methods exists for
object recognition, e.g. invariant moments
(Schallkoff, 1992) and Gabor filters (Kyrki, 2002;
Kamarainen, 2003), but for object localization
pattern matching is a competitive method. Pattern
matching computes similarities between images and
template images or prototypes, which are subjected
to transforms like translation and rotation.

Fuzzy logic (Zadeh, 1988) includes uncertainties
in logical reasoning. It has been applied to image
processing in many ways. Segmentation aims at
dividing pixels into similar region i.e. crisp sets
Fuzzy segmentation in turn divides pixels into fuzz
sets i.e. each pixel may belopgrtly to many sets
and regions of image (Russakeffal 2002; Rezaee
et al, 2000; Toliaset al, 1998; Liuet al, 1994).

Fuzzy logic has been applied to image
enhancement (Chait al, 1997) and edge detection
(Russo, 1998) to improve robustness against noise.
Fuzzy logic also provides a means to linguistically
express image processing operators. \atu al
(1999) have developed a face detection algorithm
that utilizes fuzzy pattern matching based on two-
term fuzzy similarity relations. Fuzzy morphology i
in turn an example how binary image processing
operators have been fuzzyfied (Gader, 1997).

Genetic algorithms (GA) have been applied to
practically every step of image processing and
pattern recognition. References of GA used in fuzzy
systems and pattern recognition can be found e.g. i
the bibliographies of Alander (1995; 2002),
respectively. Taoet al (2003) have optimized
membership  functions to attain three-level
segmentation with maximum fuzzy entropy using
GA. Hanet al (2001) used GA for stereo vision
matching. They took the advantage of GAs in multi-
criteria optimization and optimized simultaneously
similarity matching and disparity smoothness.

Yokoo et al. (1996) developed an algorithm to
detect faces based on edges and ellipse matching:
Binary edge map is smoothed to a multi-level image
and the GA generated ellipses are matched using
pixel-wise similarity metric.

In this paper, a novel approach for fuzzy pattern
matching and optimization by genetic algorithms is
introduced. In section 2, the fuzzy pattern matghin
scheme is introduced. A cost function to globally
optimize the matcher is proposed in section 3. In
sections 4 and 5, the method is tested and compared
with the common pattern matching method based on
Pearson correlation coefficient.

2 Fuzzy pattern matching

In pattern matching, as used in this paper, eas$scl
is represented by a prototype vector of features an
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a similarity measure is used to compare given
patterns to the prototypes. In image analysis the
prototype vector is typically a gray-scale template
image and correlation is the similarity metric:
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where c is covariance of imagé and templatew,
and s are the respective standard deviations
(Gonzalezt al, 2002).

Other common prototype vectors are binary
template images that are matched to segmented
images. Also e.g. minimum distance (Sorétaal,
1999) and Hausdorf distance (Dubuissen al,
1994; Rucklidge, 1996) metrics are used.

For multi-class object recognition pattern
matching is computationally inefficient if all
transformation combinations are tested, but for
object localization pattern matching is feasible.
Particularly, if the search space can be restritted
small intervals of only a few free parameters,
computational cost is reduced significantly.

Fuzzy pattern matching (FPM) is a modification
of classical pattern matching. It is a class of
different approaches that are based on fuzzy
similarity relations and fuzzy reasoning. FPM can
operate either on raw color/gray-scale images or
fuzzy segmented images. FPM is supposed to be
more robust against noise and distortions than
classical pattern matching. Moreover, fuzzy
methods resemble human reasoning and results
often in intuitively understandable linguistic rsle

The FPM strategy used in this paper relies on a
given fuzzy segmentation and fuzzy reasoning. The
objective of fuzzy segmentation is to divide the
input image into a number of homogeneous regions

presented as fuzzy sets. Hence, each pixel can be

partially a member of several regions with diffaren
membership grades. From another point of view,

for fuzzy segmentation.

Fuzzy pattern matching operating on fuzzy
segmented images is based on fuzzy reasoning. It
assumes that a spatial pattern of segmented regions
implies a target object class. In a simple forng th
template is a map of the desired segmented fuzzy
sets. Thus the template forms a fuzzy rule base,
where each pixel has a separate rule that imply the
target class. The firing strength of each rule,the
truth of the antecedent part, is the membershidegra
of the pixel in question in the desired segmented
fuzzy set. The overall truth is aggregated over all
rules. A single rule is as follows:

IF seq,,isR,,. THEN classis Cm,n,c, @)
whereseg, »is the fuzzy set of segmentation at pixel
(m, n) of ROI andR, cis a MF describing priori
possibilities of segmentation. Because bselg and
R are fuzzy sets, the strength of firing is solved by
approximate reasoning that computes the degree of
match between the given and desired MFs. Figure 1
shows how approximate reasoning is applied for a
five-class fuzzy segmentation matching.

In more complicated fuzzy pattern matching
schemes, the template can include more information.
Each pixel may have e.g. a different weight
corresponding to the reliability of the pixel.
Moreover, the fuzzy connectives, e.g. implication,
may be pixel-dependent.

3 Genetic algorithm

Modeling the problem thoroughly requires effort
when applying genetic algorithms to any domain.
Modeling includes the selection of free model
parameters, their genetic coding, and the
formulation of an objective function to be optimize

3.1 Trial coding

pixels form fuzzy sets, where the segmentation |y fuzzy pattern matching method utilized in this

regions are objects. Fuzzy segmentation methods are

e.g. fuzzy thresholdingfuzzy clustering (Rezaest
al, 2000; Toliaset al, 1998; Dunn, 1973, 1974) and

fuzzy reasoning that can subsequently be based on

color, borders, texture, etc.

study consists only of color based fuzzy
segmentation and fuzzy implication because it
turned out that this quite simple model is complex
enough to solve the problem. Moreover, the FPM
system is optimized to one target class at a tame,



only one object is to be localized, and consequentl
there is only one global segmentation rule and one
template to be coded and optimized.

The simpler the model is the faster and more
reliable the optimization. This justifies the voad

excess free parameters such as conjunction method

in the GA model. That is why some parameters can
be chosen arbitrarily as long as the results are
satisfactory.

3.1.1 Segmentation

Segmentation is done on the basis of local HSB
(Hue-Saturation-Brightness) values. A global fuzzy
threshold rule is used to segment the input image,
which  may be pre-processed, into two
complementary fuzzy regions. The regions may be
regarded as foreground (FG) and background (BG)
even though the matching scheme does not know
such differentiation, and in fact sometimes the
intuitive classification might name the regiovise
versa The segmentation rule for foreground is:

IF h,,isH ands,  isSandb,, isB
THEN segq,, isFG

®3)

whereh, , Snn andby, , are the hue, saturation, and
brightness, respectively, of pixah(n) of the input
image.H, S, andB are the membership functions of
the desired foreground segmentation. For the AND
operator Reichenbach’s conjunction (multiplication)
was used. Each pixel of the fuzzy conclusion
variableseg,, can have in this case two valués:
or bg. The consequence fuzzy $66 is typically a
crisp set:FG = {(fg, 1.0), bg, 0.0)}. The whole
fuzzy inference process is illustrated in Figure 3.
Considering one value obeg,, enables to
extract fuzzy sets for foreground and background.
E.g. the fuzzy set describing the segmented region
for the foreground is obtained by collecting the
membership grades aleg = fg into another fuzzy
set: segsy = {((0.0), /R(sed)..... ((Mn),
my(segnn))....}, where my(seg,,) refers to the

points is advisable to avoid illegal trials. The@ed
turning pointx, was selected as the absolute point.
The rest are as follows:

(5)

Consequently, the four parameters to be coded
genetically arex,, O, [, and 0;. Four bits were
reserved for each of these parameters and herttefort
they have 2= 16 different values that were scaled
to the range of the input parameters hue, satmatio
and brightness. Consider, for instance, that the
genotype representation fox, = 0110. The
normalized phenotype would be 6/15 = 0.4. One
drawback of the MF modeling scheme is thatxhe
parameters have varying interrelationships.
Specifically, e.g. x4, depends on three free
parametersxg, [, and ;) whereas, on only one.

X, =X, - Dy, X=X, +D,, X, =%, +D, +D,.

3.1.2 Template

To avoid free parameters template coding is kept as
simple as possible. Hence each pixel of the templat
has a single free parameter that determines the
desired segmented region of the two alternatives or
that the pixel is omitted altogether. Consequently,
each pixel is modeled by two bits. Two bit
combinations are reserved for omission and one for
each segmented fuzzy set.

What is actually modeled is the membership
functionsRy ncin €q. (2),CnnccCan be fixed to 1 for
the only target classclass = 1), and 0 for the
opposite classc{ass= unknown) to be formal. Now
the alternatives foR, ,;, are fixed toFG = {(fg, 1.0),

(bg, 0.0)} and BG = {(fg, 0.0), bg, 1.0)}. The
omission of a whole rule cannot be modeled by any
MF without having effect on the conclusion. Hence
that case is dealt separately in aggregation Jtep.
resulting fuzzy matching rule alternatives are:

IF seg,, is FGTHEN classisC and
IF seq,, isBGTHEN classisC

(6)

The overall fuzzy decision making system is

membership grade. The segmented fuzzy sets form a jllustrated in Figure 3 in terms of one picture

2D lattice that can be visualized by rescaling element n,n). The pixel is expected to belong to the
intensity values. Because the segmented regions are packground. In this case its membership grade on
in this case complementary, the membership grades the fuzzy set background is 0.4 and consequergly th

for background are obtained by negation:
m, (segm)=1- my (segm). 4)

Coding the segmentation rule requires modeling
the membership functiod, S, andB. The selection
of trapezoidal MFs leads to four free parameters pe
MF (Figure 2), provided the low and high levels are
fixed to 0 and 1, respectively.

The four turning points must obey the inequality

X1 X X3 X Therefore relative coding of the

support of the pixel for the target class clasatfim

is somewhat low. However, the overall conclusion

for a ROl is aggregated over all pixels of ROI.
Figure 4 depicts an example of a small template.

It is noteworthy that the Hamming distance fr6@

to omit and fromBG to omit is 1, which enables

efficient optimization by genetic operators, both b

crossbreeding and mutation.
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3.2 Cost function

The objective function (cost function, fitness
function) is a scalar evaluation result of a trial.
Genetic algorithm is driven to an optimum by the
aid of the fitness function. In a multi-criteria
optimization task, the different objectives are
combined to a single scalar, but the structurehef t
cost function has a significant effect on the
optimization speed and robustness i.e. the cost
function has to guide the GA efficiently to the
optimum (or one of the optima).

The objectives of fuzzy pattern matching
optimization are accuracy and robustness, which
mean good localization and discrimination of
incorrect positions, respectively. Accuracy is
measured by Euclidian distance from the best match
to the reference poiniry, ny) that is regarded as the
correct location of the target object:

distly) = y/(m- m, ) +(n- n, )", max,, (...} (7)

wherey is the 2D conclusion fuzzy set.

Optimizing discrimination means maximizing
the degree of match at the reference point and
minimizing it elsewhere. However, the degree of
match has usually a strong spatial correlation in
images. Hence the minimization criterion is taken
outside a suitable distance from the referencetpoin
A discrimination factor(DF) is now defined by the
maximum overall match (best match) and the
maximum match outside a given distance

DF(y) = max,  {n(y;,, } -

max,, {nly, )} @

I(m.n)- (mo.ng)e r

Discrimination factor is independent of the mean
level of match. If the level of best match needbeo
included in the cost function, the following
weightedDF can be used:

DF (y;) = amax, {fy,,, } - (2- @)ma, nty,,,} ()

I(m.n)- (mo no)fe r

Selectinga = 1 eq. (9) reduces to eq. (8). A more
general way to include bothF and the maximum
degree of match to a combined criterion is to use
fuzzy logic and connectives. One can for example
express linguistically that the objective is to
maximize both the maximum match amf (or
alternatively either). Thisertainty factor(CF) is:

CF(y)=max, {7(y.. }* DF (). (10)

where* is a fuzzy connective.
The overall fitness function is a combination of a
distance term and the modifi&d-:

G- ¢ >DF(y;a), dist(y) < d,
ely)= ¢ +cdistly)/2- c,"OF (y;a), d £dist(y)<d(11)
G +C >dist(y)- c, xDF(y; a), otherwise.

where ¢; and d, are appropriate constants. Bigs
adjusts the minimum ofto 0. Ifa=1,¢c = ¢
because makaF(y;1)) = 1 and mingist(y)) = O.

The cost function is to be minimized, because as
the distance decreases andfteincreases, the cost
function decreases. The effect of distance is reduc
gradually near the reference point. Distances under
d; are omitted in the fitness function, because they
are considered good enough and because the
determination of the reference point also has an
error of a few pixels. The idea is to first guides t
distance close to optimum, after which emphasis is
on theDF.

4 Tests: nose and iris

Human nose and iris localization was selected for
the test case, because the problem is intuitively
challenging and it can be applied in the
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Figure 5: Determination of reference points foilmaltion and test images (in arbitrary order).
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determination of the gaze direction, which in turn
has many applications e.g. in human-machine
interaction. Measuring the distances from the dise
to the centerline of the nose and the distance
between irises solves the gaze direction relative t
the skull, but it needs calibration. The orientataf

the skull could be solved from some rotation varian
geometrics. The movements of the eyes are small,
the centerline of the nose is difficult to find,dathe
images are obtained by a low resolution webcam
that make the task even more difficult.

The test images have been taken from almost the
same angle, distance, rotation, and lighting
conditions, which makes it possible to concentrate
to vary only translation when matching, and thus to
reduce the complexity of computations. To make the
algorithm simpler and faster the face localization
step was made manually, even though numerous
algorithms for that purpose have been reported in
the literature. Thus the ROI for nose localization
was the limited approximately to the area of theefa
consisting of 120180 pixels.

In a fully automated application, the search
would be hierarchical e.g. by locating subsequently
face, nose, right eye, and left eye, and usingiori
knowledge at each step. However, now the objective
is to study fuzzy pattern matching and optimization

Three reference images with different direction
of sight were included in the calibration set aodrf
in the test set. The determination of referencatgoi
of nose are demonstrated in Figure 5.

In all test runs, the size of the template was: for
nose 4252 and for iris 106 pixels. In order to
reduce the number of free parameters the template
for nose recognition consisted of 3 blocks of
equal membership function. Consequently, the nose
template had 1418 = 252 free parameters and the
iris templates 60. Because segmentation required 4
MFs, each 4 parameters of 4 bits, and each template
parameter required 2 bits, there were totally
4 4 4+252 2 = 268 bits (ca. 4.70%° alternatives)
for nose localization and 64+62 = 184 bits for iris
localization to be optimized.

The cost function in eq. (11) is defined for one
FPM result. For three calibration images the cost
function was the maximum of the three cost
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function evaluatiorg. The result corresponds to the
worst case.

€a(y)=maxe,(y).,(y).&(y)} -

However, the cost function of the following
calibration image was evaluated only if the
temporary fithess result was below 1000 and better
than the worst fithess in the elite. This redudes t
complexity of computation at the early stages.

Genetic operators were: uniform crossover, one-
point crossover, and bitwise mutation. Population
size was rather small (50) and 20 offspring were
created each generation by roulette wheel selection
from the elite. The small population size
corresponds to quite local search strategy, which ¢
be fast but, on the other hand, unreliable. Batemci
between speed and reliabilty is always a
compromise. After a few test runs, the cost funrctio
parameters were fixed ta:= 1, ¢, = 1000,c; = 50,
¢, = 1000,d; = 2,d, = 2. Radiug in DF was half of
the edge of the template.

The traditional correlation pattern matching (eq.
1) was used as a reference method. A template of
size equal to the FPM template was created by
cropping the RGB channels around the target
location from one image and the rest of the images
were used as test images.

(12)

5 Results

This section reports the experimental results:
accuracy and robustness measures of the optimized
FPM system and statistics of the GA optimization.
The results are discussed particularly as for the
generalization ability of the FPM system.

5.1 Nose localization

Two GA runs of 500 generations were carried out in
order to optimize the nose localization fuzzy patte
matching system. In run 1, raw images were used,
but in run 2 the images were preprocessed by color
preserving equalization.

The results for three calibration images and four
test images are summarized in Table 1. The results
indicate that the optimized matcher generalized wel
to the unseen test images whose pose, scale and
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totally 10,000 trial evaluations.
Figure 8 shows the development of
the fitness value taken from run 1.
Figure 9 shows the development of
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Figure 6: Membership functions of run 2 for nos

rFE-0.4

lighting conditions are nearly equal, but where the
pose of the eyes varies. The generalization ahdity
probably based on the simultaneous feature creation
(segmentation) and feature selection (template
optimization). The GA selects pixels with coherent
information in the calibration images. Those pixels
are potentially inter-image-invariant features thist
present in the test images, too.

The reference method (correlation) also
managed to generalize to the test images. The
location error was smaller but the discrimination
factor was poorer, which may cause severe miss
location under a noisier environment.

Figure 6 illustrates the optimized membership
functions of run 2. Hue has evidently no role in
segmentation as it is constant 1 in [0, 1], thegean
of normalized hue values. Similarly, the influerate
brightness is marginal as in nose and its surraundi

brightness values under 0.53 are rare. As a
conclusion, saturation is the main feature that
contributes on segmentation in this case.

Specifically, pixels around the nose have usually
s> 0.27 and pixels on the nose 0.18 0.27.
Figure 7 shows the optimized template, matched

image, segmentation result, and the map of degrees

of match. The spatial pattern of the optimal tert@la
is such that contributing pixels are mostly located
the borders of the nose where contrast is high. The
most important regions are the corners of the eyes,
nostrils, and the upper jaw. In contrast, the side
slopes of the nose are more or less unreliable
features due to poor contrast and sensitivity to
lighting conditions. Figure 7 d) visualizes
discrimination and spatial autocorrelation of FPM.
The degree of match around the maximum has a
circular correlation pattern. However, outside the
neighborhood the degree of match is systematically
much lower indicating good discrimination.
Optimizing FPM for nose localization required

Table 1: Nose matching after 500 generatidpist
is location error in pixelsnaxthe maximum degrt
of match, andF is according to eq. (8)eference

the components of the cost function:
location error and discrimination
factor. Statistics indicate that after a
few dozens of generations the location error has
settled within the tolerance margin of one or two
pixels. After finding the correct location, the
discrimination factor starts to grow as planned.

The range of fitness values in the elite (Figure 8)
can be used to estimate the maturity of the
population. As the difference approaches zero it
becomes unlikely to have any further improvement.

aA05E | aelde B
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5.2

In addition to nose, the irises of the eyes were
located using optimized FPM. Here the results for
the right eye (from the readers’ point of view) are
given.

The same nine images as in nose localization
were used, but the calibration images were selected
so that they included different poses of eyes. The
results of two GA runs of 150 generations (Table 2)
prove again good generalization, but thés are
lower than in nose localization. The explanation
might be the smaller size of the template. Thus it
more probable to randomly have better matches

]
iu\* .

E:l ;

b= 1 1
Figure 7: Run 2 result&qual scale). a) Optimiz
template (gray = don't care), b) Template ovel
the best match position on original=prigin), and
c¢) fuzzy segmented image (whitross=origin), (
Dearee of match (totallv black area = uncompu

Iris localization

is the benchmark method in eq. (1).

run 1 run 2 reference
image dist max DF dist max DF dist max DF
call 2 094 030 1 086 026 0 1.00 0.19
cal2 2 094 030 O 086 026 1 096 0.17
cal3 1 095 032 1 086 026 1 097 0.18
testt 2 092 028 2 087 025 1 092 018
test2 3 093 029 2 085 025 1 097 017
test3 4 090 021 O 086 020 1 096 0.17
test4 4 087 021 2 084 019 1 096 0.17
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Figure 8:Evolvement of best (dotted line) and w
fithess (dashed) of the elite in nose rursdlid line
= fitness diversity. (Ordinatesut to magnify th
relevant part).
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Figure 9: Evolvement of location error (solidjc
discrimination factor (dotted line).

outside the best match.

Now the reference method failed in 5 of 6 of its
test images. The negativeF was computed by
subtracting the maximum degree of match from
degree of match at the desired location. This
example clearly demonstrates the justification of
optimizing also the discrimination factor.

Analyzing the MFs in Figure 10 and the HSB
values of the images implies that the brightness
value is now the dominant feature. In fact, the
turning pointb = 0.6 seems to be a good selection to
separate iris and pupilb( < 0.6) from the
surroundings if > 0.6). The crucial point is to
recognize the white of the eye, which is the vagyin
feature as the eye turns.

The segmentation results shown in Figure 11 are
similar even though the segmentation membership
functions are different. This validates the conidos
that brightness was the dominant feature as its
membership functions are the only similar ones.
Segmentation results also demonstrate that theewhit
of the eye are separated from the iris. Presumably
the selection calibration images with different eye
poses forced the selection of such membership
functions.

6 Conclusion

It was shown how fuzzy logic is used to fuzzy
segmentation and pattern matching. Fuzzy pattern
matching incorporates uncertainties inherent in
measurement data like image, incorporates it in
computational steps and results. The output isca tw

Table 2: Results for iris after 150 generations.

run 1 run 2 reference

image dist max DF dist max DF dist max DF

call 2 09 012 2 092 015 0 1.00 0.05
ca 2 091 012 1 095 018 1 0.96 0.02
cal3 2 09 013 2 094 016 72 0.79 -0.14
testt 2 090 008 3 095 016 85 0.87 -0.08
test2 4 096 0.15 2 0.97 0.17 46 0.89 -0.06
test3 3 096 011 2 094 016 70 0.92 -0.02
test4 3 096 009 2 0.90 0.06 65 0.89 -0.05

dimensional fuzzy set that describes the possdslit
of different locations of the target object.

The fuzzy pattern matching method used in this
study consisted of three membership functions in
HSB color space to perform a fuzzy segmentation.
The template included the desired spatial pattérn o
the segmented pixels. Both the membership
functions and the template were optimized using a
stochastic search strategy, genetic algorithm. The
results show that the optimized fuzzy pattern
matching system generalizes well to the test images
However, the set of images was small and did not
include much noise. Nevertheless, the novel method
outperformed the traditional correlation pattern
matching drastically in many cases.
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