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Abstract - This paper presents some characteristics
of fuzzy nomina scales, more specifically the exist-
enceof adistance operator on such scales. How thisop-
erator can be used for the processing of linguistic
signalsis presented. Numerical dataprovided by adata
glove are transformed into linguistic data with fuzzy
nominal scales. These linguistic data are then proc-
essed to recognize dynamic hand gestures.
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1. INTRODUCTION

The main objective of a measurement processisto
convert the physical state of an entity into an informa-
tion entity [1]. In order to manipulate information enti-
ties, relations that exist between physical statesare also
converted into relations between information entities.
The goa of measurement scales is to define the set of
possible relations that can be used on the information
entities. In the case of nhominal scales for example, the
only relation that can be used is an equivalence rela-
tion.

Signal processing is commonly defined as the
processing of information issuing from a measurement
process. If numerical valuesare commonly used to rep-
resent measurement results, it is now admitted that
some applications manipulate symbolic values or lin-
guistic terms better. But the measurement process is
then usually based on a nominal scale [2]. Hence only
processings that use exclusively an equivalence rela-
tion can be used like the multicriteria binary classifica-
tion [3][4] or rule-based classifications.

Introduced in [5] and [6], fuzzy nominal scales are
based on the fuzzy descriptions of physical states. The
set of possible relations on such scales contains afuzzy
equivaence relation also caled proximity relation.
Thisrelation allows usto define a distance measure be-
tween information entities which cannot be done with
a nominal scale. This paper shows the possihility of
performing signal processing of information entities
obained with afuzzy nominal scale.

Linguistic data that is processed in this paper is
provided by the fuzzy glove [7]. This fuzzy sensor
givesalinguistic description of the hand configuration.

Dynamic gestures are classified based on a distance op-
erator that is defined between hand postures.

In the next section, fuzzy nominal scales and the
distance operator defined on them are presented. Sec-
tion 3 introduces the fuzzy glove and section 4 the dy-
namic gesture recognition algorithm. Experimental
results are presented in sections 5 before the conclu-
sion in section 6.

2. FUZZY NOMINAL SCALES

Let X be aset of object states. In order to character-
izelinguistically any measurement over X, let L be a set
of linguistic terms, representative of the physical phe-
nomenon. Let F(L) be the set of fuzzy subsetsof L.

The conversion of aphysical stateintoitslinguistic
representation is called a fuzzy linguistic description
mapping [9] or simply afuzzy description mapping. It
transforms an object x of X into a fuzzy subset of lin-
guistic terms D(x) € F(L) caled the fuzzy de-
scription of x. A dua mapping, called the fuzzy
meaning mapping, associates a fuzzy subset of X to
eachterm| of thelexical Set L. Thisfuzzy subset isthe
fuzzy meaning of |, M(l). In this paper, fuzzy meanings
are chosen to respect some characteristics of fuzzy sen-
sors [9] and they form a strict fuzzy partition of X.

Considering the subset LF(L) of F(L) defined by:

Ae LF(L) Z uA(I) =1 D
le L

LF(L) contains any fuzzy description D(x) of a
physical state x.

Whereas the only relation that can be defined on
symbols is the equality relation, more interesting rela-
tions can be defined on fuzzy subsets of linguistic
terms. One of them is the fuzzy equality which is de-
fined from the fuzzy inclusion [10]:

[AciBl = VI(ua(D) —eug)) 2

Wheretisat-norm and —; isthe residuated im-
plication asssociated to t. The fuzzy equality relationis
then equal to the conjunction of the two reciprocal
fuzzy inclusions. When t isthe Lukasiewicz t-norm, its
degreeis equal to:



[A=B] = inf 1—|uy(h)—pg(D) 3)

It has been shown in [11] that thisrelation has more
interesting propertieswhen it is extended to the closure
of L by the OR operator. When A and B are elements of
FL(L), the degree of = isthen equal to:

w_ (AB) = 3 min(up), ng(h) (4)
le L

Thissimilarity relation induces asimilarity relation
between elements of X:

u_(xy) = u _ (D(x),D(y)) (5

The duality between the fuzzy description mapping
D and the fuzzy meaning mapping M allows usto write
thisrelation as:

pOoy) = 30 min(uy O by h») ()
lel

Equation (6) meansthat the degree of similarity be-
tween x and y is equal to the truth degree of the follow-
ing proposition:

el xe MI)aye M(I) (7)

Hencethe similarity relation defined in (5) ismean-
ingful on X. The fuzzy nominal scale can then be de-
fined by the symbolism:

C=XLFWL),D,{~L{=L{(==H (O

where:

- Xrefersto a set of object states with ~ the only re-
lation on it.

- LF(L) isthe subset defined by (1), with the fuzzy
equivaence relation =, the only relation defined on it.

- D isthe fuzzy description mapping.

- ~ and = are the similarity relations defined in (4)
and (5).

Therelation ~isL-transitive becauseit hasbeen de-
fined with the Lukasiewicz t-norm. Thus, the operator
defined on symbols by (9) is a distance operator.

dA.B) = 1-u_ (A B) ©)

This meansthat if afuzzy description of a physical
state of an entity can be obtained, the associated scale
contains afuzzy equivalence relation on fuzzy descrip-
tions and a distance between fuzzy descriptions.

Thebehaviour of this distance operator isillustrated
on the following example of fuzzy nominal scale:

D(xo)
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Fig. 1. Anexampleof fuzzy nominal scaleanditsfuzzy
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Fig.2. d(D(x),D(y)) forxandy e [-15,15]

Fig. 2. shows the result of d(D(x),D(y)) for xand
y ranging from -15 to + 15. It can be seen that this dis-
tanceis often equa to 1. Thisisthe main drawback of
this operator. Consequently, the distance between B
and D (which is equa to d(D(-6),D(6))) is equal to
the distance between A and E (which is equa to
d(D(-10),D(10))) athough these two latter terms
have more “distant” meanings than the first ones.

But this drawback only arises with mono-dimen-
sional fuzzy nominal scales having lexical setsof more
than three terms. Such fuzzy nominal scales are not
used in the application presented in next sections.

3. THE FUZZY GLOVE

In the field of Human Computer Interaction, there
is a big interest in developing natural interfaces using
human communication modalities. One of these mo-
dalities is communication through gestures. Gestures
can be described with words. For example, the pointing
hand configuration (see Fig. 3.) can be described quite
simply asthe onewith astraight index, all other fingers
being folded. This particularity of gestures makes it
possible to describe them with fuzzy nominal scales. A
fuzzy sensor called the fuzzy glove has been designed
for this purposein [7].

“Index is Sraight

all other Fingers are Folded”

pointing

Fig. 3. The pointing gesture can be described with
words

3.1. Sructure of the fuzzy glove

Thefuzzy glove provides alinguistic description of
the hand configuration that is consistent with human
perception of the hand. This fuzzy sensor is composed
of two main elements as shown in Fig. 4.
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Fig. 4. Structure of the fuzzy glove

The acquisition of gestures is made with a data
glove. The Cyberglove® developed by Kramer [8] has
been chosen because it gives accurate and independent
measurements of the different joint angles. It ismade of
18 bending sensors (Fig. 5.). The wrist yaw and pitch
sensors are useful for hand orientation measurements.
They are not used here because the orientation of the
hand is not taken into account. The palm arch sensor
measures the cupping of the hand near the pinkie fin-
ger, a piece of information which is not used in our
model of human perception of the hand.

Numerical dataisentered in anumerical to linguis-
tic converter which gives the linguistic descriptions of
the finger configurations. The association of this nu-
merical to linguistic converter with the CyberGlove®
iscaled the fuzzy glove.
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thumb medial sensor
thumb tip sensor

Fig. 5. The Cyberglove® and finger numbering

3.2. Linguistic variables
The linguistic description of the hand is made of

nine linguistic variables respectively associated with
nine fuzzy nominal scales. Lexical sets are chosen to
have simple and easily understandable descriptions.
This means that given the linguistic description of the
hand configuration, anyone should be able to under-
stand its shape or to redlize it.

Two linguistic variables are used for the thumb de-
scription: the thumbConfiguration describes the
stretching of the thumb and the thumbOrientation de-
scribesits orientation in the hand reference frame. Four
variables are used for the description of the other fin-
gers. the finger;Configuration (i = 2,...,5). They de-
scribe the shape of the corresponding finger. The last
three variables are used for the description of the rela
tive spacing of fingers 2/3, 4/3 and 5/4. They are re-
spectively named indexAbduct, ringAbduct and
pinkieAbduct.

ThethumbConfiguration variabletakesitsvaluesin
the lexical set Ly mbconfiguration = { Folded, Straight}.

The thumbOrientation variable takes its vaues in
the lexical set Lipymborientation = { EXternal, Aside, In-
ternalBelow, InternalAbove, Ahead}. These orienta-
tions areillustrated in Fig. 6..
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Fig. 6. . The five orientations of the thumb

The four finger;Configuration variables take their
values in the lexical set Lingerconfiguration = { Folded,
Square, Round, Claw, Sraight}. These configurations
areillustrated in Fig. 7..
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Folded Square Round Claw  Straight

Fig. 7. . The five configurations of afinger

The three fingerAbduct variables take their values
inthe lexical set Lingerabduct = { Separated, Together} .

3.3. Distance between hand postures

The configuration of the hand at a giventimet is
called a hand posture. The nine linguistic descriptions
provided by thefuzzy glove at timet form thelinguistic
description of this hand posture. Hence, a hand posture
can be written as:

Pi = (D; 1,Dj »Dj 3D o) (10)



There are many ways to define a distance operator
between two hand postures from the distance operators
between their respective linguistic descriptions. In this
paper, two distance operators will be studied:

9
dg(Py, Py = ¥ d(Dy D, ) (12)
=1

dgyp(Py: Pp) = j:%.p.).’gd(DLj, D,;) (12

These operators can have very different behaviours
when comparing postures. The following example il-
lustrates such a case. Three postures have been meas-
ured: pointing, gunHand and flatHand. Postures
pointing and gunHand are quite similar, they differ
only by the configuration of the thumb. Posture, point-
ing and flatHand are very dissimilar becausethey differ
in all fingers except the index.

Fig. 8. Three postures illustrating the difference be-
tween dy. and dsup.

Fig. 8. illustrates clearly the difference between the
two operators. as soon as there is a difference between
two postures, d g, saturates at one and doesn’t givein-
formation about the magnitude of this difference.
Hence dy seems to be more appropriate for the com-
parison of postures. However, it is proposed to classify
gestures using these two distance operators.

4. DYNAMIC GESTURE RECOGNITION

An algorithm for speed independent motion recog-
nition based on a resampling technique has been intro-
duced by H. Sawadain [12]. A motion is considered as
a sequence of 3D positions measured with equal time
intervals. Such a sequence forms a trajectory in a 3D
numerical space. The trgectories are hormalized and
can then be compared with prototypes. The comparison
is made using a proximity relation.

Thisrecognition procedure only uses distance oper-
ators and a proximity relation, so it can be applied on a
fuzzy nominal scale.

4.1. Resampling technique
A gesture is a sequence of hand postures:

ges = {P, P, .. (13)

v Pn(ges) }

The size of the sequence depends on the corre-
sponding gesture: some gestures are longer to execute
than others. Moreover, the same gesture can be made
more or less slowly by an operator. Thus, the size of the
sequence also depends on the speed of execution of the
corresponding gesture. Hence, to be able to compare
these sequences, they first must be normalized to the
same size.

A standard size N is defined and the sequences are
then resampled in order to have N equal displacement
intervasinstead of equal timeintervals (see Fig. 9.).

resampling

Equal timeintervals N Equa displacement intervals

Fig. 9. Resampling principle

The length of a sequence is computed using (14).
n(ges)

Z d(Pi_l, Pi) (14)
i=2

L(ges) =

A normalized segment length |0 ma 1S calculated
by dividing L(ges) by N-1. Then the normalized se-
guence is extracted from the original by selecting the
postures the closest to i x lnormal fori =0toN-1.

Once all gestures have been normalized, they can
be compared to each other using the proximity opera-
tor:

N

d(g&sl, ges,) = Z d(Pl,i’ P2,i) (15)

i=1

where Py ; is the i posture of the normalized se-
quence of gesture ges;.

This resampling procedure works well if the sam-
pling rate of the data glove is high compared to the ex-
ecution speed of a gesture. The number of posturesin
the normalized gesture must also be big enough to sat-
isfy akind of Shannon sampling theorem.

A normal size N must be chosen and must be the
same for al gestures. This obliges us to compare ges-
tures having approximately the same length. Fig. 10. il-
lustrates the case of two gestures having significantly



different length.
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Fig. 10. resampling procedure enforce to have gestures
of the same size.

5. EXPERIMENTAL RESULTS

The algorithm presented in section 4. is applied for
the classification of eight dynamic gestures. These ges-
tures are presented in Fig. 11.

Fig. 11. Theeight dynamic gesturesto classify.
“x2" means the movement is repeated two times

Three versions of each gestures are recorded. The
first recording is the prototype. The second and third
recording are the gestures to be classified. These two
versions of the gestures are extracted from the continu-

ous flow of postures provided by the fuzzy glove. This
is the segmentation step.

The segmentation method is illustrated on Fig. 12.
When the continuous flow of postures gets close to the
beginning posture of a gesture, the recording starts.
When it arrives close to the ending posture of this same
gesture, the recording stops. This procedure is done
manually but could be done automatically.

parts deleted
<a— during
y segmentation

Prototype gesture

Fig. 12. lllustration of the segmentation procedure

Each gesture is compared to the eight prototypes
withthe dy. andthe dg, operators (see equations (11)
and (12)). A gesture is classified as the nearest proto-
type. The experiment is repeated with two different
sampling periods: the first one is 50ms and the second
oneis 100ms. This second sampling period is interset-
ing because it quite long compared to the finger speed.
It allows usto test the behaviour of the recognition sys-
tem with acritical sampling.

The recognition system responded well because all
the gestures were recognized, whatever the sampling
period and the distance operator.

6. CONCLUSION AND FUTURE WORKS

It has been shown that it is possible to perform sig-
nal processing on fuzzy nominal scales. Classification
of dynamic gestures has been performed succesfully
with an algorithm based on distances between linguis-
tic data. The problem of the aggregation of such dis-
tance operators was considered and two solutions have
been envisaged. Hence to distance operators between
hand postures have been designed. Surprisingly, there
is no significant difference in the results given by the
operators dZ and d e They ailmost have the same be-
haviour when processing these data.

However, from the discussion of section 3, it seems
that the dg,,, operator is the most promising one . But
these two solutions are quite empirical and it would be
interesting to have more theoretical foundations for
such operators. It would also be interesting to study
other distance operators which would not saturate to
one and thus would not have the drawback described in
section 2.

The classification procedure applied in this paper
used aresampling method based on the distance opera-
tor. The good recognition of gestures showsthat thisre-



sampling procedure is efficient even with a sampling
period of the gestures of 100 ms, which is quite long
compared to the speed of fingers. Although this method
has proved to be efficient on the gestures defined in
Fig. 11., it could be less efficient for the classification
of gestures having very different sizes (see section 4).
In future works, other classificationsalgorithmswill be
tested like Dynamic Time Warping and Hidden
Markov Models.
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