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Abstract—In this puper o new scheme of featore ranking and hence featyre selection wsing a Mulblayer
Pereepiren {MLPY Netwark, Lae boen proposcd. The novelty of the proprsed MLP-based scheme and s
difference o another MLP-hascd festone ranking scheme huve been analy cead. To adiilion we Bave nudified
an cuisting teator; rankingtsclection scheme based on luzey eatropy. Empivical investigations shew thac the
priprgsd MLE-hased scheme ju superior to the other schones Tmplementsd.

Featg: manking Freature selection

1. INTRODLICTION

A pattern recognition svstem may be dofined as a
function which transiorms measuremeant apace mto de-
cision space via femtore space, ie. & — F — 2, where
A is the measuccment space, 3 is the featun: space and
& 0w the decision space. Tho measurement space is
dehned as Uhe sel of measurable yuanrities, fzatore space
ey include a subset of the measurement space andior
some oow attobules derived based oo Lo o e
measinrable guantities. The decision space, on the ather
hand, consists of the decision(s) made mom the Teatee
sprice, In i mecoprition prodleat there are Jrany measir-
ahle or detectable quantitics based v which the object is
recugnized. Bat alb ol them may nod bs impozlan o bave
significant impact on the recognition process. Somw
[eatures muay be redundant apd confsing alag, Therelore,
to reduce space-time complexity and to avend confusion,
cne elien newls e analy sefextructiselee featdmes 1T
LA The transformation & — F thus constitutes an
impudant inlesal putt of 4 pallen ecogninog sysiem,
W divide feature analysis task [.47 - -~ ) into two parts:
seleclinn amd calragtion. Fealpre seleclion deyls with
chonsing some of the measuruble guantities which are
impodanl for disorimmanion and bave 4 greal impact un
the decision space, while Foatwe extmacdon deals with
developing sonne new attribaces (feamres) based on sone
selecied iegsurable guantiliss. In this myecstigalion we
restrict ourselves o feature selection oaly. Selectinn of
fealures can e done by ranking the Jeamres frsd sod then
1enonng soroe which wre nedr the bollom or by invcstd
ulite the combined cttcer of a wet of feamucs oo dis-
CTinination.

There ape many technigues for feature selecticn. Some
of these rechiigues are based on inferclass and infeaglass
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U some are based on probabilisticfozzy mod-

disrances,
c1s.% ¥ while others are based on neurs) nelworks”
[lach approsch hos e osken Aadvantages and doaowbucks,

In this paper s have proposed two schemes For
[ealure unalysis, One ol the schemes s 0 modilen oo
of the fuzzy set theoretic methnd of 1'al, ™ while the other
approdeh uses u mudtiloyer pereepiron, Givea o [abeled
data set we fiest learn ic using an MLF with an adequace
architecture, Then, lor cach troining dats poink we set s
feature walie to serg (one may call such a vectar as
cormupted data pointy and use it s an inpat for classifica-
fien The deviation of 1he owput veelor this produced
from the owtput generated by the corresponding uncor-
rupted data point i3 noted. A feature is considered more
importan if the average deviadion over he eniive daa s
for that frature §% more. The basic idea hehind this
scheme is as iolesys Aller the 3TLP has learm), the daw
set, the absence of an important feature s likely oo
infTugnce the ogiput vignibeantly, COn the other hand.
for & [css important feature, the output is not expected o
change moch with vunation vl the value of thal featene,
Pedormance of the proposed schemes has besn com-
pared with some exising schemes using o [ow dats sees,

The rest part of the paper 15 organized ag Tollowes:
Seetion 2 discusses some ol the existing techmniquas for
feature ranking and basics of an ML while Section 3
deals with the proposed seheme, Seciion 4 deseribes t
capromentil tesults and the paper s concluded in
Hection 5.

1. SOME EXISTING THCIRMQUES OF NEATURE RAKKIKG
In this sectivn, we describe some existing echnigues

for featurs ranking andfw selection.

2L Fegmire vanking based on criterion function (2)

Foo reducing the dimension of the medsyrement spage,
we shuld elinmmare those fealgres which are less m-
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portanl or redundant for disesdminuniag the clusses.
As mentioned earfier, one can achicve this through
rynking featmres according o theic bmporlance i
discriminglion, We emphasize here the foor thet b
diserimitating ability of a feeture @ dependent on the
tvpe af elassifer we use. Bor example, the most impotant
Feature: lor lrining an MLP may be different from the
minat important feamree for 4 pearest prod ype classiier.
This issuc will be tllustrated later, There exist a aumber
of methods (or [eature raoking, each having il own
merits and demerics. We describe here a tew of (her,
which hyve been adopled in our investigation for com-
parison of results.

The ahbility to classify patterns by machines relies on
an impliciL assumpiion tal clesses oceupy distinet e-
pions im the feature space. Tnmitively, the more the
diztance between the classes, the better the chance of
ancoessful recognition. One approach could, theredone,
be to sclect those features for which rthe classes ane
mipdmilly sepurated.

Let X — Ixf=: - ¥, 6 — 1,2, w0} Te a2 dala sel,
There arc ¢ classes %, % %5, %, with o prioed class
peobabilicy P lor class %), such thar LY % — X,
W 1V — v fand €, = Lat Y =y ly € B
Folpd = LR L a] be a dateosel generaled rom X by
some feamre selection technigue, where yg, the Eth
component of ¥. is cqual to x; some Mh componcnt
of . In other words, ¥ ois generated by deleling
some [(p— p') rows of X, if X and Y arc represented
a4 muloves of orders g amd BoEoR, mespeciively
Kevw @ criterion funcrion for ranking the featires is
defined as:™

M =33 A Ba DY drag, O
=l =1 L gy

where the distance memic d(¥;. ¥,) may be defined in
warous ways; we use here the Buclidian distanee. AY)
can be calculated tor every possible subset of the fee-
turcs, The fedture so1 32 5o scloeted that S0Y) 1s muxatm fo.
It calewlating the ¢riterion function, an estimate of P,
mzy be taken as:

j EF S (]
n
Therafore,
l i % Ny “_.L-
JIY] =4 A ¥ ¥
Int i=l J=l k=Ll =\ :
| oo
=S diy. ¥l (3
It o o

1et my be the sample mean vectar of the jth class, ie

- .
m, = L‘:J Y (4}

urid (he nieslwre sample mean be designated by m, ie,

i
m=3 Pm, (5}
i-1
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Alter some algebriic manipulation, eguation 117 be-
COMES!

FOY = er(8) + (S if)
where
Fop = Z Fi— Z (¥ —m{x, —m¥ (7
i Py
and
5= E Fiim; —mjim; —mi". 5y

=1

[ntitively, for the featore selection lask we ke 1o
maximize f{8yp and ar the same time minimize (AS5,0.
Hence, fY), a5 given by equation (6) may not be g pood
criterion function for feanue selection.™ A heter ap-
proach would e to maximizc

een EFISRY
T ]
The main drawhack of rthe abewe crilerion funclion
(equation {90 is, if for a particular feamre subset 2 class
i le welt seatiered and 3 ponion ol %, 18 wverlapped wilh
another clasy 8 such that their centroids are far away,
thenn HY} way be preater than that or anolher [ealure
subset, which sepatates the two classes (Fig. 2 insucha
{ashion thal & single hyperplane may pass belwezn thein,
hut their centroids 2re not so apaee. Intoitively, the second
feature subsel iz betler than the finst one ulthough the
criterion functom rmay indicare the reverse. This will he
further efaborated in Section 4 using an cxample.

i

2.2, Feature ranking bused on fiezy enirpy

Tt ¥ = {x k2. ... K| be a mniverse of discourse
and a fuzey seb o — {0 )in'y e Kii—= L2,
iter £ |0 T} be detined on X where . ;) denotes the
membership of x; o, A measure of luzziness for &+ can

be defined as®

Hia) = flaain)l (10)
i=1

where ¥ is a constant and the funcion f-) can be delined

in various ways, ") 35 also called entropy of the

fuzzy set One can obtan cotropy of Deluca-Termini

uzing

Fialad) = cpgrta]) IN{par ()
— (L pafednll - per()y (113

in cquation {100, Thus, the entropy Tecomes:

1 .,
Hi+) — T2 IE___{ f- prer (e e (s 1)

= (1 = el iin{] — pa{ail} (12

where o — 1/ In2) is the pormalization faclor. Pal and
Chakraborty used cquation (12) for lealnme rankiog,'
Hiu#) attains the maxioum voTec when o' 15 st
fuzzy. 1o when poia) =05 Vi and it abaims the
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minimum value when peixd = (b or | F1 Pal and
Chedraborty™ nsed S-type and a-tvpe'™ membership
Lunctions for meddeling . Here we bave  considered
anky the sundacd S-fanction. The S-function s defined

[N

i e bl
0 —
_ 2w - fle “].{ u i b 55
b=yl - o)l @)t BEg e -
i. P

1o the mberval fu,c] with &= (e o2, The patameer b is
known  as  the  crossover  polnt for which
pelh b — 0LA

Tor conmputing M of the class ¥, along the gth feanre,
the parametcrs of the $-functivn can be compuied a7

14

B—ixgh.

e=b o man{|laglh, gl ek gl )

(1%

angl

a=2—¢ [16)

Hoere ay, max, and oon are used 1o denote the averaze,
maximnum, and the minimum vahe of ., respectively. If
cuch xg 15 cqual to b, H will be maximoum and coual to L.
{7 lends W 2o as x, moves whay Trono flowands either o
ot «t. Uhe higher the value of A, the greater would be the
pumber ul samples having pzp=0.5 and beoee greater
wmld be the tendency of the samples Lo ciwster armuie its
mean value, resuling in less (ntcmal) seatter within the
chass. If we pool logeither the classes #; and %, and
compute the mean, mosximum, snd minimom values of
the gih leaure over all I_rn‘. + m.:l summples when: w7,
(p—=j. k1 1s the number of samples of class %, B for
the pooled sample woulid decrease as the pusdness of
feature increases. This is becanse, for a good featore, the
samples [rom boll clisses should be away [tom the
cverall mean, e most of the points will fave i) =0
or 1. The feature cvaluation index for feature ¢(FEL,) can
thua be defiged aac

H..
FEIL - i

oy TR 17
" Ty + Hy G

whers i is the value ol the enipopy fur featuee o after
poating the classes € and €, and H 5 and Mgy arc those
for the feature g computed for %, or %, respectively, The
tower the vaiue of FEL. the higher is, iherefore. the
quality of the gth featare T characterizing and diserimi-
nating classes ¥, and ¥, inslead ol using ooy une
fowiure g, FEL can be calcnlated even tor a set of
lealires, ™' In fhis case. we need o use the mwitidimen-
sional merbership functicon !

Mone that, insleal of Fany measure ol fueziness can be
used. Pul and Chukruborty,™ in addition w the entropy.
used the index of furziness, We mention here thar in a
simiilar manact. the feature evaluation index cap be
calevlated in terms of n-type fnctioons "
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A drawback of this approach is, itcan be wsed to assess
ledlores Tor a padr of classes only, Tt may happen that a
fewtlore p is good for discriminating 4, and %, while
leulure g may be a betler discriminator for classes %, and
. Fanther. it may happen that some other feature ris, on
averdge, o belwr discrioninuior Tor all the clusses %, %5,
‘y, and ¥ taken together. 'Unos, using FEI it is difficult wo
wsseas the goisdness ol o Teatwre will respect 1o all classes
laken topether

To et around {his problem, Pal™ cxlended his carlier
worl todetine (e averape inporlance of a sef ol feyiunes
& oas

(FOLY — % Y W,W, (FELY, (18
Jo

where W = wim, W = ngm with 0, = 3 m kb —
1,2,. 00 k55, e welghs faciors, Hers the weights
are nothing but the o peiore probabilities of ditfersor
clasees. Hence, (FELF depends on the number of points
o eluss und this may ool be desicdble. Preferably,
(FEL Y™ showld depend only on the strwetare of the ¢lasses
byl oot on the nmumber of points o a class, Moereover, in
equation { 18], even when w; | ng — ¢ {a constant) Lor
two dilferent pairs of classes, W,W; could be differant for
the 1w pairs, W W, attans the masimoin valos when
#; — i — o2 Hence, (FEIY™ i hiased towards equi-
probable classes, This mootvated uws o define a new
index, called everal! feafire evalwation imdex oo OFEL
deseribed in Section 3.1,

Keat we desenibe the MLP-based fearurc selectinn
method of Buck of o™ bul before (hat we describe
the hastes of an ML

2.3 Deseripiion of nearad network

An MLP is 5 clussifier network, capable of learning
an mpwl—ouipul colation. An MLP consiss of several
layers of processing elemens called nodes or nearons.
Thete i= no conmection between nowdes within a luyer. bt
complels connechons cxist hotwecn nodes of succeswve
layers. The luyer of podes which receives inputs from
outsids ix called the mipur baver and the hver thst
prowfuces oulpul is called the outpue layer Tn between
input and cupul layers there ure seversl luyers called
hidden luvers. The number of nodes in the input Tuover 15
the same #x 1he Jiension of input data, and thae in che
output kayet is the same w the qumber of patlemn classes.
The nodes in th hidden layers receive mputs from its
rreceding laver sand prodoce outpuls which become
inputs to the nodes of the nesl luyer. There iz oo
compuaton in the npol liver Nodes in other lavers
reccive imputs, which are functions of he oulputs of
nides i the previvus layer and the connection weights
Tetween the 1w layers, and spply 2 aonlineas rantloe-
meiticn factivation fuoction) to produce the ouipul,

‘Vhe total inpat to the dboopil soode; of laover £+ 1
[h =] s
(191

a,
t — w1
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Here v; is the oulpal ol be fil ondl o Jayer i (R=)
c:nn'es:punds to the input laver) and h 1% the cenncetion
weight betwean e fh node in luvet Fe+1 aned the Abnaode
of laver 4 The output of a node §in laver & = 0 s
¥ = gie]. B 15 the sotivalion lunelon. Mostly sigmuidal
activarion functions tre used.

Ir the leaming phase (raining of such a nelwork we
present the patlern x — {5} where x; i the fh compo-
nent of the jnpot vector x, as input and adjust the sct of
weights in the connccting links such thal the desine!
output 1= {£:} is oblyned Al the outpul nodes. The
process 5 repearad uncl the weights stabilize.

o grmeral, tor the sutput layer e qctusd culpuls {vg}
will not be the same uy the taneet or desived valoes [1].
Thus, fop a padtern vector, the error is:

_-Z[ﬁ.- o)
¥

240

angl the total ereor is:

E- 2:43,. (21
X

An MLF atempts to minimize £ by meving in the
direction af negative pradient of the lnaranmnwus Brrin
ex. In olher words, (e incremental change ﬂu ' is taken
a3 propoitiona) o | e, feh M for a pamc:ufa.r Pl-lllﬂl'ﬂ X,
i, ju..,”" — | -#i (‘th}hld..,' 1] where @ is the learning
rate, After some aleebruic rlmmpu]allﬂn the learming mbc
Repnrnes:

—tp e, fivy 18 Ty,
5 e il layer [h |- 1] is nutput layer,
L T -.-,I{T (i ! e']':;m]l..., )g g

[or cither ]a}'em.

(22}

‘The increvental changes ,_"u.., " miy be sunmed up for
all the patterns in the trmnlng set and then the weights
""_Ir:“ are upclalerd with the resulting inerements, This
process s called Batch mode training. In this straregy
"the learning process remains independent of the scyuence
in which the training data are [od. Normally, a complete
pass through the trufning data is koown as “epoch.’” On
the other hand, in or-lfae trainine weights are epdated
with cach puticrn, In this case, learning depends vpon the
sequence of data feeding. We have adepred the hatch
mode lenming in cur experimont. Thus, the expression

for the updated weight alter ¢ epochs is ziven by:

D L

:;ﬁ] kﬂ L E ﬂ'.._._.-j;'-'].

24 Newral nerwark bosed featire selection

{23}

Ruck #r of™ developed an algorilbm For featore
ranking vsing ah MILP. The seusitivity of culpul of the
network to its input 1s used to rank the input features. An
expression for feature saffency (s poposed by them),
used for fearnre ranlany. is detined as:

Iy —LL}_Jdmx“J'

Kl 5 r

{24}

B K. DE of ol

where £ is the domein ol the oh feature and 5 0 e
traiming set, The muirix Wis an arnyy of all connection
wedghts in the nebtwork arranged i some suule foom.
They used the dervative as i sensitivity indicator of the
medwork outpul with respect 10 e inpd Lesre, Thers-
fore, A; = A; 1% asaumed to indicate that the importance
ut the b ledlure s ogher than EBal of the ih fTeature,

For evaluating (e x, W) in eguation [24) we use
the chain nule. and thus for an MLP with onc hidden layer
wit have

g it .
i, =l _{u’ﬂ_x_f (Z"LI vt )

hey
=il - ”HZH{:U.

— 1 ) E u;i:..'vjf"l “""I[,'D ) [¥3)
1

Here &y, 13 the thresheld dor the sigmoidal activation
fupiction, 2. From equation (25) we find that the deriva-
tive depends on the surmenl inpul Lo Lhe netwiork a5 well 45
its weights. To caleulate A, ideally, each input should be
independently sumpled over ils cxpecled range ol values,
For cxample, il & puanls are vied Lor euch mnput foatuee,
1he ol puintber of points that the derivatives have to be
evaluated at would be 8%, where p is the 1olal number of
[eatures. Therelore, the problem is of exponential com-
lexiy.

To reduee the compularional load, Ruck e ol sop-
pested to sample it at the niost important points, The
points of preatest inporance in (he igpu space anre thesc
in which fraining data exist; hener, the (mining veclurs
are uzed as starting points (o samyrle the jnput space. For
every (raiming vector, each feature is sampled over its
range. Thuos for x tratning veuters. Lhe pumber of desi-
vative evalualions i5 ppf,

Limitationg of this #lporithm are deserbed in Section
33

1. PROPOSED SCHEMES

In (his section we propose two schemes lor (eature
analysis. The {irst [eature mnking scheme is basad on
Fuzey set theoretic convepls. M is an extension of earlier
work by Pal and Chakeaborey' ™ and Pal'™ The ofter
scheme is bazed on the Mulilayer Perceptron, and it can
b vsed for both teamre ranking and sclection,

A Feature evalyalicn weiny fuzziness

Here, we modify the FEL of Pul'* and define an overall
feature evyluation indax (OFED based on furzy sel.
theoretic coneepis, This OFEL takes care of the limita-
tions of the carlier approuch. ™ Feature g will be pood if
it can discrimingte every pair of the ¢ classes. Thercfore,
the zoodness of o leslure g increascs as B Lk =
L,Z,....c and jA£&) decreases and H, G—1.2,... .0

My decreases and ¥ . | M,

INCTEASES; Lo P e o : hd )
increases. Thus, the overall {eatee evaluation index oo
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Leatuee {(HH ) can be defined as:
By 1 v H@-J,

= {26
i 2f1)

it o ] Pt
\’ i1 i

We use oily the fuzzy cntropy ef Uelucy Termind, The
lower the vuTue of {WEL the better will he the pertor-
roance of the feamre with respeet to discriminadng 311 the
classes, In cyuation (265, it may happen that Hg, < B
but fy = M e featore g is more importanl (o dis
criminate classes fand §thun featoee v bol the converse s
e Lor elasses & and [ Since equation {26% conaiders ali
possible pairs of classes, OPE], will reflect the overall
raveraps) discriminanng power of e fealure g, Mote that
OFER, dues e depencd oo 1he size o] a glass

A2 Fearree evatuation wsing an ML

After an ML soocescfully learms a data sct, the
wuights of e Ynks will be se adjusted ) the valie
of a reclordaet (fess important) feature will not infleence
the output vector much, The bvwer the importance ol a
leatwre in disetiminating between classes, the lower
wonld be che influence of its value on the owtpat of
the nwtwork, The proposed scheme bunks on this concepl.

[ every Teane g we compute a fepmre qualivy index,
FOI, and then rank the features according o FQIL. To
wompule FQL we procesd us follows; Fer each Lraining
data poinc x,. i = 1,2, ..., we et Jq,r tn zero. Lat this
maedificd data pumt hc dcnulcd by r., T LE x,l,"' = Kig
Wi F g and Ly @) Setiing the gth compeonent 160 7ero is
eyurvilent lu delinking thwe ¢ Joput node and heoee
delinking all connmections associated direcrly from the gh
inpul mde, Thus, e impact of the gib feature will not
reach amy node of the network. §et (he earn vectors
obtaincd by %, und %% be o; and o} respeetively, Note
harl mg 05 e e Laeged ol curtesponding e X, but the
arcieeal ourpur thar is obtained for x, from the trained ne.
lfor a less impoetant feadure, (e ourput veclors o; and u}g:
are nor cxpected e difter mach. Any fanction of o, and
o that cun mensure this variation belwren the two can
be used as an index for feature ranking. A very simple
chodee would bo o define

Fmﬁ=lﬁ:%.—J”h
L1

=l

{27

After computing FOHL s for all the p {eatures, they cun be
ranked according te thoir iImportance as g;.4z. ..., i
when FOl, = FQL,. = - = FQIL,

Imateac of Featuos ranking, il the problem i w sclecs
Fip’ = p) hesl feutures (feature seiection). beat from the
point of view of disciimination elwesn classes, the
[edture sl {an, 42,00, gef Ay not be the optinal
qet. Fut gy, ... go W dlefniledy give a vory guod
gubset 0l feulwres. Teor gel he best 7 featemes we proceed

as follows: There are ::_. ) pessible subsels of Jequnes,
Lat the Ih subsct be denoted by 5 Now we define
FQI::"" as

Fl™! {24)

] a
™ 1,7
1o
f=2

where of is the output from the net with %, as input. Note
that = is derived from x; as follows:

ﬂ_{u
u A

We choose 5 a5 the oplimal sel of leylomess, when
RO = FOLY S 1A

Insteud ol cyuations 271 aoed (28). one can also
compate feecare devalwelinn thdtces (FLIS) a5

J& 5y

'.Hjl"'
otherwise. i

JEEE n.-n';r.':'
i, —- - 4 e {ith
) F 2__']‘ |:nd|||"|;.I||
amd
1
rppe L Ly o
o = ol D

wherc nj is the trapspose of 0. Here, |ower the value of
0L, the morc is the mportance of the feature ot the
leatury subset.

33 The proposed soheme vs schewme gf fuck et ol

W now compare the proposed neural netwnrk-hgsed
algonthm with tha of Ruck ef @l Both their methad and
oo SChefne are 4 sehse bused oo the sume convepi—
sensitivity of notwork ouwtput with respect o its joput. In
our afperouch we [ the ootpud of the net aller remooving
a feature and then measure the devianion of Whis oipeal
[rosro e [eaml watput, B nel froo the arget output. We
have not considered che targsl curpm, hecause the nel-
work might oot have becn able te leam the argen oot
to a desirable level, It is more logical W consider [he
sensitivily with respeet to what has heen bearnt. by the
network. Moereover, in cur approach, sctting a foanre
value to zerd is equivalent to assiming the ahsetce ol Gl
[eanure, Thus, il 15 & conscrvative approach. On the other
hand, Ruck f ol calcalied the rade of change of network
utpul with respect to the input.

Let us assime that a system has p leatures for char-
uererizing lawo classes. Among these features, we con-
sidet two [ealures F, and Foo Also assumc that
i fg HF ) = [Dey fEF ), bat the vanance of Fy s less
thig that ol F5, Such g slluation is always possible as the
fonction approximated by 1he pelwork may ook be ade-
gualely reprosented by the data. In this case 1he alporithn
of Kuck et wd. will vsually showw Thal £ 1% maocc Important
thatn Fo Xince fhe wvulues of Fo oaoe more disperse
compared o Fy. two patterns from differenl classes
may have well apet o vadoes buy close &) vadues. I
wi: sample the domains of &, aed £, unifonnly, 1o, ine
the same nuber ol intervals, then AF. will be greater
than A AF, is the separation helwesn sucevssive &
valucs for points considersd 1o compul: the saficacy. 1t
may then happen an the produm  [Hog 3R )=
Afo w (A0« AP e, Fp i offectively more
sensitive ehun M. The alyorthm of Buck o7 @l may fail
here,

The method of sampling data points in equation [5)
has ancther drawback. Let vy ke o patiem sl o lwo
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Table 1. Waluey of T and ralfency lor the fealumes of paecn

set
Tealure used BOT Raok Sefiemcy Eank
1 {LH73545 1 E58nom) 2
pi {LATedT] 2 232 2Maia |

dimeosion 45 in Fig. |, The pateern set has two classes
iz glass 1 and class 2. Consider a pattern vector x in the
tratning sct from class | I the value af feature 1 (F;] s
kept fised and that of 5 is varied over its range, some
of the points may be generaied outside vl both £lusses 1
anel 2. The network is neither ceained with these pattem
points nor do these points belong o any of the Ly
classes, Thetelote, incorporglion of these points in
caleylating the feature saliency may mislend the process
of ranking,

We ilinslmee the ahowe two observations with an
example. Table 1 depicts the runking of the two featores
of the patiern sel given in Fig. 1, [t is found that aceord-
mg tor e indes TQI {equation (27}, the featare F| s
mare important than the fealure F- which 15 als desic-
able as the leature ) ajone can separate the two pattern
classes, whereas £, cannot do the same. On the other
hand, the saffercy measure (i equation (241} of Kuck
rr el sorongly recomuncnds that featere Fa is mors
im[rortan] than &),

Finally, the algorithm proposed by Huck er el tunks
indivicdual Fentures hat cannot select the best subser of
P = p foulures, Huwever, our alzorithm ranks the
features individually us being able o select the best
subset of pr' - p {eaturca. ’

4. EXPLEIMENTAL KESTLITS

in the prescnt investigation we have used three daa
sers: Bris™™ with four features and thoee lasses, Crode-

=" andicates a parer belongiog o class 2,

oil ' with live loatures and three classes, and ango-
leaf '™ with 1§ features and three classes.

Anderson’s Iris'™' daty sol containg three classes, e,
three varteties of Iris flowers, namely, [ns Setosa, Iris
Versicolor, and Iris Virginkes consisting of 50 sumples
gach, Fach sample has four feamres, namely, Sepal
iength, Sepal width. Petal length, and Pelal width. Lris
datd has heen wged in maoy research evesiigalions
related to pattern recognition and has become a sorl of
benchmark daty,

Crude-oil ™™ is a five-dimensional data set consisting
of 56 patterns divided inte three clusses, Three classes
cerrespoid 1o three trpes of nil. Three classes 1,2, and 3
consist of T, 11, and 38 pultems, respectively,

Mango-teaf, ™ on the other hand, 15 2 p = 18 dimen-
sinnal data sel with 166 patternsz. It has three clusses
represehling thiee Yinds of mange. The namber of sam-
ples b classes 1, 2, and 3 are [00. 35, and 31, rospec-
Gvely, The leaturs sel consisls of measurements like area
(&), perimeter {Pe), maximum length {L), maximwn
brewdth (B}, petiole (P, lengih | petiode (L | 1%, lengeh
petiole (L), lenpthimaximom heeadih (L/B). (L1 PYE,
Adl. A8, APe, apper midribflower midob, vpper Pef
lower Be and 50 on. The leruts upper and lower are uaed
with respect o maxingom breadth position.

Since cach feature hus g differemt raoge of values, 1e.
sone have guite lacge values while others have very low
even Tractional valoes, all feames arc normaliged o the
same scale so that the differences in their ranges snc
reduced. In olther words, we applied the following aans-
formation on cavi Feature
_ P
Sk K
where & = miny min{x,} and & = max; max )
Mone that this wansformation docs oot change the siruc-

re ol thie claskes ag it is only a change of scale snd orimn
ol (he entire data.

X {22}
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Table F. Walwes of different indices obtained by MIP for Tris

Feature made  Misclassification T Rank F Rank Faltescy mersure Rank
T

T T T T Tsa T o3ee3n 3 0.683017 4 1063 591834 1
P OF .80452] z 331856 2 24D SEGGT i
g 10%) 9265212 L 4.3355803 I 4041, 534757 1

4 S 1n4us2id 4 (X iy b 3 355005 ERE %

Tablz 3, Waluzs of HY) snd differcnt entcopy-hased measones wsing one of the leatures of Jris

Featre nsed Jix Kank [FRI Runk 475 M Rank
i 10230 3 0166672 a (995 3K) E
2 {166%344 4 0 1Ge75T 4 L4 BOaS 4
! 16 (ERALS 1 0109842 2 [asad2 2
El 13.0813722 2 1.1 656R 1 MLAMIGT 1

For Iris, the mnking of legtures obained by the MLE- ;
hased scheme is shown in Table 2, la this investigation o
wy cunsidered different network archilecturcs and dil-
ferent inilializations. Tanle T presemts a cvpical resnlr,

We have obtaincd mostly the ssme relative ranking of the P
lelures (as shown in the Table 23, aithough the gbsalute :
values of the indices were different in different runs. The ;
ilh entry in the miscfassificaiion column indicates the

number of data poing that are wrongly classifed atter rhe

ih {eatore 33 moade zero, The other colomns are scli-

explanatory. The rpks oblained by 7O apd FIN ure 2
diffcrent, although the first and second most important,

[eulwes are ihe same, Here leature 5 is Tound to be the

most ipontant, while feature 2 s the next mos! imgot-

tant one. Oo the other band, the entropy-based method,

seefterey. and AYY indicale features 3 und 4 as most

inpertant (Tables 2 and 3). Scveral anthors' 17! alsn

hefieve that featyres 3 and 4 ate mors Importanl for Icis.

Why does the proposed MLP-based method showr a

different vesult? To et ai answer 1o this, lel us consider 7

a four-dimensional synthetic data set. T'he dara set has 200

ata poions, 1O podims Jor eqach of Lo vlasses, Scatterplors

of the first two components are shown in Fip. 2, while 2
Fig, 3 shows the scatwerplol ol the third and fowth

z
1 2

11 2
11 1 Fig. ) Scaverplor, using Fatires 3 aml 4, af the four
dimensiooal synlthetic dats. "1™ and "3 indicate patlerns

1 1 beinnging o classes | aml 2. reupectivaby
1 A ]
—_— e ] - - 2

g o 2 2 2 2 components. In the scattetplol class L ois indicacd by
2 2 2 “1” and class 2 3% eeprosetled by <2 Clesely, scarter-
ploe of Teulgres vne and two (Fla 23 can be easily
2 separated by a saight line to discrimine the classes,

T A T e e T T but their ccntrmds_are very ¢lose, While, for Fia. 3
Qimensional wymehetic date 17 and 27 indicate pullerns  although the centroids are widely scparated, it reguires
helonging to ¢lissses | and 2. respectively. u gomnbinstion of lines to separate e fwi classes, Thus,
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Tahble 4. Values of FOLamd JY b associstod with paies of fearwes for the syathetic duly. Featores maptioned in aoluna | e inede

Feslumes mude zermigscd

earo [or T end while they srg used for JY0

FOX Misclasstficulinn Relative Tank JV) Kelative rank
1.2 (L2ARHZS 4 | (1.554 #4k 2
LS (191528 3 2 INRLEE 1
L
1
Y
h
1
Y
1 2 '
]
! 2 2, 1
1 1 & 2 2
1 2 23 )
| 2 22 3 II 23 3
A 2 25 T 3 3
® 2 L 369
' £F 223m3 3 3 3 3
1 1 2 A3 22 3 3
111 [ | 22 22 Wa2931 31 33 3 3
11 4 2 2z 3 333
111 1 2 22 33 3 33
11 ! E z A
1111 1 1 2 1 33
1111 , !
11 , ; 2
1 \
111 1 i
1 1 '
1 1
1

big. 4. Seaderpl, using foatures 3 gnd 3, of Iris dats. "0 27 and "3 indieate paterns belonging o
clukize |2 and 3. respeetvely:

for an MLI? based mcthod features | and 2 may turn gut
L he more imporcanl (Tuble 4) (ol ¢ourse, Jepending on
the initial condition. it may not necessanly be truc) than
Features 3 anl 4. However, [or (he miethod based on £ Y
features 3 and 4 will he impotant. Table 4 shows that it is
indecd thr vase.

lel s now logk ab the scaftemplol of features 2, 3
(Fig. 41 and scacterplot of features 3, 4 (Fig. 5) of Iris. In
Fig. 4 and Fig, 5 Jdifferent classes are scparated by dotted
lines. M buth the cases classes can be separated by two
Iimes with only 23 errors, bul the controids of Dhe lysses
a5 reprosented by featores 3 and 4 oare moch more
separaled Lhan Uhose represented by leatores 2 and 3.
This cxplains why the proposcd MLF based method
showes Feates 2 and 3 a5 more importeant while others
indicate fealures b amd 4,

For feattre ranking we considered (he eflee, of only
ome fedture al o tine on the pecformance of the network.,
whereas for the feature selection problem {when we want
1 select the toost importanl, say, p° featores) we need ta
consider the combined etfect of fzalune subsels. Thus, the
sct of features with rank < p' may net necessartly be the
oplinial sel of o’ fealures, in Guet, in most ol the cases they
will he. Table 5 depicts the results ohoained by setting
tway of the Features 1o zeo, Lo, the combined cffeot of two
features on the porformance of the nenwork. Table 5
reveads dhat [or Lris, fealure puir (2.3} (hased on FOT)
und featore pair (1.3} (based oo FDI) are found to be
important. Based on individug! tank also fhese Dwo
[eatures (3,20 are found to be noost important.

‘Table & depicts the ranking obtained by the HOLFIH
hasodl methed oy Crodde-oll, o ihis case the ranks

Tuhle 5. ¥ulues of dillereol inlices obtuined by MLFP when a pair of [eatures 1 a1 lo zero fur Is

Featire made 720 Misclassification

Fear Rank Fr Rank
12 130 (0505 3 1,3515944 i
1.3 14103 [FRR02] 4 [1.345055 1
1,4 a1 0.5645(H & 0684518 3
23 1o 1035633 1 1.452740 4
2.4 trl 0L5HH1# 5 1RDa0AS 5
34 LK) 0923468 2 3343355 2
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i ohtaimed by FOI and FIT are idenfical. The muost im-
- poctant feamee is found w be the same for all thres
r indices FO, FIM, and serfiswine Tt i mteresting 1o nobe
111 that the number of misclassifications s consistent with
i] 1” the ks, Thess rankings are also almest 1o acoondanue

with the result ¢oot inchuded in this amicle} of the
experimenls dumng which the network was rained with
a pair of featwres. That s, the neowork was able o
e S A recoyniies befler withe festumes | oand 4 chan thal with
any other pair of features. “lable 7 represents the ranks
obtuined by JUY), OFEL and (FEN™ {or the sume das set.
¢ Crnde-vil, We lind tha 1he imaks oblained by A ) and
OFELYFEL™ arc different and they are also differcoe
[roza e ranks cudoulated based on MLE This diflference
: iy De atiritiled to the following fagis: the ML P-based
dpproach i3 influcneed, o a preat cxeent, by how easify
tlusses cun be separuled using byper-plancs, On Lhe uther
hand, A¥} stronply depends oo Be sepacation ol the
ventroids., while @FEI depends on boch the sepavation of
e centrnids and gverlap of classes. Table 7 also shiws thal
PREtEa the ranks obtained using (FEI™ and ORI are identical.
We report the combined elloc ol feature pairs for this
4 data set in Table 8. t shows that feamre pair (1.5) is the
3 sl imporlamt, Like Dris, [or (hiy data set also the resalos
3 were found 1o be constaent with sculierplols (ool
Y3 s imcludedl bered of feature pairs.
Yoy To establish the ellevtivencss of e proposed schems
we dglan considered a data ser (Manpo-teald sl 18
LT lewures and three classes. Ranks obtained by FOM,
; Fill, and siféiency are shown in Tuble 90 the ranks by
e thee indices are not exactly identical Tan almest he
13 sume, The dillerence i1 the ranking by saffency with tat
i by FOLEDL may he due toihe comples class stirustore of
T 5. Scatergut. i [ 3 und 4, o W . 100 S0 DA HOCR T O T
"2 and 3T ndicate parcros belonpig fo classes 1, 2, and 2 Yo : : '
Tespectively. (B) wp live Bearures, () nop s1x features, (d) the Teatimes
with ranks 4, 5 6, 7,8, and 9, and () 01l 18 feaiores, in

a2
)
ol

Z".l

l

REUR BN b
-

o
e
e
-

Tuble . Vulues of different indices otained by MLE for Crude-odl

Featore Miselassification FOM Runk FoI Rk Srlieney Kank

malc xern TNCAsWS

1 4} 0933513 ] WL AR 1 FLRT EY6T54 1

2 11 0.FIEsID 4 NAGIRY 4 314656968 5

3 i) DLITATT 5 115040 50 3 1557797274 3

4 13 [ERCC LALLM 2 [LAZ632Y z 1861405141 2

5 11 0.242237 3 LA 6303 3 1003 4650ED 1
Tuble 7. Values of JIN) and ditferont conmpy based measuns using one of the features of Cende-oil

Feature nsed HX) Rank (I'CI# Hark {ITTI _R.,\I

1 1. T2134K) 1 0.132087 5 P19 6S b

2 LN T M 0, L2059 3 11217 3

3 .22]1033 5 0441318 4 1. 16U i

| {.2355593 1 0.125434 3 14K2315% 3

5 34 21439 I |

QLT 01 BEs
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Tahle B Values of different indives obraited by MILP when o paic of fealures 15 sel e zers for O oade-oil

Fealures made zero Miselagsificagian Fx Rank FI1 Runk
1.2 38 0356033 3 (L3T7745 E
L3 H (.0&]235 2 LLIDRTEY 2
|4 il {L7436035 4 11L5353612 4
(] 45 1182554 1 11156354 1
2,3 12 112433 0 (. BRI 10
24 17 (_3B51 L0 fi 0735543 &
15 17 0. 3705 7 0.742R812 7
14 13 (293030 a {LR2MIRE 4
1.5 12 (1.276577 % (0.812706 ¥
4.5 18 {1,407 598 3 0712725 3
Tahle 9. Yaloes of ditferent indices ohizined by MLP fur Mango-haf
Foutiee Misel assificakion B REank i Fank Saliewiy Renk
madec zern MELELTE
L 25 1125161 4 (970044 g 10255, 1245506 14
2 A6 0 526458 5 0757481 4 136076267451 12
3 44 (353275 £ (LAEI20H a 2685724253 Lty
4 130 LA s | 1 (1.4 196 1 43101 50506 4
3 23 LN b 13 1149011 54 12 191681 057354 10
fi 46 1335267 7 [hERS02T T i) [UR] el E Vi 1
7 13 AN i 17 (3 Dot 17 830.137520 i7
& 18 {IKIT e i1 1 CHHODH Ik 331974334 1)
4 O (LARKRLA 2 LT23810 3 B145] 395600 2
10 S 1353753 4 1L TN 3 56T A0TRE2 a
I 30 {h1B1140 3 (3936033 5 2RHM, RETOS T
12 24 O 1087 1 (.933007 11 J15K), 352227 9
1% 3 LA RAE ) 11 291379 13 TG, 59252 13
14 2t D047 14] 13 097323 13 14402 327757 11
14 L. (LRRIZER 3 ETROVE 2 425207726411 5
L& 149 01255 It [FRToEY I & TaTTA1RL53 15
17 23 1LDHORT 12 1.9R8a5R1 14t FI65% SO20T6 3
I = (hO5EAL 6 14 [L9WSTR] 14 A5T21.70151 &

Table 100 MisclassiBcations vbiaimed by 2 tained MLE {tor
a0,000 epochis} with different feamre subscts of Mango-leaf

Cases Featires vagd Mizc] aysiliceation
(i) 4,15 49
([l 4,015,k 2 25
(3] 4.0,15,10.2.3 40
[l 10236111 4t
Al il

&)

each case the network was aincd [or 60,000 epochs, The
resulls {nwmber off misclassifications) are presentod in
Table 10, Table Lclearly reveals the effectivencss of the
ranks obtained by the MLP-hased scheme. Here. case (a)
jusc signifies the inadeguacy of the foylures. The wp &ix
leatures {case (¢} obtained by PQI clearly show betler
discriminuling abilily than the six other featurcs with
rank 4, 5, &, 7, 8, und & (case (d)), respectively. Table 10
alsyy shevws that the top five features together (ase (b
are more efiective than taking the top six or oall 13
leylures together This may be duc to the redundancy

of the system while taking the top six or al the fealeces
together. The manking obtaited by AY). OFEL and
(FEL/** for the data sct arc found b be quite different
from thul based on FOT and FDI (Tables & and 170
Comparing he fedtures with ranks < 5, we find thag
the ranks obtaincd by the cntopy-bascd metheds s
closer tor (hose based on FOL

In order to establish the superionily of the proposed
MLP-baxed scheme over the others discossed earlier. we
have tratnad the same network (the same architeeture and
inftialization) separately with a fow good leatures ob-
ined by (i) FQI, (i) fuzzy crimopies, (1ii) /-function, and
{1v) safiency {or Mamngn-beaf and Crude-oil. Tablc 12
reponts the rosulis for Mange-leal with the wp five
feamves when the networks are troned [or 60,000
epiwchy, The top Live feamees selected by FQI are found
e produce the lewst number of miscdassifications
(Takle 120 For Crade-oil, we have taired fhe networks
Toy 30,080 epochs using the top three featmes, Feme also
the proposed scheme (FQL) cuwperformes the ofhers
{Table 13).



Feubre analysis; neural notwork and MueZy se thaoretic appraaches

L1584

lable 11, Yalues of FY and difeceon entropy-based measores psing one of the feaires of Mango-leal

Featine used AY Ranb, {FEL}™ Bank, (FEL Fank
1 0L La022 11 1406851 7 1 (83747 7
2 04245957 3 0. 152861 11l 1.0H21 168 ]
k] DT 13 0.155923 10 1,133 16
4 (L351674 3] 144551 i 1.015112 1
h] CLASHANS 3 0.1424062 l 102622 2
4] Y3515 16 0. 154954 13 1.0R2R60 13
T AN 1% (. 14613 5] 1036342 5
L] 0014633 [ iL1464H 8 5 1035641 4
] 0793017 1 0151614 ] 1IR2S HE 12

10 1124 2660 2 0153043 12 1.0ERA0 11

11 {L042566 14 16641 ] 13 1.203]72 17
121 HAET 2] b f.155414 14 1130487 5
13 0433297 13 (.]1681F254 17 1.16N 4 1%
14 (482050 2 0. 146302 4 10514984 ]
15 .342572 = 1.143206 2 1033192 3
1] (0.433072 4 01521 W) 11 1062951 10
i 0. 106N 12 0154561 15 VI ZIROE 14
13 (1730945 14 {.143824 E 1.052305 [

[
[
i

Table 12, Misclagsitications obtzined by MIP {(afier traping
for SOAENY epoichy) with tee op five feslures of WManpo-Tead
runked by different tanking schemes described

Fanking based on Features used bdizchassification
For 4905502 25
EnLenpy 35 15E7 32
A-Tuncliom Y 45162 33
Sarlieniy A, 17,4035 41

luble 13, Whisclussilcatinns abteined by MIEP (afier training
[ian 30, (K3 epochs) with e 1w three featuces of Crode-oli
ranked by differcnt ranking schemes described

Banking based on Fearuees used Misclassification
T 145 13
Entropy 542 1%
S-lunclinm Bl | 14
Nalieniyp 14,3 1)

CONCLLSTON AN DTSCLSSLOY

We have proposed a scheme for hoth feafrere ranking
undl fewrwre relection based vn 4 roultilayer perceptron
nctwork. The scheme s hased on the idea hat |he eiteq
of 3 miwsing lealurc (setling the foature value to zero) on
the putput of a trained network will depend beavily on the
importunce of the feanme. In fagl, the more ipertant a
lealure is, the more will be 1y impact on e output of the
netwurk, Wi bave alse provided a scheme for selecting a
feuture subset based on the same idea. A feature subser
muy be reparded as pood if the network oulpuls are
heasily affectsl by assuming lhe abscooe ol these fea-
uiees im e sobse), e, sethng the values of the feamrey
Lev weerch. T acddition s this, wer have modified an cxisting

fuzzy encropy-besed method. Both schemes ae tested on
three different data scts, The resolts have been comparcd
with three existing appraches. The superiority of e
proposed MLP-based scheme has been established em-
pirically with several data seis. The oowelty ol Lhe
proposed MLP-based scheme and its diffcrence to the
method of Ruck e al., which is als based up a similur
conecpl, have becn analvzed.
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