ROZPRAWY INZYNIERSKIE ¢« ENGINEERING TRANSACTIONS e 38, 2, 329-343, 1990
Polska Akademia Nauk e Instytut Podstawowych Probleméw Techniki

HIERARCHICAL PATTERN RECOGNITION METHOD
WITH THE MULTI-LEVEL DISTANCE FUNCTION

LJ CHMIELEWSKIand W. KOSINSKI(WARSZAWA)

To overcome the disadvantages of the conventional distance pattern recognition method,
based on the distance function of a complicated form, it is proposed to introduce a set of
simpler functions which form a multi-level distance function. The resulting recognition method
consists in gradual elimination of the classes to which a recognized object does not belong. The
proposed, very simple algorithm operates in such a way as if in the set of classes there existed
a hierarchy which would make it possible to exclude subsequently the whole groups of classes;
however, such hierarchy is not introduced. It is (implicitly) comprised in the structure of the
recognition algorithm. This provides for a significant reduction of the execution time. The
algorithm has been applied to object recognition in computer vision, where the requirement of

large calculation speed is particularly important.

1. INTRODUCTION

In the paper we shall discuss some particular aspect of the domain
of pattern recognition. This domain is considered mainly within the
context of computer analysis of sensor data, like speech signal or picture.

The object of our interest will be the picture. As the data for anal-
ysis we shall understand its representation in the form of a rectangular
array, the elements of which are values of the brightness function for
the picture in a discrete set of points of the rectangle. These points,
which form a rectangular grid, are called pixels. The result will be the
information about the viewed scene. The contents and suitable symbolic
representation of this information depends off the needs of the particular
application [1].
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For a manipulating robot (the majority of industrial robots manipu-
late objects in such or another sense) the necessary information is what
objects are present in the field of view and what are their locations.

Processing of a picture, given by the brightness function, in order to
obtain its symbolic description, can be conventionally divided into three
stages. Their customary names are: low level, middle level and high
level vision analysis. '

The general goal of the low level analysis is to extract from the array
of elements, which represent the brightness function, this geometrical
information on the discrete counterparts of lines; blobs and surfaces,
present in the brightness array, which can be obta.lned without using
any knowledge about the viewed objects.

On the middle level, the description (interpretation) of the obtained
information in terms of the elements of physical objects, the presence of
which in the field of view can be expected, is carried out. This process
is called the segmentation of the picture into parts, which corresponds
to the fragments of (hitherto unknown) bodies.

The processing on the high level consists in the aggregation of these
parts, i.e. in their grouping and labelling in such a way that lines,
blobs and surfaces are assigned to specified objects which are present
in the scene. On the basis of these assignments the description and
identification of objects takes place.

The presentation of the problems of picture processing can be found
e.g. in the review books and papers [2,3,4,5,9,10] and monographs
[6,7,8].

In the simplified world of the tasks of industrial robots which ma-
nipulate objects that have a small number of stable positions, the vision
problem can be restricted to considering the features of the silhouettes of
these objects. The investigated object is then a two-dimensional silhou-
ette. It frequently happens that the objects do not touch and occlude
each other. Analysis of the picture on the subsequent levels is then
greatly simplified. Within the low level we find the light and dark blobs
which are each other’s neighbours or holes in one another. The mid-
dle level algorithm assigns blobs to objects and, in this way, labels the
background, the objects and their holes. The high level analysis con-
sists in describing objects, i.e. finding their features, and in recognizing
them with the use of these features, i.e. in assigning each object to the
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appropriate class.

As the features one can use numerical quantities, such as area or
perimeter of the silhouette, logical data as the existence or non-existence
of sharp vertices in contour, or structural information, as e.g. the graph
of mutual location of holes. The ordered set of numerical features is
usually called the feature vector, although formally it does not have to
be a vector in the sense of linear algebra. An object described by its
features, or the feature vector itself, is called a pattern.

The algorithm of recognizing a pattern, i.e. an object which has
already been distinguished in the picture and described, will be the
subject of our considerations in the present paper.

In respect of a very large volume of information contained in the
brightness table, and because of frequent ambignities in the picture in-
terpretation problems, which occur even in very simple cases, picture
processing requires computationally effective algorithms. As in many
applications, especially in control problems, the response time of the
vision system should not be much longer than the ”tv frame time”, i.e.
1/50 s, this requirement is indeed very strict. Therefore, the algorithms
should be simple (suited to hardware implementation) and effective at
the same time.

The recognition algorithms can be roughly divided into symbolic
processing algorithms and classic numerical algorithms. The algorithms
from the first group enable modelling of complex processes of reason-
ing about the scene, but they necessitate for relatively sophisticated
software, are time-consuming, and therefore their significance is mainly
cognitive. Conventional methods, such as maximum likelihood function
methods or minimum distance methods, are less flexible but, neverthe-
less, they are simpler and, in particular applications, more effective.
This supports the need of studies on the methods which would be ef-
fective and simple from the numerical point of view, and which could
restrict the way of deciding on the object assignment to classes to less
extent than the classic methods do.

The method presented here is the modified version of the distance
function method.
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2. THE CONVENTIONAL MINIMUM DISTANCE METHOD

In the classic minimum distance method [11] the notion of distance
between an object and a class is introduced. This distance reflects the
degree of dissimilarity of a recognized objects to the objects belonging
to a class. The class is represented by a chosen object, denoted a class
prototype. The distance function depends on the differences between
the features of an object and a prototype, and is an increasing function
of those differences. It can have the properties of a metric, but this is not
necessary. The recognized object belongs to the class which prototype
is the nearest, in the sense of the distance such defined (Eq.(2.1)), or to
the class for which the distance between the object and the prototype
is not larger then a threshold value, specified for each class (2.2)

(2.1)M  Obj; € Cla; <= V; Dst(Obj;, Prt;) < Dst(Obj;, Prty) ,

(2.2) Obj; € Cla; <=  Dst(Obj;, Prt;) < Thr(Cla;)
where

i=1,...,NumObj; j,k=1,..., NumCla.

The class Cla; is then a pair: prototype — threshold:
Cla,- = (P’I‘t,', ThT,').

3. DIFFICULTIES

In the application of the conventional minimum distance method
two difficulties arise. They are related to the problem of taking into
account the different importance of the features and to the problem of
computational complexity.

In some practical problems the objects are described by a large num-
ber of features, and each of these features can have different meaning
and different significance if the assignment of the object to a class is
considered. While aggregating the influence of the differences of the
features in one, common distance function, one should consider their
mutual importance. If the features are real numbers, frequently the

(Notation and symbols according to the dictionary in Sect.8.
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weight coefficients are introduced. Let us take an example of an Eu-
clidean function for NumFea features, used according to Eq. (2.2) with
the threshold equal to (2.1):

NumPFea
(3.1) Dst(Obj.',Pth) = Y (Wgti* A,-,~Fea")2 T
k=1
where

AjFea* = Fea*(Obj;) — Fea*(Prt;).

Each weight Wgt; can be made dependent on some estimator of the

scatter of the corresponding feature Fea® , e.g. on its standard deviation
within a class:

(3.2) Wgt; = (Dev(Fea’(Cla;)))™" .

In the feature space the locus of the points corresponding to the
patterns belonging to one class, i.e. the region which represents this
class, will have the shape of a hyperellipsoid (Fig.1) [11].

Prt(Cia;) = Prt;

Feaz {l £z
F
A
£ )
~
Thr,(Clai)
s =
Fea'(Prt.) Fea’

Fig. 1. Shape of the region in feature space which corresponds to the range of features of the
objects belonging to the class ¢ according to the classic concept of distance function.

If not all the features are real numbers with non-zero standard de-
viations then the Eq. (3.2) have no application. In particular, if the
non-numeric features are used, then, although their differences can be
defined so that they would belong to the set of reals, it is difficult to
find the convincing interpretation of the coefficients in (3.1).
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The choice of the nearest prototype for an object necessitates for
calculating the distance between this object and the prototypes of all
the classes. With the large number of features, the numerical complexity
of the distance function becomes an important problem. On the basis
of a single distance function it is impossible to restrict the number of
calculations by rejecting the most ”unlikely” classes earlier.

4. THE MULTI-LEVEL DISTANCE FUNCTION

- To overcome the aforementioned difficulties, we propose to replace a
single distance function with a set of distance functions. Each of these
functions serves to calculate the distance with respect to one or several
chosen features, e.g.:

Dsty(Obg;, Prt;) = | AijjNumHol |,

(41)  Dsty(Obj;, Prt;) = | Ayj(Per?/Are) |,
Dst3(0bj,~, Prtj) = [(A,'jIll)2 + (A,'j122)2]1/2,
where
A;jFun(Fea) = Fun(Fea(Obj;)) — Fun(Fea(Prt;)) .

The functions can be ordered (e.g. according to their complexity)
and treated as a simple, multi-level distance function of three argu-
ments: Dst(Obj;, Prt;j, Levy). Passing to a more detailed notation, dis-
tance is the function of feature vectors of an object and a prototype
Fea(Obj;), Fea(Prt;), and of a level Levy, k =1,..., NumLev. For a
fixed level Levy we obtain a simple distance function, which we shall
call the distance function of the level Levg, and its value — the distance
of ;this level:, The, distance.function on. each; level.can.(although it does
not ‘have to)depend ona différent subset-of featurésinparticular on
a single feature. The example of the function (4.1) illustrates this. It
shouldsbe stressed thatithe distance function disinot-a yéctior function,
but an erdered:set.of sealaz-fangtionsovsd (C.8) pH odi aodi anoiisiv
od With-the distance funetion jdefined:in,this /mannerthe condition:of
membership-ofian:-objeet Qhjin a elass;Glaj(4:2)1will be the cdnjune-
tion of the conditions;(4:2)n for-theifunctions:of all itheilevels: os buit
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(4.2)1 Obj; € Cla; <= V;[0Obj; € Clajlies, ,
where
(4.2); [Obj; € Claj]Lev, <= Dst(Obj;, Prt;, Levy) < Thr(Claj, Lev),

or in one expression
(4.2)3 Obj; € Claj <=V Dst(Obj;, Prt;, Levy) < Thr(Claj, Levy).

The class Cla; is now a pair: prototype — threshold vector: Cla; =
(Prt;, Thr;), and in more detail: vector of the prototype — threshold
vector: Cla; = (Fea(Prt;), Thr;).

5. THE HIERARCHICAL RECOGNITION ALGORITHM

In the recognition algorithm based on the multi-level distance func-
tion, the class to which the recognized object belongs is found by elimi-
nating those classes to which this object does not belong. Such elimina-
tion is carried out hierarchically, by using the distance functions of all
the subsequent levels. The set of classes to which the object can belong
will be represented by a set of class prototypes, and we shall denote it
the candidate class set. Initially this set contains all the known classes.
Subsequent steps of the algorithm correspond to the distance levels. On
each level, from the set of candidate classes these classes are eliminated
which do not satisfy the membership criterion (4.2); with the distance
of the current level. After the elimination, in the case of univocal clas-
sification of the recognized object, one class remains in the set. In the
case of an unknown object the set is empty. More than one class in the
set means an ambiguous classification. The ca.ndrdate class set can be
represented by a hst of class prototypes A ‘

OIq O 1013z \”

I‘ yM1id 2if A5 3 {1

qum thef cané#dagte class list; qf m,mmms of glts th}:




336 L.J. CHMIELEWSKI and W. KOSINSKI

Elimination loop

STEP 2. Calculate the distances of level Lev; between the recognized
object and the prototypes from the list.

STEP 3. Eliminate from the list these prototypes which do not satisfy
the inequality (4.2)2 for Levy .

STEP 4. If Lev; is the last level LevyymLes or if the list is empty, go
to Step 5; otherwise, set the next level Levy, k = k+ 1, and go to Step
3.

Sorting

STEP 5. If the obtained list contains more than one class, sort it,
e.g. according to the increasing distance of a chosen level, or some other
criterion. The nearer position of a prototype on the list, the larger the
likelihood that the recognized object belongs to the class represented by
this prototype. The empty list means that the object is unknown.

6. REMARKS

The recognition algorithm proposed here operates in a way as if in
the set of classes there existed a hierarchy which would provide for the
possibility of excluding the whole ‘groups of classes at a time. Actually,
such hierarchy is not introduced, and the functioning of the recognition
process results merely from the structure of the algorithm, which is
noticeably simple.

The hierarchic nature of the recognition process makes it possible to
significantly reduce its execution time, in comparision with an algorithm
with a single distance function. This time depends on the effectiveness of
the functions on subsequent levels. The identification process is quicker
when the functions used on lower levels are computationally simpler and
when they eliminate classes from the candidate class set more effectively.

The requirements of small computational complexity and high ef-
fectivity usually contradict each other. Therefore, minimization of the
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recognition time necessitates for the right choice of functions and their
sequence. The promising results presented in Sect.7 indicate that the
detailed study of this problem is necessary [12,13].

As in the set of classes no ordering is introduced, including a new
class into this set does not lead to the necessity of analyzing the differ-
ences and similarities of various class groups. »

The set of candidate classes containing a single class, obtained as a
result of recognition, means that the object has been univocally classi-
fied. The empty set means that the object is unknown, i.e. that it does
not satisfy all the conditions (4.2); for any class. If the set contains
more than one class, the assignment of the object is ambiguous. This
takes place if the regions in the feature space which represent classes are
not disjoint, i.e. the classes are not separate. In this case there arises
the necessity of introducing in the set of candidate classes obtained from
the process of recognition an ordering which would reflect the degree of
conformity of the recognized object with the prototypes of subsequent
classes. This degree of conformity can not be identified with the prob-
ability of the object membership in the classes, as within the frames of
the distance-type classification such probability is not defined.

To introduce an order in the candidate class set we can use the
distance of a chosen level, which we consider the most decisive. Also
a general function, which takes into account the distances of all the
levels, except those with zero threshold, can be applied. For example,
the formulae (3.1) and (3.2) can be used, with the features replaced by
the distance functions at the subsequent levels and with the standard
deviations of features replaced by the thresholds for these levels.

Small computational complexity of the proposed algorithm makes its
implementation easy, not only in any higher level language, but also in
hardware. The changes of the number, sequence and kind of the distance
functions, which are the main factors which influence the recognition
results, do not necessitate for any modifications of the algorithm.

The shape of the regions of the feature space which correspond to
classes depend only on the kind of the distance functions. If the func-
tions are affine with respect to the features of an object and a pattern,
these regions are cubicoidal, as it is in the case of the distance functions
according to Eqs.(4.1); and (4.1); (Fig.2). The cubicoides can be
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Fig. 2. Shape of the region in feature space which corresponds. to the range of features of the
objects belonging to the class i, according to the two-level distance function - example of
Eqs.(4.1); and (4.1); .
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Fig. 3. The case of zero admissible deviation of one of the features.

degenerate (Fig.3). The admissible deviations of various features are
independent.

On the basis of the multi-level distance function, more elaborate
recognition algorithms can be built, as e.g. an algorithm in which only

these features of the recognized object are calculated which are indis-
pensable for its correct recognition.
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7. COMPUTATIONAL EXAMPLE

The above presented concept of the multi-level distance function and
the recognition algorithm based on this concept has been implemented
in the program LoOK [15] which recognizes two-dimensional, separated
objects in the two—brightness-level picture.
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Fig. 4. Silhouettes of objects belonging to the classes used in the example: 1~ M16 nut
(wrench 9); 2 — M8 nut (wrench 14); 3 — M6 nut (wrench 11); 4 — washer 5 (¢, 14 mm, ¢;.
6.25 mm); 5~ tubular rivet 6 (¢, 13 mm, ¢; 6 mm); 6 - 2 zi coin (¢ 21 mm).
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For six classes of objects, for which the example silhouettes are shown
in Fig.4, the mean times of recognition carried out in two ways have
been compared. First, the objects were recognized with the alggrithm
described in Sect.5, in which a three-level function according to Egs.
(4.1); - (4.1); was used. Then, the same objects were recognized with
a single distance function, according to the class membership criterion
(2.2). For the sake of comparability of the results, this single function
was built according to Eq. (3.1), in which instead of three features, the
three functions (4.1); - (4.1); were used. All the weights were set to
1.25, as the specific value had no influence on the execution time, and it
was necessary to model the multiplication by a real number according to
Eq. (3.1). In both cases, all the classes occurred to be mutually disjoint.

The mean recognition times, averaged for five objects belonging to



340 L.J. CHMIELEWSKI and W. KOSINSKI

Table 1. Times of recognition in the classic and hierarchical algorithms.

algorithm | time
[ms]

classic 12.81
hierarchical | 7.83

Table 2. Times of calculating the distance functions of subsequent levels
according to Egs. (4.1); - (4.1); and the single function according to Eq. (3.1).

level time

_| [ms]
1 (4.1), [0.41
2 (4.1);]0.78
3 i (4.1)s |07
together (3.1) |2.14

each class,are shown in Table 1. In the experiment, only the recognition
times were taken into account; no times of calculating object features
were included.

The times of calculating the distance functions for subsequent levels
are compared in Table 2.

Application of the hierarchical recognition algorithm with the multi-
level distance function in this example, made it possible to reduce the
average time of recognition by more than 40 per cent.
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8. DICTIONARY OF THE APPLIED NOTATIONS AND ABBREVIATIONS

(14]
Are area y Lev level,
Cla class ; Num... number of...,
Dev deviation , Obj object,
Dst distance |, Per perimeter,
Fea feature , Prt prototype,
Fun function |, Thr threshold,
Hol hole F Wgt weight,

I11, I22 : second main central area moments of a region,

Xzz' : i-th component of the vector Xzz,

Xzz; : i-th object Xzz,

e.g. : Thr(Cla;, Lev) denotes the threshold for class ¢ on level k;
Fea(Prt(Cla;)) or Fea(Prt;) denotes a feature vector of the prototype

of class i and Fea’(Prt;) denotes the j—th feature of this prototype.

9. CONCLUSIONS

The basic advantages of the proposed method of recognition are its
very simple form and its hierarchical character, although in the set of
classes no order or hierarchy is introduced. Therefore, in the learning
process there is no need for any analysis of similarities and differences
between the features of prototypes of various groups of classes, consid-
ered in the problem.

The proposed concept of the multi-level distance function and the
related pattern recognition method is particularly effective in simple
classification systems with large numbers of classes.
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STRESZCZENIE

HIERARCHICZNA METODA ROZPOZNAWANIA OBIEKTOW NA PODSTAWIE
WIELOPOZIOMOWEJ FUNKCJI ODLEGLOSCI

Dla przezwyciezenia wad klasycznej odlegloéciowej metody rozpoznawania wzorcéw, opar-
tej na funkcji odlegloéci o zlozonej postaci, proponuje si¢ wprowadzenie zbioru prostszych
funkcji, tworzacych wielopoziomowsa, funkcje odlegloéci. Metoda rozpoznawania zbudowana za
pomoca, takiej funkcji polega na stopniowej eliminacji klas, do ktérych nie nalezy rozpozna-
wany wzorzec. Proponowany, bardzo prosty algorytm dziala w taki sposéb, jakby w zbiorze
klas istniala hierarchia pozwalajaca wykluczaé kolejno cale grupy klas, podczas gdy hierarchii
takiej nie wprowadza sie; jest ona natomiast (niejawnie) zawarta w strukturze algorytmu roz-
poznawania. Pozwala to na znaczne skrécenie czasu jego dzialania. Algorytm zastosowano do
rozpoznawania obiektéw w dziedzinie wizji komputerowej, gdzie wymaganie duzej szybkosci
obliczer jest szczegdlnie istotne.

PeszomMe

TEPAPXWYECKUW METOJl PACIIO3HABAHMS OB BEKTOB HA OCHOBE ®YHKLIMM
PACCTOSIHUS C MHOI'MMH YPOBHSAMH

Jins ycTpaHeHHS HEOCTATKOB KJIACCHYECKOrO MeTOa Pacno3HaBaHHA o6pasios B pac-
CTOSHHAX, ONHPAIOIErocs Ha QYHKIHE PacCTOSHHSA CIOXHOTO BH/a, IPE/JIATaeTCA BBeMe-
HHEe MHOXecTBa Goiee NpocTHIX QYHKIEN, O6pasyomEX GYHKIHIO PACCTOSHAS C MHOIHMHE
YPOBHAMH. MeTON pacmoO3HaBaHHS, NOCTPOEHHHIM NPH MOMOINHE TaKol QyHKIHH, 3aKii0-
YaeTcs B NOCTeNeHHOM HCKJIIOYeHHH KJIacCcoB, K KOTOPHIM He NMPHHAJIEKHT PacHoO3HaBa-
eMulit obpasen. IIpenyaraeMblif, O4eHb NPOCTHIK, AJITOPHTM JIeHCTBYeT TaKHM oGpasom,
yTOGEl B MHOXKECTBE KJIacCOB CYI[eCTBOBaJia repapXHs, NO3BOJAIOIAA MOCIe0BaTeNbHO
HCKJIIOYATH I[e/ible FPYNNBI KJIACCOB, TOTa KaK TaKolil repapXHH He BBOJHTCH ; OHa e
cofiepXHTCA (HeABHO) B CTPYKType AIrOPHTMAa PacCHOSHABaHHA. OTO NOSBOJSET SHAYH-
TeJbHO COKPATHTb BpeMs ero JeHCcTBHS. AJITOPETM NPHMeHEH K PacIOSHABaHHIO 00LEKTOB
B 067IOCTH KOMIBIOTEPHOro BHMEHHS, rje TpeGoBaHHe GONBIION CKOPOCTH PacyeToB OCO-
GeHHO CymeCTBEHHO.
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