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Annctation. The contribution deals with the problem of featsegection strategies for the case of
high dimensional feature space. In this paper fectfe method of feature selection is proposed
where two different measures are considered analdimdl storage complexity is acceptable.
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1 Introduction

In the last decade the content of context is cenedl as an inherent part of feature space
modelling. The context understanding of objects phenomena produces extensive feature
space that is not so suitable for the followingssiication or space modelling. On the other
hand the decision quality depends on the quality thie amount of information which is in
disposal. The large number of features is produlbgdthe methods dealing with the
neighbourhood properties evaluation; others aredas the statistical approaches of the first
or second order to express object relationships.

From this point of view the effective feature sétmt methods are still needed in
contextual modelling. Roughly speaking there are tain approaches to optimize (in sense
to decrease the dimensionality) the feature spzic¢l]]:

e transformation of features to achieve effectivan-norrelated and evaluated new set

of features,
e selection of original features using searchingirigsand evaluation of given features
with regard to the training data.

2 Goal and M ethods

Common goal of both approaches is to reduce thebaurof features, resp. reduce the
dimensionality of feature spad¥ ".

The methods of transformation are based on linegegionT that transforms the data to a
new coordinate system and keeps the subspaceangst variance.

T: W" >W"™, wherem<n. Q)

Well known isPCT, discrete Karhunen-LoeWBecompositiorand others. These methods are
used when we are dealing with smaller number dtifea [3].



2.1 Selection strategy

As mentioned upper the aim is to select signifidaatures from the original set of featuhes
as optimal subsef that contaird features where

X =1{¥1j=12..d x €Y, d<nf @)

Y ={y,|i=12..n}. 3)

As an optimal the subset is understood that isbéns in the sense of appointed criterial
function with respect to any othdrsubset fronY. The two ways exist to solve this task {8]:

e total searching where the whole state space isepsed and time complexity is
exponential and

e selection of features where the criterial funct®evaluated feature by feature without
impression of others features. It is also the nd@éadvantage of this approach.

The following method makes possible to select &t Eeatures and through weighting matrix
seeks to account the impression of before seldetgdres [9], [4].

3 Results and Discussion

In case we have a large number of features antldimng data of given classesg are in
disposal the following approach can be applied.
We suppose to have a set of normalized features

Y =y, li=12..n}.

The distanc® between glasse®; , @, , for the feature y,, wherei, k= 1,2, ..R and
] =1,2,...ncan be defined as follows:

Qikj = Kﬂji _’ujkj / [Gji +0jkﬂ2 (4

For ally; , where u i ando i denote the mean value and standard deviation s elain

]

featurey; .

The measure&C; cumulates the distances of classes consideredifen featurej and this
measure is used only to select the first feature
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and the first feature is selected to fulfil the &opn (6).



y*=maxC j (6)
J

It means thaty* is the most significant feature with greatest abntion to the separability
of classes.

Consequently we define the matrg,, as

Bmax= kJRxF [Qlk*JRXF ’ "

and instead of asterisk the selected feayuri fill in. Matrix elements are the distances of
classes for the selected feature. The followingufesis selected using measie

2
Qlkj :
D.= Z Z , j=1,...,nNn 8
= ] by
i=k
and yS=maxD: - (9)

j )

The matrixBy,, 5, IS step by step reconstructed as follows
by =maxby Qe ) (10)

We continue in this way as long as the required bemtdl < n of features is selected. The
time complexity of algorithm isO ((n + d).RZ) - it means it depends on the number of
features, the number of selected features and sgtlare on the number of classes. The

estimation of space complexity |i)(( R+ n)z) - it increase with square over the sum of

number of classes and number of features.

The method tries to optimize the selection of feedwising sequential connecting of before
selected features into the analysis of betweersetadistances.

4 Conclusions

The contribution is devoted to the problem of teduction of high dimensional feature space.
The proposed method combines the advantages of dmploaches and time and storage
complexity is acceptable.
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