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Abstract~— An efficient corner matching algorithm is devel-

oped to minimize the amount of calculation. To reduce the.

amount of calculation, all available information from a cor-
ner detector is used to make model. This information has
uncertainties due to discretization noise and geometric dis-
tortion, and this is represented by fuzzy rule base which can
represent and handle the uncertainties. From fuzzy infer-
ence procedure, a matched segment list is extracted, and
resuited segment list is used to calculate the transformation
between object of model and scene. To reduce the false
hypotheses, a vote and re-vote method is developed. Also
an auto tuning scheme of the fuzzy rule base is developed
to find out the uncertainties of features from recognized
results automaticaily. To show the effectiveness of the de-
veloped algorithm, experiments are conducted for images of
real electronic components.

Key words: fuzzy logic, pattern classification, corner point
matching, hypotheses and verify.

I. INTRODUCTION

To recognize and locate objects, a matching procedure
should be followed after a local feature extraction proce-
dure. In this paper, corners are selected as the local fea-
tures. These corners have the information enough to recog-
nize and locate objects. The model object also has corner
points, and by matching these corner points with corner
points in a real image, it is possible to recognize and locate
objects.

Fig.1 shows an example of the corner matching problem.
Fig.1(a) shows corners of model object, and Fig.1(b) shows
corners of a scene. Fig.1(c) shows corners of the model
object which are hide in the scene. As shown in Fig.1,
matching a template of points in a model with the points
in a real image is difficult to solve since there are many ex-
ceptional cases which should be considered[1]. First, great
many feature points may be present because of multiple
instances of the chosen type of the object in the image.
Second, additional points may be present because of noise
or clutter from irrelevant objects and structure in the back-
ground. Third, certain points that should be present are
missing because of noise or occlusion, or because of defects
in the object being sought. And finally, feature values from
corner detector have the uncertainties associated with their
numerical properties. In designing the matching procedure,
the above points should be taken into account.

Many matching algorithms have been developed to re-
duce the amount of calculations because the amount of cal-
culations is increasing explosively with an increase of local
features. Maximal clique finding algorithm{1] is a mathe-
matical method to solve the corner matching problem. The
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Fig. 1. Corner matching problem: (a) corners of model object, (b) corners
of scene, (c) recognized result

corner matching problem can be formulated as the prob-
lem of subgraph-subgraph isomorphism. An association
graph is introduced to solve this problem in systemically.
Association graph is made of the nodes which represent fea-
ture assignments, and arcs joining nodes which represent
pairwise compatibilities between assignments. By finding
maximal clique of the association graph, matching prob-
lem can be solved. But the problem of finding maximal
clique is not simple because this problem is NP-complete
problem.

The graph matching process can be formulated as an op-
timization problem. An energy function is derived so that
this function represents the constraints that the nodes in
the two graphs have to satisfy in order to find the best
match. A 2-D binary Hopfield neural network[2] or re-
laxation algorithm({3] can be used to minimize the energy
function. But because these methods need iterative opera-
tions, there must be considerations about convergence, and
it may take long time.

Another one is hypotheses and verify method{4-6]. By
using privileged features and similarity measure, a hy-
potheses can be generated. By calculating match confi-
dence, the hypotheses can be verified. The hypotheses and
verification method can reduce the amount of calculations
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(a)

Fig. 2. The features of segment: (a) ali possible segments of the model,
(b) the features of segment

rematkably. But the hypotheses generation scheme is com-
plex, and false hypotheses may cause the system to spend
a long time to verify the hypotheses. Therefore, the design
of the hypotheses generation scheme is important.

In this paper, an effective algorithm to solve the match-
ing problem will be presented. The paper is organized as
follows. The proposed corner matching algorithm is de-
scribed in Section 2. Experiments to show the effectiveness
of the proposed algorithm are conducted in Section 3. The
summary and conclusion follows in Section 4.

II. ALGORITHM FOR CORNER MATCHING

A. Hypotheses Generation Procedure

A segment is consisted of two corners. Let’s assume that
the corner points of the model object are given by a set
{MCy, MC,, ..., MCy}. The information of a corner
MC; is given by a vector {z;, yi, o, de;), where z; and
yi are position of corner, «; is angle of corner, da; 1s angle
change of corner. From two corners, MC; and M. a
feature vectors of a segment M Sy connecting these corners
can be calculated. The feature vector of a segment A Sy is
represented as (Ii., day, dbg, deg), where I is length of the
segment, day and db; are two angle changes of two corners
and deg 1s angle difference between two corners as shown
in Fig.2. The features of the segment can be calculated as
follows:

b=\ Jloi = 22 + (i - 3)? (1)
day = da; (2)

dby, = do; (3)

deg = lai — oj] (4)

By connecting the corner points of the model object, a
model segments set {AMS), M Sy, ..., MSp} is acquired,
where P = 2im=D) 4 represent the model object,
the feature vectors of the model segments are used. But
these feature vectors have uncertainties due to discretiza-

tion noise, geometric distortion and feature calculation er-

ror. To accommodate these uncertainties, the fuzzy logic
15 used to represent these feature vectors. The feature vec-
tor of a segment A S; can be represented as (L;, DA;,
DB;, DCy), where L;, DA;, DB; and DC; are fuzzy num-
bers, and these fuzzy numbers are defined by the triangu-
lar membership functions pr,(1), ppa,(da), upp,(db) and
ipc,(de). By using these feature vectors, the model object
can be represented as P fuzzy rules as follows.

If length is L; and (two angle changes are DA; or DB;)
and angle difference 1s DC;,

then the segment 1s MS;. 1=1,2,... P.

So, the model object can be represented by assigning the
fuzzy rule into each segment.

By using the model which is represented by the fuzzy
rules, a matched segment list can be extracted. A matched
segment pair is a pair of a segment of the mode!l and a
segment of the scene, where the segment of the scene is
regarded as the segment of the model. After corner de-
tection, corners of the scene are acquired as a set {SC),
SC,, ..., SC,}. From this scene corner set, scene seg-
ments list {SS1, $S3, ..., S5¢} can be acquired, where
Q= 2—(1'_;:—1—) For a scene segment SS;, a segment feature
vector (I;,daj,dbj dc;) can be calculated with the same cal-
culating procedure of the model segment feature vector.
After the fuzzy inference procedure is done for the seg-
ment feature vector, a matching degree between the model
segment and the scene segment is calculated. To calculate
the matching degree between the model segment M S; and
the scene segment SS;, the following equation is used.

pars, (SS;) = pr () - maz{ppa,(da;), ppp,(db;)} - (5)
upc,(dej).

Here, piprs,(SS;) represents the matching degree between
the model segment A S; and the scene segment SS;. This
fuzzy inferencing procedure is summarized in Fig.3.

After calculating all matching degrees of the model
segments and the scene segments, a matched segment
list(M SL) is acquired by using thresholding.

MSL={(S5,MS)1<;j<Q,1<i<P, (6)
#as,(SS5) = T}

B. Transformation and Clustering

There may be multiple objects in a scene. Each object is
consisted of the segments having same transformation pa-
rameters between scene segments and matched model seg-
ments. So, to detect multiple objects in a scene, most algo-
rithms use a clustering method called as pose clustering or
hypotheses accumulation or generalized hough transform
after calculation of transformation parameters{l1]. This
recognition method is consisted with two stages: calcula-
tion stage of pose and clustering stage of pose. By process-
ing the above stages, the objects in a scene can be detected
i separate.

Pose of the objects in a scene can be represented as the
transformation parameters. The coordinate transforma-
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Fig. 3. Fuzzy inference procedure to extract matched segment list

tion for a pair of matched segment can be represented by
a tuple (4, tzr, ty) in a 3-D space, where § is the angle of
rotation, and tx and ty are the translations in X axis and
Y axis respectively. Let two corners in the model segment
be denoted by MCi(zm1,ym1) and MCo(zmo,ym2), and
the two corners in the scene segment by SCi(z,1,y51) and
SC>(z52,ys2)- Since the correspondence between the model
corners and the scene corners is not known, there can be
two possible transformations (8y,tz1,0y1) and (82,020,ty2)
between the pair of matched segment. The corner points
MCy and M C> can be mapped to the scene corner points
SC1 and SC» by the following transformations:

Ty =tz +cosby - x;m —sinby - ym (M)
ys1 = tyy +sinfy -z, +cosl) - Ymy (8)
Ty =1r9 + cosls - Ty —sinfy - Yo 9)
ys1 = ly2 +8in bz - Tz + cos 02 - Ymo (10)

=0, +n (11)

The same mapping can be obtained for the point M,
using the same formulas given previously. From the above
equations, two transformation parameter set, (8y,lzr;,ty,)
and (62,tz2,ty2). can be calculated.

For each pair of matched segments, its coordinate trans-
formations can be tabulated in a 3-D accumulator. This
accumulator behaves like the hough transform. the correct
matched pairs will forny large clusters in the transforma-
tion space (6, tr, ty) and the false matched pairs will be
scattered in several small clusters.

The accumulator is examined to find the locations of the
large values to be used as the centers of the clusters. To
find the large clusters, a simple clustering method is used.
The clustering method applied here is the one-pass clus-
tering algorithm[8]. If the distance between the locations
of the centers of the clusters and a point in the transfor-
mation space is less than some threshold, then the point
is considered to belong to the clusters. The neighborhood
sizes for the angle and the translation coordinates (9, tz,
ty) are different. The selected cluster neighborhood sizes
for the angle and the translations were based on the exper-
imental experience. The clusters having elements greater
than some threshold can be regarded as the clusters having
the model object.

C. Reduction of False Hypotheses

Although the cluster has the elements greater than some
threshold, the cluster may be composed of wrong matched
segments. Such cluster results false hypotheses, and this
may cause the long processing time. To reduce the false
hypotheses, a concept of inter-segment is introduced. An
inter-segment is consisted of two segments and defined by
a segment which connects from the center of a segment to
the center of the other segment. The feature vector of the
inter-segment IS is represented as (ID, IA, IB), where I D
is the length of the inter-segment, 7.4 and I'B are two angles
between the inter-segment and two segments as shown in
Fig.4.

The inter-segment can be used to avoid the noise prob-
lem of the generalized Hough transform. The generalized
Hough transform can not distinguish transformation pa-
rameters resulting from wrong features near to the correct
features. To distinguish such transformation parameters
resulting from wrong features, a purifying procedure is nec-
essary.

Let two matched segment pairs in a cluster be given by
(MS;,55;) and (M S;,55;) and the inter-segment between
the model segments by 153-’ and the inter-segment between
the scene segments by IS;‘?W When these segment pairs
come from the correct features, the feature vectors of the
inter-segments, IS,A]-’ and '[S]fq, should be similar. To use
this fact, a voting procedure is introduced. If the feature
vectors of IS,»};[ and IS;?q are similar, scene segments S5,
and S5, vote to each other. The above procedure is applied
for all matched segment pairs in the cluster. If there are
N scene segments which come from the correct features in
the cluster, the number of votes of the scene segment from
correct features will be greater than N. And the number
of votes of the scene segment from wrong features may be
less than N.

But in some cases, the number of votes of the scene seg-
ment from wrong features can be greater than N due to
the votes from the other segments which come from wrong
features. So, vote and re-vote procedure is introduced to
avoid such situation. Since it is rare case that the objects
in a scene are exactly overlapped. a cluster can be assumed
to contain only one object. This means that the number
of scene segments matching with a model segment should
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Fig. 4. Vote and re-vote method: (a) model object, (b) feature vector
of inter-segment, (c} matched segments in a cluster, (d) result from vote
and purify procedure, (e) result from revote procedure

be less than 2. By using this fact, a purifying procedure to
select one scene segment which matchs best with a model
segment is done. From the above voting procedure, the
scene segment having the largest number of votes for each
model segment is taken as the matching segment with the
model segment. The other matched segment pairs which
have not the largest number of votes are regarded as the
pairs from wrong features and rejected from a list of the
cluster.

After the purifving procedure is done, the same voting
procedure described above is done again to the purified
clusters. Because of the above purifying procedure, if there
are N segments which come from correct features in the
cluster, the number of votes of a scene segment from wrong
features must be less than N. So, by thresholding with N,
the noise problem of the generalized hough transform can
be solved.

D. Verification Procedure

A verification procedure is necessary to test whether the
generated hypotheses is correct or not. A hypotheses con-
sists of an model object and a pose parameters in the scene.
By using these transformation parameters. the model oh.
ject can be transforimed 1 the scene. By caleulating corre-
lation between the scene object and the transformed model
ohject, it i1s possible to verify the hypotheses.

(a)

/ ~

(b)

L

(e}

Fig. 5. Reconstruction of features of possibie model segments: (a) object
in scene, (b} two matched segments, (¢) six reconstructed segments

E. Auto Tuning Algorithm of Input Membership
Functions

The proposed system can handle the uncertainties of lo-
cal features by fuzzy input membership functions. To de-
sign such a system, it is necessary to know the uncertainties
of local features. M. D. Wheeler and K. lkeuchi[9] use a
large set of ray-traced images of the object to find out the
uncertainties of features. They modeled the sensing pro-
cess and simulated with the model in various view points.
But this method may be time-consuming and very expen-
sive process.

A feedback mechanism to find out the uncertainties of
features is developed. From the recognized results, values
of input features can be calculated as shown in Fig.6. At
first, reconstruction of possible model segments is done.
As shown in Fig.5, six rcconstructed segments can be ex-
tracted from two matched segments of the recognized re-
sults. By using the feature vectors of these reconstructed
segments, input membership functions can be adjusted.
After the above procedure is done for all of the recognized
results. tuned input membership functions can be acquired.

Let current number of feature values be n, and mean
value of feature values be denoted by M,,, and standard de-
viation of feature values bv ¢,. When a new feature value
fas1 1s added, new mean value M., and new standard
deviation ¢,41 can be calculated by following equations.

) n-ol  (My— fne1)?-(2-n%+n)
< = 71 S 12
Tngt n+1 (n+ 1)3 ( )
n- My 4 fas
My =2 —0— ;
T n+1 (13)

111. EXPERIMENTAL RESULTS

To test the effectiveness of the developed corner match-
mg algorithm. an experiment 1= conducted. Test images are
consisted of 50 images which contain 183 electronic compo-
nents. Fig. 7 shows the result of the experiment. Fig.7{a)
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Fig. 6 Block hagram of auro tuning algorihm

shows 8 model segments. Fig.7(b) shows mformation of
extracted corners by using the gray level corner detector
and a localization procedure. As shown in Fig.7(b}, cor-
ners of scene objects have alot of uncertainties due to dis-
cretization noise and shadow. The recognized results are
Fig. 7(c) and (d)
show that the developed corner matching algorithim works

represented by arrows on scene image.

well in the presence of partial occlusion and shadow. Also
Fig.7(e) and (f) show that the algonthm works well even
in the presence of non-uniform background.

To test the effectiveness of the aute tuning algorithn,
an experiment has been conducted. Fig 8 shows the results
with iterations of auto tuning method. An iteration is con-
sisted of processings of 50 images. As shown n Fig.8(x).
recognition rate is greater than 93 percent.  Number of
hypotheses and matched segments are reduced into ahiout
3 times as the auto tuning method is progressing. So. the

processing time is much faster than no auto tuning method
is applied. The matching time of 200 corners is reduced
into about 2.5 seconds by using INDIGO 2 workstation.
If a dedicated DSP s used. the processing tie will be
recduced further

IV Seanary avn CONCLUSION

An effective corner nuatching algorithim s developed. To
reduce the matched segiment hist etfectively. it s shown that
all the available information of segment can he used to
represent the feature vector of seqment. Using the resulting
matched segiment list. the position and nrientation of each
object can be calculated effectively, By adjusting the imput
membership functions of the fuzzy rule base. the amount of
uncertainties in feature values can be imcorporated into the
developed vision systenn Sinee 1t s difficult to know the
amounts of uncertainties, an antomatic tuning algorithim
of the fuzzy rule base s developed. Thas corner marehing
procedure can be vasily extended to the matching of other
local features such as holes and curves
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