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Abstract—A new classification algorithm based on combination in [5]. The authors use GMMs to define fuzzy regions of
of two independent kernel density estimators per class is o certain bandwidths’ domination in the feature space. Aeoth
posed. Each estimator is characterized by a different bandlth o5 of related models consists of methods that combine
parameter. Combination of the estimators corresponds to \wing d - timat d timize d it timati lit
the data with different “resolutions”. The intuition behin d the ensity estimators and optimize e”S'Y €s |ma |o_n Quall
method is that combining different views on the data yields Put they are tested not only on density estimation tasks,
a better insight into the data structure; therefore, it leads to but on classification problems as well. The first algorithm
a better classification result. The bandwidth parameters a@ in this group, introduced in [6], joins the KDE and GMM
adjusted automatically by the L-BFGS-B algorithm to minimize  550aches to density estimation. Yet another approach is
the cross-validation classification error. Results of expéments ted in 171 wh bl ina techni .
on benchmark data sets confirm the algorithm’s applicability. presented in [,] where an ensem ¢ avefag'”g ec nlqge 1S

used to blend different GMMs. A mix of boosting and bagging
I. INTRODUCTION algorithms along with the EM algorithm to optimize density
STIMATING the density of each class and using thgstimation quality is introduced in [8]. The next group of
E Bayes formula to obtain a classification rule is one @lgorithms embraces a combination of classifiers, eachenfith
the classical approaches to the classification problemegge P2sed on density estimation. An example is the BoostkDC
[1] for an introduction). We propose a novel application oflgorithm of [9] and [10], where AdaBoost algorithm is used
this idea utilizing a combination of Kernel Density Estimest [© combine classifiers based on KDEs. Our method belongs

(KDEs). A general description of the proposed algorithm & none of these groups, since, unlike the above-mentioned
as follows. For a given test point and for each class tflgorithms, we combine several density estimators witlir the

class density is estimated using several KDEs, each withParameters adjusted directly to minimize the classificatio
different bandwidth parameter. The final density estimate €O , . _
any given class is the average of the estimates made by thd N€ algorithm that seems to be the most similar to ours is
estimators. The class probabilities are obtained usingéyes introduced in [11]. fl'he. algorithm is at .hearF a binary clhe§|

rule. The bandwidths of KDEs are selected to minimize tfS€d on a combination of KDEs with different bandwidth
cross-validation classification error on the training Sete Parameters for each of the two classes. The bandwidths are

algorithm is a generalization and a significant modificavén adjusted to minimize the classification error. In the tragni
the method introduced in [2]. phase, a pair of bandwidths that minimizes the cross-viadida

The methods appearing in the literature that exhibit tfgassification error rate is selected. Along with the optima
most similarities with the proposed algorithm can be didideP@" its neighbors in the bandwidth space are also seledted
into three groups. The first group consists of the algorithrifé€asure called the “misclassification probability” is cargal
that combine density estimators, and the resulting akyorit for all the selgcted pairs. In the cla_ssn‘lcatlon phase,_lpe\sa
used only in the density estimation task. An example appe&fs? hypothesis that a given test point belongs to a giversclas
in [3], where stacking meta-learning approach is applied f§€ computed for selected bandwidth pairs. Next, the coatput
create a linear combination of KDEs and Gaussian MixtuRsvalues are multiplied by the misclassification probéibs
Models (GMMs). The parameters of the combination a/hd normalized. The resulting values are used as weights in
adjusted using the EM algorithm. A boosting meta-learnirfy Weighted average of probabilities of belonging to a given
approach to density estimation is introduced in [4]. A nové&fass for selected bandwidth pairs. The average is the final
approach to adjusting bandwidths of KDEs depending @SS Probability returned by the algorithm.

localization in the feature space of a given point is devetbp However, our algorithm is also S|gn-|f|canjtly different from
the one of [11]. We select two bandwidths instead of one for
This work has been supported by the European Social Fundharidational each class. This way we gain a “view” on the data with two
Budget in the framework of Integrated Operational Progranior Regional ragolutions. Moreover, in [11], there are only two classms f
Development (ZPORR), Action 2.6: “Regional Innovation aftgies and . .
Transfer of the Knowledge” through the Mazovian Voivodestiviazovian which the bandwidths are selected, and here we have no such

PhD Student Sholarship”. constraint. Our algorithm is also much simpler and probably
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faster since it uses a numerical optimization method to filmetween them in terms of density estimation efficacy (cf, [12
the optimal bandwidths. p. 31]), the choice can be made on other grounds. We have
The rest of this paper is organized as follows: Section thosen the Gaussian kernel. Its advantages are that itfdesim
contains a description of the algorithm, Section Ill présenand has a continuous first derivative (a property required by

the results of experiments, Section IV concludes the paperthe optimization algorithm we use).

The Gaussian kernel is fully described by a covariance
matrix 3 which is responsible for the hyper-ellipsoidal shape

Every classification machine learning algorithm has twef the kernel (cf. [1, Section 2.5.2]). Generally, the shape
modes of operation: training phase and classificationlirecghe kernel should be adjusted to match the distribution ef th
phase. Sections II-A, 1I-B contain a description of the sifss  training points in the feature space. There are two appesach
cation phase, Sections II-C, 1I-D, II-E, II-F present th@iting to reach this goal. The first, and the most natural one, is
phase. to set an appropriate shape of the kernel, i.e. to adjust the
covariance matrix to match the data. The second one is to
let the covariance matrix be fixed and equal to the identity

The problem of classification is to produce a decision rulgatrix = — 1 (the shape of the kernel will be circular in
d(x;h) : R? — {wi,...,w.} which assigns one of classes hjg case) and to transform the feature space instead (this
labeledw; to a d-dimensional observation (poing, with h  method was used e.g. in [13]). We have chosen the second
being a vector of parameters of length The rule is usually annr0ach because it makes the algorithm simpler to analyze

built by adapting the parameter vecthrto the observations gpq s less computationally intensive, so the formula fer th
from a training set. The robustness of the rule is tested en tkxrnel function is

observations from a testing set. One of the possible decisio 1 1
rules that can be used is the Bayesian classifier of the form P(x) = oyaya OXP [—=x"x] .
dp(x;h) = argmax,, P(w;|x;h) with (27) 2

Il. ALGORITHM DESCRIPTION

A. Classification

R A The standardization was the feature space transformasie u
p(x|wi; h)P(wi) (1) durin H
—_ g the experiments.
p(x;h)
where P(w;|x; h) is a posterior probability estimator of theB' KDEs Combination
classw;, P(w;) is a prior estimator ofy; (in practice, it is  The kernel's bandwidth parameter specifies how smooth the
equal to the fraction of observations fram in the training resulting estimation of the density function is. The larties
set),p(x|w;; h) is an estimated probability density function ofactor, the smoother the estimation of the density functom
w;, andp(x;h) = 3¢ p(x|wi; h)P(w;) is a normalization less concentrated on the training points. We can also irgerp
factor. All of the quantities in this formula are easy to cang the bandwidth as a “resolution” of the data view—the larger
except for the class probability density estimatg|w;; h). In  the bandwidth, the smaller the resolution and the more géner
a standard model of KDE, this probability would be estimatetie view on the data (i.e. the density assumes similar values
directly by the formula for kernel density estimation, berd even at distant points of the space, which makes them difficul
we insert an intermediate step—average of density estamat® distinguish).
LB The main idea presented in this paper is to use many KDEs
P(x|wish) = E ;ﬁ(XIM; hij) | per class with their bandwidths adapted to the data set. Such

P(wilx;h) =

an approach can be interpreted as looking at the data with
_ _ _ different “resolutions”. It should give a better insightdanthe
where the following notations have been usEgis a number 414 structure and result in a better classification thanthade
of parameters for the class;, where £ = Ey + ... + Ec.  yging a single “resolution”. What is more, since in our model
Let h;,i = 1,...,¢, be ani-th subvector ofh, of length \ye are averaging many KDEs, the solution space of the model
E;, corresponding to the algorithm parameters related to thgn, only one KDE is contained in the solution space of our
classw;. The h; ; are the components of the vecty, and  model (in our model, we obtain the model of one KDE in
P(x|wi; hi ;) is given by the standard KDE formula: the case when the bandwidths are equal within each class). In
1 1 x —x' this sense, the basic model of one KDE per class is a special
P(xlwis hij) = 5 Z —d¢(—) ) case of our model. As such, the proposed model is expected to
|Dl| 'eD; (hlaj) hl,] . .
x'eD; generally yield solutions that are at least as good as the one
whereD; is a set of observations that belong to the clags found by the basic model.
function ¢ : R? — [0,00) is a density function called the When comparing proposed way of combining KDEs with
“kernel function” andh; ; is a smoothing parameter calledthe method of [2], we notice that the model introduced here
the “bandwidth”. is more general. In [2], the bandwidths are connected throug
There are many popular kernel functions to choose froensimple functional dependence, while here no dependence
e.g.: Gaussian, Epanechnikov, biweight, triweight, giglar, is imposed—each bandwidth is a separate parameter of the
and uniform. However, since there is not much differenadgorithm. The next difference is that the bandwidths are
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selected independently for each class instead of beingathe s feature space. The upper limit of the range is set to the

for each class. 99-th percentile of the pairwise distances between points in
In this article, the number of KDEs combined for eackhe training set. This estimation is rather conservative. A

class is the same and equélsi.e. (Vi)E; = 2, so in the percentile value instead of a maximum value is used to make

training phase, an optimal pair of bandwidths for each cladse estimation resistant to outliers, which could unnemdgs

is searched for. Why two KDEs per class? The first reasanden the range in the case of using the maximum value.

is that we wanted to test if using as little as two different Choosing the lower limit requires more care to be taken

“resolutions” improves the results of a KDE-based classifiesince there are a few problems related to small bandwidths, i

Another reason is that using two KDEs is less computatignalbandwidths close t0. For a given test point, if the bandwidth

intensive than using more of them. Finally, we have to carsidis very small, very few points from the training set signifitdg

the difficulties related to optimization of the multidimémsal influence the density at that point, thus the density estimat

error function during the training phase. Note that the nembp(x; h) in the denominator of (1) is close t@ Now, if the

of dimensions of the error function is equal to the total nembvalue is small enough, it is smaller than the computer machin

of KDEs. Generally, the higher the number of dimensiongrecision, thus it is assumed to Bewhich makes the formula

the more complicated the function (with more local minima)l) impossible to evaluate. Another problem is that for $mal

and the more difficult it is to obtain good results with thdandwidths one can get unreliable and possibly misleading

local optimization algorithm that we use. Hence, the smallenformation for the classification task [11, Section 2.2].

the number of KDEs, the simpler the optimization task. On We try to solve the above-mentioned problems by choosing

the other hand, a research on application of larger numbertbé lower limit that is sufficiently small, but not too small.

KDEs than two per class might be also insightful and is orhe limit is chosen to be equal to a small rafig¢ of the

of the goals of the future work. smallest non-zero percentile of distances of points imingj

set. A small percentile is used instead of a minimum value

for the same reasons as in computing the upper limit. The
In this section, we describe the training phase of thgarameter¢ is the radius of a ball containing9% of the

algorithm. Its main goal is to find the optimal combination okernel’s probability mass. We assume that the influence of a

the KDEs bandwidths. The algorithm consists of the follayvinpoint located outside of this ball on the central point of the

steps. ball is negligible. In the case of a Gaussian kernel it can be

1) The sequence of the training instances is randondjiown that = , /Fx_zl(d)(O.QQ), i.e. it is the square root of the
permuted. The randomization is required by the crosgs| e of the inverted2

validation method used later. It is worth noting that, apagk freedom atn.99.

from this step, the algorithm is completely deterministic. yntortunately, the above method of calculating the lower
2) The data is transformed—a standardization transformgyt is not always sufficient to solve the problem. In exteem
tion is used. The transformation parameters (samplgses; when the testing point is far from the training settgpi
expected values and sample standard deviations) gfg gensity would be very small and assumed td) bre spite
saved—they are used later to build the classificatiqf the handwidth not being small. Luckily, in such situagon
error function. . _(when the distance is large or, equivalently, the bandwisith
3) _Bounds_ for the bandwidths are calculated (as descnb\%‘.y small) we know that the KDE-based classifier mimics
in Section 1I-D). They are used to narrow down thene Nearest Neighbor algorithm [14, p. 251]. Thus, when the
search space for an optimization algorithm in the negenominator in (1) is assumed to bewe return a result that

step. _ L would be returned by the Nearest Neighbor algorithm as the
4) The vectorh of KDEs bandwidths that minimizes the aguit of classification.

10-fold stratified cross-validation estimation of a clas-

sification error function (described in Section II-E) i Classification Error Function

searched for by an optimization algorithm (described in In step 4 of the training phase we use a 10-fold stratified
Section II-F). cross-validation estimator of the classification errorchion;

As a result of the training phase’ the Optinhﬂ]s obtained it is constructed as follows. First,0 Sp"tS of the training
along with the transformation parameters and transformé@ta are created. Each split consists of two disjoint data se
data. These values are used directly in the classificatiasgh the fitting setD which is used to train the classifier, and the

. validation setD” which is used to compute the classification
D. Bandwidth Range error of the trained algorithm. Next, the data in each of the

When searching for the optimal bandwidths, a questiamoss-validation splits is transformed using the wholaing
arises: what is a bandwidth rande.in, hmax] that should set transformation computed in step 2 of the training phase.
be examined? To answer this question, we take an approdtte reason the transformation is not computed for every
similar but not identical to the one in [11]. It is also worttsplit's fitting set independently, as a standard crossdatilin
noting that we look for a common range for all the bandwidthprocedure would suggest, is that we want the bandwidths
and all our considerations concern points in the transfdrmealculated for every split to correspond to the same valoes i

C. Algorithm Training

distribution function withd degrees
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the original non-transformed space. If the transformatiware during the minimization. Thus, for each class we choose a
calculated independently, the same bandwidth value woudthrting point lying in the vicinity of the poinf, 1]7 on one
correspond to different bandwidth values in each split ia tfside of the line, namelh? = [1.1,1]7. This finally yields
original space. The priors used in each split are also estiinathe starting point equal td° = [1.1,1,...,1.1,1]7. The

on the whole training set (for similar reasons). Finallyr fonext parameters that have to be set are the variable bounds.
each split, an error function is calculated and the resutihf Each element of théh vector is ascribed the same lower

each split are averaged to yield the estimation. and upper bound, and these are equal to appropriate values
The error function is the Mean Squared Error (MSE) definexf the range calculated in step 3 of the training phase. The
as other parameters are the stop conditions. They are set to the

1 c following values which are a sensible choice for a wide ctdss
MSE(P(), D", h) = 0 3" Y (P(wilx;h) — ti(x))® ,  optimization problems: the function reduction factor isiat)
x€Dv i=1 to le+7 (moderate accuracy), the maximal acceptable griadie

_ o _ (2)  value is equal to 1e-5.
where D? is the validation data set on which the error is

computed,P(w;|x; h) is the posterior probability estimation I1l. EXPERIMENTS
for the classw; from (1), andt;(x) is a vector whose-th

component, whergcorresponds to the actual class is 1 and Whgn introducing a new machine learning algorithm, two
all other components afe We use the MSE function insteagduestions have to be answered: is the proposed method better

of directly using the error rate function because the formg?,ar? thhe bals;lc _orr:e, fr]rd IS d(ljt comphetltlve Whgn compe;]red
is differentiable, a property required by the minimizatiof'!" Other algorithms 0 address these questions we have
algorithm we use. conducted a set of experiments. The data sets used in the

experiments are described in Section llI-A; afterwardg th
F. Minimization Algorithm first question is addressed in Section IlI-B, and the second

' . . . [ ion II-C.
To find the optimal bandwidth vectdi, we use a quasi- one in Section IIl-C

Newton constrained optimization algorithm L-BFGS-B introp pata sets
duced in [15]. The algorithm exploits the function’s valueda ) _ _
gradient information to search for the local optimum. ltsise The algorithm was tested on data sets examined in [16]

the BGFS (Broyden-Goldfarb-Fletcher-Shanno) method to a§7d [11]; some other data sets from the UCI Machine Learning
[

proximate the Hessian matrix. The algorithm was originalff€pPository [17] were also used to broaden the test base.
devised to solve large nonlinear optimization problemshwit oM these sources, we selected data sets that matched our

This algorithm was chosen because of its following advaflong with literature references are presented in TabléeyT
tages. First, it can solve problems with simple bounds iredosinclude the following data setsblood transfusion(Blood
on the variables, and since bandwidths which constitute theansfusion Service Center data, introduced in [18fgast
vector h cannot be negative, we have to use an algorithR@ncer(Wisconsin breast cancer data set, collected at the Uni-
that solves optimization problems with at least lower boundg'sity of Wisconsin by W. H. Wolberg [19]plass (forensic
restriction imposed. Additionally, we can narrow down th@lass data)heart (SPECTF Heart Data Setjnage segmen-
search space by calculating a range of “sensible” bandwidfion (Statlog Image Segmentatioripdian diabetePIMA
values (as described in Section I1-D), thus we can benefit frdndian diabetes)jver disorders(BUPA liver disorders)satel-
the optimization algorithm that can solve problems with éow lit€ image(StatLog satellite imageyehicle silhouett¢StatLog
and upper bounds defined. Next, the algorithm uses inforn¥ghicle silhouette)vowel Deterding(Vowel Recognition—
tion about the function’s gradient which generally impreveP€terding Data)waveform(waveform database generator—
the convergence speed when compared with algorithms tN&FSion 1). All of the data sets exceipley’s synthetiavere
do not use that information. We provide the gradient to the downloaded from the UCI Machine Learning Repository [17];
BFGS-B algorithm by using a differentiated form of the MSEN€ Ripley’s synthetidiata set was downloaded from [20]. The
function (2). data sets were subjt_ect to the same preprocessing steps as in

The L-BFGS-B algorithm has a few parameters that hay@e original articles (if any).
to be set before its execution. The most important is the ) , ) .
starting point. When executing preliminary experiments, V\F’ Comparison with the Basic Version
have observed that the optimal solution is often located neaWe compared our algorithm that uses two estimators per
the[1, 1]7 bandwidth pair for each class in the standardizatiogtass with a basic version of one estimator per class. For
transformed space. It is worth noting that when considerimgch algorithm and data set combination, we executed a 10-
each vector of parametets corresponding to the class;, times repeated 10-fold cross-validation experiment taiokdn
the error function is symmetrical w.r.t. lingi,a]”,a € R average final result (see Table II). If the data set was aaltyin
(this is because bandwidths for each class are interchbl&jea divided into the training set and the test set, we mergeckthes
Therefore, it is sufficient to explore only one side of theelintwo and executed the experiments on the merged version. For
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TABLE |
DATA SETS USED IN THE EXPERIMENTS

name classes attributes instances training testing source
blood transfusion 2 5 748

Boston housing 3 13 506 [16]
breast cancer 2 9 683 [16]
ecoli 8 7 336

glass 6 5 214 [11]
heart 2 44 267 80 187

image segmentation 7 19 2310 [16]
Indian diabetes 2 7 532 [16]
ionosphere 2 34 351

iris 3 4 150

liver disorders 2 6 345 [16]
Ripley’s synthetic 2 2 1250 250 1000 [11]
satellite image 6 36 6435 4435 2000 [16]
sonar 2 20 208 104 104 [11]
vehicle silhouette 4 18 846 [16]
vowel Deterding 11 10 990 528 462
waveform 3 21 3600 600 3000 [16]
wine 3 13 178

yeast 10 8 1484

the largest data sesdtellite imagg a random subsample ofspace searched by our algorithm contains the feature space
600 instances was used to reduce the experiment time. searched by the basic algorithm. Thus, if we would use a
global optimization method in the both algorithms, than the
TABLE Il optimum of the MSE function found by our algorithm had to
COMPARISON OF AVERAGED CLASSIFICATION be at least as good as the one found by the basic algorithm.
ERROR RATES IN ALGORITHMS WITH ONE AND TWO However, in practice we use a local optimization algorithm
ESTIMATORS PER CLASS - . . .
(namely L-BFGS-B) and it is possible that in a certain case a

data set _ 1 estimator 2 estimators better optimum is found by the basic algorithm. This sitomti
blood transfusion .2231 .2202 ; . . o .
_ is possible only for a MSE function of a specific form which,
Boston housing .2340 .2323 . . .
in turn, depends on geometrical properties of the data set.

breast cancer .0328 .0315 . . o .
ecoli 1357 1324 Another issue worth considering is that some of the obtained
glass 2592 2906 error rate differences are very small (see e.g. results dita d
heart 2087 2094 setsvowel Deterdingandyeastin Table Il) and possibly sta-
image segmentation 0385 0357 tistically insignificant, thus omitting them might be sugtg.
Indian diabetes 2458 2433 Such an approach is criticized in [21, Section 3.1.4] since,
ionosphere 0729 0500 contrary to the popular belief, it leads to unreliable resul
iris 0547 0473 For this reason we include all of the obtained error rates in
liver disorders 4060 3684 our comparison.
Ripley’s synthetic .0959 .1001 On the other hand, differences on some of the data sets are
satellite image 1274 1281 relatively large when compared with an average differeAce.
sonar 1467 1386 relatively large efficacy improvement for algorithm with dw
vehicle silhouette -2926 -2906 KDEs per class can be observed in data detsr disorders
vowel| Deterding 0144 0146 ionosphere wine (the differences are .0376, .0229, .0113,
waveform -1607 -1586 resp.); a relatively large efficacy decrease can be observed
wine 0365 0252 in the glassdata set (the difference is -.0315). The cause of
yeast -3969 3963 these differences are probably certain geometrical ptisser

a random subsample of 600 instances of the data sets—some of them more compatible with the

The results rise an interesting question: why some of tioposed method and some of them less compatible. The task
error rates yielded by our algorithm are worse than the onekidentifying these properties and examining their inflcen
yielded by the basic algorithm? This situation might be eays on the algorithm’s efficacy is a matter of further research.
apart from an inherent randomness of the experiments, byWe compared both algorithms using the Wilcoxson signed-
the method of optimizing the MSE function. The featureanks test as described in [21, Section 3.1.3]. As a re-
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sult, we have found that the difference between algorithms
is statistically significant f =~ .023, confidence interval:

| | | |
[.0006,.0067]), and our algorithm yields better results than Boston housing o | ® o
the basic version. We can conclude this experiment by statin breast Cafl‘CEF 11° . B
that the_ propo_sed algorithm _is a significant improvementove image Segmenggf),s] i ° n
the basic version of one estimator per class. @ Indian diabetes — . -
ot _ liver disorders — (] -
C. Comparison with Literature Results 3 Ripley’s synthetic — ° ~
_ ) ) satellite image | ¢ =
When comparing the performance of our algorithm with ~ sonar *r
those in the literature, we used the results published in vehicle silhouette 7 PR -
[16] and [11]. In [16], the authors compare efficacy of 33 T T 1

classification algorithms (among them: CART, LDA, QDA,
Nearest Neighbor with Mahalanobis distance, LVQ Neural
Network, RBF Neural Network) on various data sets. The raw
error rates that we used in our comparison were retrieved fro
the article appendix available at [22]. In [11], the perfampe Fig. 1. Comparison of the experimental results with therditere results.
of the new algorithm on a few data sets is compared wifffch point corresponds to a quantile position of the exmstimwhen
. . compared with the literature results. We can see that 7teegall in the
the resglts from the I_|terature, all _Of them are used as rﬁﬂge of 50% best results and 4 results fall in the range of B@%t results.
comparison base. During the experiments, we have followedints at quantile 0 correspond to the results that are ad geothe best
the methodology described in the above-mentioned artidgt‘serature result or better; points at quantile 1 corresptm the results that
. are as bad as the worst literature result or worse.
except that we repeated each holdout and cross-validation

experiment 10 times instead of once since our algorithm is
non-deterministic and repeating the experiment sevem&@si ey dimensions. However, the KDE-based classificationltesu

results in a more unbiased efficacy estimation. can be good even though the density estimation is poor (cf.
After obtaining the error rates (misclassification ratemj_ f discussion by Scott in [24, p. 257]). It can be argued thatithi
each data set (see Table Ill), we computed the quantile gt case in our algorithm since we optimize the classificatio
which a given result is situated _vvhen compared with the_ res”éfficacy directly and ignore the density estimation qual@y
from the literature (the quantiles were calculated using thhe other hand, application of the algorithm on some data
ecdf function in the R environment [23]). From Fig.1 Wegets gonar liver disorders Indian diabetesvehicle silhouette
see that 7 results fall in the range of 50% best results angdgkjited in relatively high error rates, but it can be argihed

results fall in the range of 50% worst results; one result Kccording to the no free lunch theorem [1, Section 9.2.1] no
better than the best literature result, and one is worsettig@n single classifier can achieve great results on all problems.

worst literature result.

0.0 0.2 0.4 0.6 0.8 1.0
quantile

IV. CONCLUSION AND FUTURE WORK
TABLE I

COMPARISON OF ALGORITHM S CLASSIFICATION ERROR RATES

A new algorithm based on combination of two KDEs per
WITH LITERATURE RESULTS

class has been introduced. The experiments confirm that it

data set best Ift. 2 estimators” _ worst fit.* achieves better results than the basic version of one KDE
Boston housing 221 232 314 per class. Furthermore, the algorithm performs well when
breast cancer 0278 0315 3370 compared with the results of other algorithms published in
glass %8 275 402 the literature. These results confirm the algorithm’s ptidén
Image segmentation 0221 0357 5150 and applicability, especially in the domains related teadzts
:RZ'?;:;?S::S ;3; ;g: i;g for WhiCh exceptionally good results were optained. .
Ripley's synthetic 090 P 108 It is a matter of further research to examine more detailed
satellte image 098 093 200 properties of the tested data sets.and formulate a geperal
sonar 135 230 291 class of problems where the algorithm performs especially
vehicle silhouette 145 290 487 well. Selecting a better starting point for the minimizatio
waveform 151 178 477 algorithm is also a promising modification. The startingrjoi

could be based on the optimal bandwidth estimations for
™ result of the proposed algorithm with 2 estimators per class the density estimation problem which can be found in the
™ the worst literature result literature (e.g. Sheather-Jones method). Another idea is t
The performance of the algorithm is quite promising wheconduct experiments for more than two KDEs per class and
compared with the results published in the literature. Orbserve the relation between the classification error ard th
can even state that it is surprisingly good, considering thaumber of KDEs. Yet another modification is to use a different
the algorithm is based on KDEs which are known to yieldernel function, e.g. p-Gaussian, and check if the change
poor density estimation results for data sets with more #harsignificantly influences the results.

* the best literature result
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