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(Accepted 31 August 2000)

This paper demonstrates effectiveness of training of Fuzzy Spline Curve Identifier (FSCI) using a fuzzy
neural network. FSCI was proposed as a primitive curve identification system designed to establish
a general-purpose freehand interface for computer aided drawing (CAD) systems. It succeeded in
distinguishing a freehand drawing into seven kinds of primitive curves which are indispensable for
use in CAD. The key was the introduction of a fuzzy reasoning which embodied » strategy 10 ry @
find the simplest primitive curves in drawing. A trainable version of FSCI was then proposed, by
introducing a structured fuzzy neural network, in order that it would acquire learning ahility to adapt
itself to individual drawing manner, This paper sets up some experiment on FSCI and demonstrates
the effectiveness of the training by evaluating curve class recognition rates. Furthermore, through some
considerations on a concrete exainple of the training, it shows that the introduced fuzzy newral network
is informative for us to analyze users’ drawing manner and also the identification characteristics of
FSCTL
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1 INTRODUCTION

Usual CAD entities are drawn as combinations of
seven classes of primitive curves: ling, circle, circular
arc, ellipse, elliptic arc, closed free curve and open free
curve. Accordingly, a general-purpose curve identifier
should be required to have a capability 1o classify a free-
hand drawing into the seven Kinds of primitive curves.
However, the shape of a freehand drawing is not enough
information to determine curve classes due to the inclo-
ston relations among the primitive curve classes shown
in Figure 1: line is a kind of ¢ircular arc, circular arc is a
kind of elliptic arc, and 50 on.

The Fuzzy Spline Curve Identifier (FSCDH™® has
overcome the difficulty by utilizing user’s drawing man-
ner as well as the curve shape. FSCI was designed to
tend to classify roughly drawn curves as simple primi-
tive curves, but carefully drawn curves as complex ones.

* Department of Computer Science and Systems Engineering

This implies that a user can intend to draw a rather sim-
ple curve by drawing roughly but a rather complex curve
by drawing carefully. Experimental results in (4) and (5)
showed that the strategy was effeclive for expert users.
However, since the strategy was realized as a fuzzy rea-
soning with a fixed fuzzy rule se(, new users needed quite
a little drawing practice to master the characteristics of
FSCI. A trainable FSCI was then proposed to adapt itself
to each user’'s characteristics and reduce new user’s bur-
den in practice®. This was actualized by replacing the
fixed fuzzy reasoning in the original FSCI with a com-
mon feedforward 3-layer neural network. The learning
of neural network carried plasticity into FSCI to improve
the curve class recognition rates for the experienced but
non-expert users. However, it lost FSCI the explicit rep-
resentation of the original strategy. In (7), a new version
of trainable FSCI was finally proposed by introducing a
structured fuzzy neural network into the original FSCI in
order that it would acquire learning ability while it would
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preserve the original strategy, and its fundamental func-
tion was confirmed.

This paper sets up some experiment on FSCI proposed
in (7) and demonstrates the effectivencss of the train-
ing by evaluating curve class recognition rates. Then,
through some considerations on a concrete example of
the training, it shows that the introduced fuzzy neu-
ral network is informative for us to analyze both users’
drawing manner and the identification characteristics of
FSCL
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Fig. 1. Inclusion relations among primitive curve
classes.

2 OUTLINE OF TRAINABLE FSCI

First of all, this section gives the outling of the train-
able version of FSCI proposed in (7).

Given a frechand curve drawn by a user, FSCI per-
forms a sort of fuzzy reasoning (o try to identify it as
one of the seven kinds of primitive curves, and oulputs a
fuzzy primitive curve. The fuzzy primitive curve is con-
cretely composed of seven membership grades (which
are p(L), p(C), p(CA), u(E), p(EA), p(FC) and
u{FOY) and seven sets of curve shape parameters which
are associated with the seven primitive curve classes. It
can be also regarded as seven different ¢lasses of primi-
tive curve candidates ordered according to the grades.

The introduction of the fuzzy reasoning is essential
for FSCI to tell the difference among the seven curve
classes. The shape of a freechand curve is not enough
information to determine the curve classes because of the
inclusion relations shown in Figure 1: strictly speaking,
all freehand curves should be categorized into open free
curve as long as only the shape is taken into account.

In order to overcome the problem, FSCI utilizes the
drawing manner as well as the curve shape. So far as the
membership grades are concerned, the schematic pro-
cess of FSCI is illustrated as shown in Figure 2. First,
ESCI performs fizzy spline interpolation and models a
frechand curve as a fuzzy spline curve which involves
vagueness {(associated with roughness in drawing) in
their positional information. Secondly, it performs possi-
bility evaluation, where it estimates linearity, circularity,
ellipticity and closedness™ of the fuzzy spline curve tak-
ing account of the vagueness, and outputs four possibil-
l['y values: PLinea.r! PC.‘m‘-rcular’ PEIliptic and.PCtosed_

*2We use a term “closedness” to express the degree to which the
fuzzy spline curve is closed.

( Curve Shape and Drawing Manner )

¥
) | Fuzzy Spline Interpolation I
Y
( Fuzzy Spline Curve )
Possibility Evaluation ¥
l Hypothetical Fuzzy Mode! Construction I
Lingar Circular Elliptic \
Fuzzy Fuzzy Fuzzy
Maodel Model Madel
i j T
r¥ F¥ ¥ ¥ ¥
Lincarity Circutarity Eliipticiy Closedness
Evaluation Evaluation Evaluation Evaluation

; ; ; 7
R T

Curve Class Estimation

DEBOVLLE

Fig. 2. Schematic process flow by FSCL

Thirdly, it performs curve class estimation. a sort of
fuzzy reasoning, where it tries to find the simplest pos-
sible primitive curves based on the four possibility val-
ues, and owputs seven membership grades: p{ L), p{C),
pw(CA), p(E), p{EA), u(FC) and p(FO).

Because even a simple primitive curve can be possibly
found in the fuzzy spline curve when it is vague enough,
a user is now given a way to let FSCI identily a simple
primitive curve. This implies that a user can intend (o
draw a rather simple curve by drawing roughly but rather
complex curve by drawing carefully (see Figure 3).

In the trainable version of FSCI, the curve class esti-
mation process is realized as a fuzzy neural network so
that it may be trained and, as a result, FSCI may adapt
itself to user’s drawing manner,

2,1 Fuzzy Spline Interpolation

A drawn curve is given Lo the system as a sequence of
a certain number of sampled points p,. and time stamps
ty. However, the sampled points are not always con-
sidered to have accurate positional information exactly
reflecting the intention of the drawer. In general, the
more roughly a curve is drawn, the more vague its po-
sitional information will be. From this observation, each
sampled point p is replaced by a conical fuzzy point
model p;, =< pyg, Ty, > shown in Figure 4 (a), where
the fuzziness rp, is generaled according to the rough-
ness in drawing. In FSCI, the value of rp, i$ simply set
as 1, = X ap, , where ap, is the acceleration at py, and
(2 is a constant value. Then, the fuzzy spline curve that
interpolates to the fuzzy points py is generated by the
method proposed in (1) and (2). The fuzzy spline curve
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Fig. 4. Fuzzy spline interpolation.

is defined as an extension of an ordinary spline curve
and illustrated as a Iocus of a fuzzy point which travels
while changing its vagueness according to the roughness
in drawing, as shown in Figure 4 (b). It is utilized a5 a
fuzzy model of the drawing which may involves vague-
ness.

2.2 Possibility Evaluation®®

First, FSCI constructs three hypothetical fuzzy mod-
els: the linear fuzzy model, the circular fuzzy model and
the elliptic fuzzy model. They are obtained as fuzzy
Bézier curves™ whose parameters are adjusted so that
they fit the given fuzzy spline curve as well as possible.

"3 A fuzzy Bézier curve is defined as a special case of the fuzzy spline
curve.

Secondly, each hypothetical fuzzy model is compared
with the original fuzzy spline curve and its validity is
evaluated by a possibility valug: plinesr peirculor o
PpEliptic hased on the possibility measure!”. In other
words, the degrees of linearity, circularity and ellipticity
of the drawn curve are evaluated by pLincer pCircular
and PEUPtie regpectively. Thirdly, the accordance be-
tween the fuzzy end points of the fuzzy spline curve is
checked and the closedness is cvaluated by another pos-
sibility value PClosed,

Now, it must be noted that three of the possibility val-
ues obtained in this process are always in a fixed or-
der. Namely, PX"eem ig always less than or equal to
plireular and pCircular j¢ always less than or equal
to PEEPtic ag shown in Figure 3 (e) and (0. This is
because of the inclusion relations among the primitive
curve classes.

2.3 Curve Class Estimation

Due to the fixed order among the three possibility
values, it is inconclusive 10 determine the curve class
by simply comparing them. In addition, the closedness
should be taken into account for FSCI to distinguish be-
tween closed primitive curves and open primitive curves
(for example, between circle and circular arc). There-
fore, FSCI performs the curve class estimation process
that is embodied as a fuzzy neural network shown in
Figure 5; and calculates the seven membership grades:
(L), (C), w(CA), p(E), p(I7A), p(FC) and p{F0O)
from the four possibility values: Plirewr pCircular
pElliptic ang pClosed  In the fuzzy neural network,
each min-unit performs min operation that outputs the
minimum value. On the other hand, both 7% -units and
Fs-units are sigmoid units each of which has a func-
tion S(z) = 1/(1 + %), and the 7 sigmoid unit out-
puts S{w; P; + 6;), where P; (¢ { Plinear pCircular
prtliptic: pClosed 1y s the input to the unit, w; is the
weight factor to the input, and &; is the bias term,

Let us see how this fuzzy neural network plays a role
of luzzy reasoning that tries Lo find the simplest possible
curve class. Letus set wp, (= 6.6)and A, (= —3.3) to
w; and @; respectively for all T-units as shown in Figure
6 (a); and set wp, (= —6.6) and 85, (= 3.3), for all F,-
units as shown in Figure 6 (b). Then, with this setting,
each Te-unit acts as a fuzzy proposition “F is T,,” where
Ty is fuzzy true shown in Figure 6 (e); and each F-unit
acls as a fuzzy proposition “P 15 F,)” where F is fuzzy
Jfalse shown in Figure 6 (d). Considering that the min-
unit can be regarded as a logical operator and, the fuzzy
neural network can be translated into the fuzzy rule set
which consists of the seven expressions shown in Fig-
ure 7, where A denotes the logical multiplication or the
min-operator and the fuzzy truth values shown as mem-
bership functions are T or I, respectively. Because
the fuzzy rules regarding rather complex curve classes
are severer than the ones regarding rather simple curve
classes, it is now understood that the the fuzzy neural
network embodies the fuzzy reasoning that tries to find



Sato SAGA, Saori MORI and Toru YAMAGUCHI

[Pbtncaq (PCir-culcq [PElliptic] [PCloacd]

@'#(C} "#(CA H niE) [I#(EA lmi#(l"o l

O: Tyunit @ : Fy-unit B min-unit

Fig. 5. Curve class éstimation by a fuzzy neural network.

O O
S(wr, P+ 81, ) Slwe P+ 6r,)

(a) Tg-unit. (b) Fe-unit.

u1y (P) = S(wr, P+ 0r,) pr,(P) = S(we, P+ 0F,)

b \ ) . " \
Ty = e F = \\
= | S
Pl P
(¢) Fuzzy true T, by To-  (d) Fuzzy fulse Fy by Fy-
unit. unit.

Fig. 6. Linguistic truth value by a sigmotd unit,

the simplest possible curve class.

The structure of the fuzzy neural network lets FSCI
preserve the basic strategy: “Try to find the simplest pos-
sible primitive curves.” On the other hand, the learning
ability of the neural network makes FSCI trainable, as
we discuss in the following section.

i

3 TRAINING OF FSCI

Given drawings and drawer’s intentions about curve
classes, the parameters w; and 6; of the fuzzy neural net-
work presented in Figure 5 are adjusted so as to adapt
FSCI's identification results to the drawer’s intentions
as much as possible. The inputs to the neural network:
P.Linear’ PCircu[ar, PEH@'ptic and PClased are calcu-
lated from each of the given drawings by the possibility
evaluation process following the fuzzy spline interpola-
tion process shown in Figure 2. On the other hand, the
desired outputs from the neural network: p(L), (C),
p(CA), p(E), p(FA), n(FC) and p(FO) are directly
set based on the drawer’s intention. (For example, when
the drawer’s intention is CA, we set 1 to (C A) and G to
all other grades.) Therefore, the commonly used back-
propagation learning algorithm can be simply applied to
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Fig. 8. Presented patterns.

train the network.
4 EXPERIMENTAL RESULTS OF TRAINING

This section demonstrates the effectivencss of the
training of FSCI by evaluating curve class recognition
rates, and then examines a concrete example of training
in order to show how the fuzzy rule set is adjusted.

4.1 Experimentai Conditions

For the experiment, we gathered 840 drawing samples
from each of six different users (named A, B, C,D, Eand
F). Each user was presented with the six kinds of patterns
(each of which have seven curve shapes and their corre-
sponding curve classes) shown in Figure 8 in turn; and
requested to draw primitive curves similar to the ones in
the patterns intending to let FSCI recognize the indicated
curve classes. A set of presentation consisted of the six
patterns of small size and the ones of large size (that is
12 patterns in total) and ten sets were presented to each
user. Out of the ten sets of presentation (that is 840 draw-
ing samples) to cach user, seven sets (that is 588 draw-
ing samples) were used for training and the other three
sets (that is 252 drawing samples) were used [or testing,
Because the fuzzy neural network has the explicit repre-
sentation as a fuzzy rule set, all the training could start
with the meaningful initial setting shown in Figure 7.

4,2 TImprovement of Curve Class Recognition Rates
by Training

Table 1 shows the curve cliass recognition rates by
ESCI with the initial fuzzy rule set in Figure 7 and ones
by FSCI with fuzzy rule sets obtained after the training.
In the table, the column labeled *1% Candidate™ shows
the recognition rates regarding the curve classes given
the highest grades; “1°-2"¢ Candidates,” the first and
second highest grades; and “1%--3™ Candidates.” the first
through third highest grades. Although we evaluated the
curve class recognition rates using the testing samples
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Table 1. Cuorve class recognition rates,

Recognition Kntes(%)
Fuzzy 15 |5tgnd 3iaTd
User | Rule Set Crndidnt Crndid Candid
A 1ninl 78.869 ¥1.369 94,345
Trained BD.932 FIIH0 9598 |
B Initinl 78,569 92,262 96439
“Trmincd 79,762 92.857 36.72
C Tniting 62,500 20060 F3.095
Trained 68135 36012 92,857
T Tnitinl 76,786 EiNEH 97507
"Emined LXK 95338 594
E Initial 91.071 98512 100.000
Tmined 93.451 99.403 99,701 ]
F Titial 70873 §7.500 94.048
watned 72074 91.07% 96.429

(without using the samples used for training), the results,
from all of the six users, demonstrates the improvement
of the curve class recognition rates after the training.

4.3 Considerations on a Concrete Example of
Training

Let us look at the case of the user D in detail. Figure
9 shows the fuzzy rule set obtained after the training for
the user D, Table 2 shows the curve class recognition
map by the trained fuzzy rule set, comparing it with the
one by the initial fuzzy rule set.

Now, Figure 9 tells us how the fuzzy rule set was ad-
Justed so that it would adapt FSCI to the drawing manner
of the user D. When we pay attention to the propositions
with PClosed for free curves (that is FC and FO), the
Jfuzzy true got milder than the initial fuzzy true T while
the fuzzy false got severer than the initial fuzzy false F.
This implies that FSCI was trained so that the user D
would easily close free curves. Indeed, it was difficult
for the user D to get FC when F(C was his intention as
shown in Table 2 (a). However, it was improved after the
training as shown in Table 2 (b). The drawing samples
labeled (a) or (b} in Figure 10 are concrete examples in
the case.

On the other hand, when we regard the propositions
with PCireular in Figure 9, we find that the fuzzy true's
got severer but the fuzzy false’s got milder afier the train-
ing. This means that the fuzzy rule set was adjusted to
get severer to ¢ and C'A; and, as a result, it came to tend
to recognize E or £4 rather than C or CA. This ten-
dency obtained after the training considerably improved
the curve class recognition rates for ¥ and E A as shown
in Table 2, although the tendency slightly disimproved
the ones for C. The drawing samples labeled (¢) or (d)

Table 2. Curve class recognition maps for user D.
(&) By initial fuzzy rule set.  (b) By trained fuzzy rule set.

inteniional Curve Class Inicntioeal Corve Class
Kecognized Resnks Kecognized Roaihs
{Nuntrey of {Numirer of
Dizawings) Drawvingst

L CA 1 EA [i] 1. CA EA T FO

L[ [} Bl ] L3 ] 2 g
[ E FC C E FC

] [1] Q [} ] q
L CA EA [5t] 1. CA EA [{2]

g [ [] Q [ [ [i] o [ Q
[ E LN [y ] TC

L H [ 3X z T
L CA EA |53 1. CA A FQ

[ 5 M ] | o 2 a9 T 1
A [ I [ % 5 [ &

& ] Q A4 1 ]
L CA LA FO I CA CA 2]

E Q 1] L] G g [] [ [] [i]
C - [y L E FC

[E] 23 1 El EL 4
i CA EA [3E] L CA EA FO

E 1 ] a_ 7 [:4 [ [ 0 ]
A [~ [3 ¥ 3 [ E F¢&

1 Kl [] £ K] []
1 CA T Ep FO i CA | TEATFD

F n 1] [1] E F a { a 1
c C E B | ° T E FC

4 3 kY ] 1 43
L CA EA FO I [ EA FO

F [i] 3 1 44 F 0 7 [l 41
Q C E FC [ [& |5 )

[ q [1] [1] iT 1

in Figure 10 are the cases imp‘mved by this effect; (e) or
(f), the cases disimproved.

It will be noticed from these examples that the curve
class estimation process realized as the fuzzy neural net-
work tells us what was difficult for a specific user to deal
with and how the fuzzy rules were adjusted o relieve the
difficulties; and this will not only help a user to change
one's drawing manner, but will also give us hints for far-
ther improvement in the algorithms of FSCI.

5 CONCLUSIONS

This paper gave an oulline of a trainable version of
F8CI, in which a fuzzy neural network was embedded
as the curve class estimation process. Then, cxperimen-
tal results, from six different users, demonstrated that the
training of fuzzy ncural network improved FSCI in terms
of curve class recognition rates. Furthermore, through
some considerations on a concrete example of the irain-
ing, we showed that the fuzzy neural network (which has
an explicit expression as a fuzzy rule set) is informative
for us to analyze both users” drawing manner and the
identification characteristics of FSCIL This is expected
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Fig. 10. Drawing samples shown as fuzzy spline curves.

to be helpful for further improvement in FSCI.
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