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Abstract— Identification of influence of input variables is very
important for complex nonlinear systems with high dimensional
input space. In this paper we propose a method using fuzzy
average with fuzzy cluster. distribution (FAFCD). To avoid the
interference of different distributions of the sampling data, we
deal with the distribution of fuzzy clusters in the sampling data,
instead of the original data set. To discover the input-output
relationship, we first use method of fuzzy rules and Fuzzy C-
means to partition the original sampling data set into fuzzy
clusters. We produce a new data set with the same distribution of
the fuzzy clusters. Then the fuzzy average method is applied to
the new data set. By doing this, the interference of distribution of
the original sampling data is removed. This method is straight-
forward and computationally easy. The performance is tested on
both benchmark data and the electromyographic (EMG) signal
Evaluation System.

I. INTRODUCTION

In modelling of complex nonlinear systems such as the
EMG signal Evaluation System whose input-output relation-
ship is not well understood, it is very helpful to find out the
influence of each variable to the output of the system. If we
can remove inputs that have little or no influence on the output
and put emphasis on the important variables, we can build a
more parsimonious and more effective model. Moreover, we
will have a better understanding of those systems if we can
discover how individual inputs affect the outputs.

The problem we are investigating can be stated as follows.
For a nonlinear system with one output variable y and n
associated input variables z;, we obtain mn sampling data
points. From the sampling data of input-output pairs, we want
to find out the relationship between each input variable and
the output variable (the z; — y relationship, i = 1, 2,...n).

This problem bas a broad applicability and some methods
have been proposed. In [1] and [2], different methods are em-
ployed to determine the importance of inputs. These methods
can not determine in what way each input variable affects
the outputs. Also, they either need to develop different neural
networks or employ evolutionary computation, making them
time consuming.

In [3] and [4], Lin et al. proposed their "fuzzy curves”
method. The principal idea is to split the multiple-input-single-
output (MISO) system into several single-input-single-output
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(SISO) systems, if the inputs are independent. For each input
variable z;, the m data points are plotted in the z; ~ y space.
A fuzzy rule is defined according to each sampling data point
(1,¥)) G=1,2,...,n,j = 1,2,...,m) in the following form:

RI:IF z;is j(z;) THEN y is y7;

where ;;(z;) is a Gaussian membership function of ::" LA
“fuzzy curve” can be produced using defuzzification method,
which stands for the z; — y relationship. The importance of
the input variables is ranked according to the ranges covered
by the fuzzy curves.

This method is easy to understand and to calculate. The
result obtained is straightforward. Lin et al. used this method
in fuzzy-neural system modelling to determine model structure
and set the initial weights in the model [3]. This method
was also used in many other papers such as (4] - [12].
When trying to use this method in the evaluation model of
electromyographic responses to manual lifting tasks, we found
that it did not always work well. The distribution of the
sampling data set will affect the result. Obviously this should
not happen because for a system, the influence of each input
variable is an inherent property of the system, regardless of
the distribution of sampling data.

In section II, we will point out the limitation of the fuzzy
curve method and improve it with a method we call FAFCD.
In section HI, the proposed method is tested on a benchmark
data set and a real system.

II. METHODS

As mentioned in the prior section, in the method of fuzzy
curves, a fuzzy rule is defined according to each sampling
data point (27, 7). From m data points, m fuzzy rules can be
obtained. The fuzzy membership functions for input variable
T; are Gaussian membership functions centered at :r:-" :
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where ZJ and o are the center and width of the membership
function, respectively.



Then the fuzzy curve is produced from defuzzification:

= 1]} (¥
i T x .._;‘;«.'l-UJ ‘l"-‘l’} o
C(ry) S —— (2)
Noeq wley

The authors of (3] demonstrated and validated this method
using a nonlincar system detined us:

y- (2 ;'r:"’ - Jﬁsin(i;.vz)‘)"'.(l Fiods 3 (3

where oy and y are two input variables. ¢ is the outpul
vitriable,

Here we plot the defuzzitied curves of yinary gand ay -y
space in Fig, [ (A) and (B). respectively. The sample data
were generaled using Tormula (3) with .y and .y uniformly
disteibuted in the interval [0.3] Fig. | (Q). R in the figure
is the ratio of the range of 4 covered by the curve to the
whole range of y. We use it 1o stand for the influence of
the corresponding input variable, instead of using the runges
covered by the fuzzy curves as in [3].
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Fie. | The defuzzilicd corves 6f yan 1y oy space (igure A)yand o 2
space thgure By, The inputs oy and o) aee umformly distiibuted (hgare O

We can see that the curves can correctly reflect the v ¥
relativnship and «y g relationship. However. can this still
work 1f the distribution of the sample data changes? Tig, 2
(A) gives us a different result of - y relationship when the
data were generated with o wd e shown in Tig, 2 (B). It
scems that 16 the sampling data are not uniformly distributed,
the curves will be distorted. This example shows that the furzy
curve methad puts restrictions on the distribution of sampling
data. Below we will find out the reason and come up with a
new approach.
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Fig. 2. The defuszihed curve of & in r,
destmbuon of the fapur is uneven igue By

y space (figure A) when Lhe

4 The Method Depends en Distribution of Sampline Data
As stated hefore. the importance of the input variables are
ranked according 1o the ratio of the range of ¥ covered by the

curve produced from defuzzification 1o the whole range of .
Let us deline the ratio as Influence Rate 7. then the range for
variable ., can be wrillen as

R.r,' s i )

where C,{r¢) is the highest point on the curve and O, (27}
is the lowest point on the curve. ¢ is the whole range of 4,
C ey yand CL () are caleulated from (2). The membership

of each value of &, o all the m membership functions

are caleulated for (2Y. In (1), the width of the Gaussinn

membership funciion is oflen taken as about 205 of the length
of the input interval of r.. [I' the width o is very small,
only those membership functions with a center (mean of the
Gaussian functivn) close o current value of x, will have a big
value, while the membership functions {ar from it will have a

value close o zero. When o -« 0, we obtun
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Substituting (15 and (2) inwo (5).
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when a ~ 0, only those membenship lunctions with their
centers equal o . and o4 need o be taken into account. The
memberships of . and .+ to the other membership functions
are zero. Suppose there are s membership functions with o
center equal to r? and / membership functions with a cenier
cqual to . then (61 becomes:

o

/
fulet Y

o
where gk — 1.2, 5} are the values of y when
and gt (k = 1.2,.h) arc the values of y when il Yo B

Farmula (7 indicates thir the range of the curve (when
o~ 01 s the dillerence between the average value of y at
r, - ¥ and the average value of g al o, zf

Il & is nut approaching zero. the value of ¢ at e,
tukes those duta points around ;= ¥ inte account. But it
is still a weighted average. Since it hus a meaning of average
carried in 4 fuzey sense, we call it Fuzzy Average.

Since the value of the fuzzy curve for o, at ., = p) i
a weighted average which takes the points around », = oY
into account, each of the input variable should have the same
distaibution along the uxis of o, respectively. Otherwise the
curve can not reficet the o, - ¢ relationship.

Fig. 1 is the 2-dimensional example with two input variables
a1 and .. in which 1y has the same distribution along . (Fig.

(7)
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1 (C)). The tuzzy average ol y in the ry - space reflects
the 2 - y retationship correctly. While in Fig. 2. x¢ does nort
have the same distribution along 5 axis. so the fuzzy average
of g can not correetly rellects the o - y relutionship.

For many practical applications, we can not assume ¢ach
wpul variable (except ;) of the same distribution along r,
anis. tespeetively. This means 1or a certain system if we
oblain diifcrent sampling data sets. the fuzzy sverage may
be different. Then the conclusion for the importance of input

ariables may be different.

This requires us to preproacess the sampling data sct o mahe
it a representative data set before using them to determiine the
influence of input variables.

B. Change the Distribution of Sampling Data Using Fuzzy
Cliesrering

Using fuyzzy average method. the significance of variable r,
can he correctly evaluaed without the interference of other
input varnables only when all other input variahles huve the
sume distribution along ., axis. To transform the sampling
dala set into this form, we consider nsing fuzzy clustering
to change the distribution of the data set. Again we use the
example of (he syslem with two inpat variables oy and oy
shown in Fig, |,

Suppose more data points [all into a siall resion than into
uther regions in thie o - o space (as in kg, 2 (B)). We
consider using fuzzy clusierning method 1 padition the data
points into groups. The pumber of data points in cach group
{fuzzy clustery will be different since the distribution of the
dati is uneven, I we use one data puint (Jor instance. the fuzzy
cluster center) to represent each partition, we can obtain a new
data set with the distribution of fuzzy clusters. Since dif(erent
sumber of sampling data in different pirtitions will be replaced
by the same number of cluster center. we may obtain a new
data set with beter distribution,

Below we will first use Fuzzy C-micans method (o cluster the
data. Then after discussing the drawhack in this application,
we will propose an improved methad.

1) Fyzzy C-means Method: Fuzzy c-incans allows one data
puint 1o belong o two or more clusters [13] [ 16]. It provides a
method that group data points in multidimensional space into
a specitic number of clusters. 1t is based on minimization of
the fullowing objective function:

x (4
B =Y 5, Blw )3 (8)
i) gl

where m is the number of clusters.  , is the degree
of membership of &, in the cluster j. 2, is the ith of n-
dimensional measured data, 4, is the n-dimension center of the
cluster, and | # is a norm exprossing the distance between
aicasured data and cluster center.

We tirst use Fuzzy c-means (o cluster the data shown in
Fig. 2 (B). The number of clusters need to be predefined.
We assume il is 50. Then we use the produced 50 centers of
the clusters 10 form a new data set. Afler this process, the

distribution ol the ohtained new data set is shown in [ig. 3.
The crosses are the original data points and the circles are the
centers of the clusters,
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Fig. 3. Clusters generated using Fuzzy ¢-meany

As we can see, the distribution of the daa did not change.
Why Fuszy c-means clustering can not change the distribu-
tion? As we know thal during the itertion process of Fuzrsy
c-means, the membership and the cluster centers are updated w
minimize the total weighted distance hetween data points and
the cluster centers of the fuzsy partition. Thus it is reasonable
that in areas where more data points exisl. there must he
more clusier centers in order 10 make the ol weighted
distance between all data paints and the cluster centers smaller.
Therefore we can not change the data distribution when only
usmng kuzzy c-means,

2) Generate Lven Cluster Dastriburion @ To generate even
cluster distribution, we partition the inpul space using tuszy
rules belore applying Fuzzy c-means: we build a Tuzzy rule
base for the nonlinear system: those data points that can excile
a particular fuzzy rule with high firing strength are grouped
to the same partition. The fuzzy rule hase is in the form of

ey s Gy and oand ey is ALy THEN gax gt '

1y s Ay and .oand vy, is 4,0 THEN g is o2
[Fapis Ay and cooand ey s Ay, THEN 4 s ™

where A (7= L2000y = 12, .,m) and i/ are fuzry
sets of o,oand 4o respectively. If the width & ol Gaussian
membership functions are the same for all the fuzzy sets, the
partition is an cven purtition.

The micthod s implemented as follows: we take the [first
sampling data point as center of a cluster and build a corre-
spoading {uzzy rule. The center of the Gaussian membenhip
function is 7 — r?: the width #* is 1730 of the normalized
range ol the input variable,

bor every sampling data point, we calculate the firing
strength (degree of fulliltment) ol each existing rule:

n
| (gEs)
1=

AND operation is used in (9).

[f the firing strength . then the sampling data point is
close wy the data poin(s 1 the partition. Thus it helongs (o this
particon. iy a predefined threshold as the least acceptable
degree and it determunes the extent of the similarity o be
classified into the partilion. I the firing strengih is less than
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the threshold
he created.

After all the data are partitioned. we use Fuzzy c-means
algorithm 1o cluster data ponts i each small partition. The
same number of cluslers are set for each small partition so
that the distribution can he more even. Or. if the partition is
small cnough, we can set only one cluster for each partition
and tind its center by Fuzzy c-micans. We would tike 1o use
the centers of the clusters to represent the clusters. But for
reul world systenis. the corresponding output of the system (o
the centers are not avatkable, 3f the centers are not coincident
10 the existing data pomnts. So we use the sanpling duta point
closest (o the center of a cluster W represent the cluster. The
closest datis point s decided by s Enelidean distance to the
cenlier.

When only one clusier i< set for cach partition. the number
of clusters 1s the same as the number of partitions. So if of
18 (o small, the distribution may not change and the number
ol clusters will be Lorge: i it is o big. some clusiers with
less duta points may be combined into other clusters and we
fostits represemtation when only the cluster center 1s hept. We
olten take o’ as 1730 of the range of the normalized input
variables. This can partition the input space into many small
partitions which can represent the inpuat space adequately. and
at the sume time remove redundant sampling data pomts inside
the small partitions.

The procedure of FAFCH is histed as Tollows:

1. Normalize the onginal data set.

2. Partiion the onginal dats

3. Use Fuzzy e-means methad (o form w new data set.

4. Caleulate the Fuzzy average of yoin cach input-output
space on the new data set.

5. Ideatify key input vuriables according o their Influence
Rate.

Fbe data m big. 2 (B) beconies a even distrshution alter
being processed by the above method (see Fig. -4 (B)). Henee
the fuzzy average of ooy gy space can reflect the vy -y
relationship correetly now (Fig. 4) (A). These resulls are very
stolar o the results generaled in Fig. 1. which i« a uniform
distribution.

. then a new fuszy rule (a new partition) should

s tra e gt

& i 3

Fig, 4. Results using FAFCD. (AY The defuzzaitied curve of y in ra y
spuce 1) The input space T2

. Other Considerantons

Some considerations and improvements should be imple-
mented. First, before applying FAIFCD, the data set should

he nornutlized 10 avoid bias. Scecond. to reduce the number of
membership functions to be caleulated, only those membenship
functions have a center close 1o the current value ol », are
taken into account. Third, to remove the outliers. a threshold
15 predefined and those clusters contain very few data points
under the threshold are neglected.

[T, SIMULATIONS AND RESUITS

We will evaluate the performance of FAFCD using two non-
lincar systems. In the first experiment, we apply our algorithm
to the automobile fuel consumption prediction problem. In the
sceand experiment. we apply it to the EMG signad evaluation
system.

A Evaluare FAFCD on Awtomobile Fuel Consumption Pre-
diction Probleni

Data set used here s from the UCT Machine eaming
Repository. It consists of 392 instnces. Each instance is
compused of six input variables (number of cyvlinders. dis-
placement. horsepower, weight. aceeleration, and madel year)
and one output variable (MPPG). The input variables and output
artible are denoted as ., (0 120, 6) and g, respectively,
Fig. 5 shows the relationship between two input variables L.
a5) and MPG.

Fig. 5. Relationship between two mput variables and the output obtained
asitiz FAFCIL &G Weight tegr MG gy relanonshiap. (431 Acceleranon t 3
- MPG Q) relationship.

Fram Tuble I, we can get the conclusion that the variables
weight and horscpower have most signifivant influence on
MPG of a automobile.

TAKLE [
INFLURNC L RATT GF S1L NPT VARIABILS

Tipant Variable Name Influcnce RF:.
_wl-:_ Nuather of cylinders 0.3832
T | Displacement 0488
- x; Pi:;l;c;x~\ver 0.3851
71 Weight 03945 |
15 ;\c'_clem!-iruux." (1.5—;5- i
e \odel year 04219 f

If the distriburion (or density) of the original data ot ix
changed by repeating some of the data points, the Influence
Rate of acceleration obtained without clustering (the method
used in [3]) becomes 0.6076 (Fig. 6 (A)). while the Influence
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Rate of other variables remain almost unchanged. Then the
canclusion becomes that aceeleration s the most important
variable. which is tncorreet. 11 we use the FAFCI method, it
can give an Influence Rate of acccleration of 0.5612 (Fig. 6
{B1). Thus the conclusion of importance ol variables will not
he aflected.

ey

sk ke Avaa s &

g, 6. Resuhis on the modified MPGodata asing dilferent methads, (A)
Withoul « lusiermz (method used in (3]) (BY Laing FPARCD.

B. Exaluate FAFCD on EM; Sigpal Evaluarion Sysren

FEMG signal evaluation svsten is a model in which we use
the Ninematics puramelers during a motion (kinematics vari-
ables) and the anthropometric characleristies of the subjects
{subject vanables) w evaluate the corresponding EMG signals
in ten trunk muscles generuted during the lilting motion of
the subjects. OQur objective is to find out those variables that
have significant influence on the EMG signals and find out
how (hey affect the EMG sienals.,

1) Input ariabdes: Not knowing which variables really
altfect the EMG signals. all the associated kinematic varables
and subject varables are recorded. The twelve kinematic
variables are dynamic variables which change their values
during the motion. While the fifleen subject variables ure static
variables which are the anthropometrie characteristics of the
subjects and they are the same during a4 motion for a particular
subject. We want (o find out how these variables affect the
EMG signads, The sumpling data set contams six grials of
maotions conducted by 249 subjects. Bach trial has 20 sampling
data paints. Every subject conducted ull the trials. Therefore
the totad number of data points N is 29880, Fach data point
consist ol 27 inpul variubles (&, 7 = 1. 20....27) und 10 oalput
variables (jr,.7 - 12,010y The vutputs are EMG signals
ol 10 trunk imuscles,

2} Resulis: First. we use the distribution of the original data
set witheut clustering to caleulue the o, - g, relationships.
The results obtained are not satsluactory. For many of the
input-output refationships, shere is w diop i the middle of
the runge of variable @,. An example is shown in Fig. 7 (A).
It is uninierpretable from the ergonomics point ol view. We
think that it is prabably hecause of the uneven distribution
of the sampling data. Certain conditions may have appearcd
more [requently during the monon than other conditions and
thus have distorted the fuzzy average curve.

Then we apply FAFCD to obtain the input-output relation-
ships on the new data set produced using fuzzy clustering.
A summary of cluster properties is shown in Table IL Those

Fig 7. The relationship between Axis Trunk Velocity tr axis and FMG
signal (g axis). tA) Without clustering (B) Alter clustering

clusters contiin less than 10 data points (about 0.033% of the
tatal) are considercd as outliers and are removed from (he data
sel. '

TABLF 11
SUMMARY ABOLT TIL CLUSTERS

57 Toral numbes of dinta points L0880
i Number ot 1 lusters 4510
['“.l‘{.:l‘n»;gu of mumber of daa posnts m the clusien I - 14360
l Number of clusters with less than 1) data points Os

kg 8. Relationship between two kinemulic varables tr axis) and FMG
sigral (g axish of miscle Right Latissimus Dorst (RLDY. (A1 sazital tunk
moment (33 lateral bunk moment

Fig. 7 (B} shows the result of (he samie example as in Fig,
7 (A) using FAFCD. As we expected. the drop in Fig. 7 (A)
disappeared and the resolt hay a clear physical explanation
now

Fig. 8 shows the relationship belween (wo Kinematic vari-
ables and EMG signals of muscle Right Latissimus Dorsi.
The relationships of inputs to the other muscles can be
obtinned simttarly, With these relationships. we can have a
hetter understanding (o the muscle activilies. At the same time,
the importance of the input variables arc indicated by their
Influcuce Rate K. The importance of the Kinematic variubles
and subject varables are ranked as shown in Fig. 9 and
Fig. 10 respectively. Tt is clear that kincmatic variables have
more influence on the EMG signals than subject variables.
Thus, these 12 Kinemalic variables should all be selected as
inpuis in modelling. As for subject variables. five variables
(standing height, shoulder hetght, lower arm length, spine
length, lower ley length) have bigger influence than the others.
These variables should also he 1aken as inputs in modelling.
While after examinmg the two variubles “standing height™ and
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“shoulder height™. we found that the Influence Rate of these
twa variables are verv sintlar, for every muscle. In other
words. these two variables are correlated. Therefore we can
remove one of them So al ast 12 kinematic variables and lour
subject variubles are kept. The input dimension iy decreased

from 27 0 6.
03¢ crmme wm e ey ey
. J
4 ]
g‘.", li 1'
I i
F== comar aner et T

Uopswucr Lar calon

Fiy 9. Rank hmematic vanables by their Average Influence Rate (1: Saginal
trunk moment. 2 Lateral frenh moment 3 Axis trunk ungle 4 Sagital
trunk velocity, §° Avrs trunk mowent. f: Sagittal tanh angle, 7 Axrs trunk
scecleration, §: Sagutal trunk celeration. 9° Taeral trunk velouty, 100 Axis
wunk veloety. L1 Laterd tunk angle. 120 atera) trunk acceleration)

s

3 F

i0F :

3
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Fig. 10. Kank subject variubles by their Avernge Inuence Rate {1: Standing
height. 2: Shoulder height. 3: Lower am length, 4:Sphie fength, 31 Lowe leg
lengik, 6. Body weight. 7 Fuank breadth xyphoidy, § Truak cirewilerence,
9: Trunh depth sxsphord). 102 Trupk breadih gpelvici, e Upper ann leayth,
§2: Lhbow ketghl, 13 Upper log kength, 4 Trunk deptix (pelvisy, i3 Agel

Knowmyg the influence of cach vanable, we can ose the
selected vartables as nputs. instead of usimg hypothetically
selected variables. This will reduce the complesity of the
model and time of modetling. In building a fuzzy logic model.
we can adjust fuzey rles according (o this knowledge. Tn
building a neural network model, fess mput variables means
Jess free parameters and shorter triining time.

IV. CONCLUESIONS
FAFCD can find ow the importance of specific input vari-
ables and how they influence the outpul, without the inter-
ference of the distribution of sampling data set. The method
is struightforward and casy o implement. It was applied 10
the EMG signal evaluation system and abtained satisfactory
results.
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