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Authors consider multi-source location problems, k-means, k-median and k-medoid. Such problems are popular
models in logistics (optimal location of factories, warehouses, transportation hubs etc.) and cluster analysis, approxi-
mation theory, estimation theory, image recognition. Various distance metrics and gauges allow using these models for
clustering various kinds of data: continuous and discrete numeric data, Boolean vectors, documents. Wide area of ap-
plication of such problems leads to growing interest of researchers in Russia and worldwide. In this paper, the authors
propose a new heuristic method for solving such problems which can be used as a standalone local search method
(local search multi-start) or as the main part of a new algorithm based on ideas of the probability changing method.
For the parameters self-tuning of such algorithm, the authors propose new meta-heuristic which allows using new algo-
rithm without learning specific features of each solved problem. Algorithms were tested on various data sets of size up
to 160000 data vectors from the UCI repository and real data of semiconductor devices examination. For testing pur-
poses, various distance metrics were used. Computational experiments showed the high efficiency of new algorithms in
comparison with local search methods used traditionally for the considered problems. In addition, results were com-
pared with the evolutionary methods and a deterministic algorithm based on the Information Bottleneck Clustering
method. Such comparison illustrated the ability of new algorithms to reach higher preciseness of the results in reason-
able time.
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Paccmampusaiomes 3a0auu mHosicecmeenno2o pasmewenus — k-cpednux, k-meduannas u 3aoaua k-meooud. /lan-
Hble 3a0a4u HAXO0O0SM WUPOKOe NPUMEHEHUE KAK 8 KAuecmee JOSUCUYecKUX Mooenel ONMuMAIbHO20 pasMeweHus
CKa008, NPOU3600CME, MPAHCROPMHBIX Y3106 U M. 0., MAK U ONOCPEO0BAHHO — 8 Kayecmeae Hauboee NONYIApHbIX MO-
Oenell KNAcmepHo20 aHAIU3A, A8MOMAMUYECKOU SPYNNUPOBKU, MeopUU annpoKCUMAayuu, meopuu oyYeHusaHus, pacno-
3Hasanusi 06pazos. Ilpu 5mom Ucnoib306anue pasiuuHbIX MEMPUK PACCMOSHUSL UTU Mep CXO0CMBa NO380JAem npume-
HMb OAHHbIE 3A0ayU 8 Kauecmee MoOeiell agmoMAmuyecKoli 2pynnuposKu OaHHbIX CAMOll pa3HO0OPA3HOT NPUPOObL:
Henpepbi6HbIX U OUCKPEMHBIX YUCTIOBbIX OAHHBIX, BeKMOPO8 OYNedblX 3HaueHull, 0okymenmos. Lllupomotl obnacmu npu-
MEHEHUsL PACCMAMPUBAEMBIX 3a0aY ONPeOeiemcs 603PACMAOWULl UHMeEPeC K HUM CO CHOPOHbL KAK POCCULICKUX, MAK
u 3apybexcnvix uccireoogamerneil. llpednodcen HOBbIU I8pUCMUYECKULl MeMOO peuieHus Mmakux 3a0ay, Komopbili
MOICEM NPUMEHSIMbCSL KAK 8 KAYeCmee CamoCmosimensHo20 al2opumma J0KANbHO20 HOUCKA (MYTbIMUCMapm J10Kalb-
HO20 NOUCKA), MAK U 8 COCMABe HOBO20 ANI2OPUMMA, UCNONLIVIOWE20 UdeU Memood USMEHSIOWUXCS 6EPOSIMHOCMEN
(MUBEP). JIna aemomamuueckol Hacmpouxky napamemposd ancopumma cxemwvi MUBEP npeonoswcena nosas memads-
PpUCMUKA, NO360AIOWAsL UCNONIb308AMb PA3PADOMAHHBIN ANOPUMM 6e3 Nped8apumenbHO20 aHaIu3a 0cobeHHocmel
KOHKpemHoU 3a0ayu. Paboma ancopummos npomecmuposana Ha pasiuyHblX HAOOPAX OAHHBIX PA3MEPHOCHIBIO
0o 160000 sexmopoeé dannbix. B xauecmee mecmogvix npumepos ucnonb3068anbl KAK MUnogvle HAOopvl OAHHBIX U3 pe-
nosumopus UCI, max u peanvuvie OanHble OMOPAKOBOUHBIX UCHBIMAHULL NOTYNPOBOOHUKOBLIX npubopos. Ilpu smom
ObLIU UCNONIBL306ANBL PAZTUYHBLE MEMPUKU PACCMOAHUS. DKCNEPUMEHMbL HOKA3bIBAIOM BbICOKYIO (P hexmusnocms Ho-
BbIX AI2OPUMMOG 8 CPABHEHUU C MPAOUYUOHHLIMU OIsI OAHHBIX 3a0a¥ Memodamu I0KaIbHo20 noucka. IIpogedeno
CpagHeHUe HOBbIX ANROPUMMOE C HEKOMOPbIMU 3GOTIOYUOHHBIMU ANCOPUMMAMU, A MAKdice ¢ OemepMUHUPOBAHHBIM
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aneopummom, peanuzyrowum memoo Information Bottleneck Clustering («ungopmayuonnoeo 6ymuliouHoeo 2opaviukay),
NOKA3AHA CNOCOOHOCMb HOBbIX AN2OPUMMOE Jocmueams 6ojee 6bICOKOU MOYHOCMU NONYYAEMbIX Pe3VIbmamos

3a npuemiemoe e6pems.

Kniouesvie cnosa: p-meduannas 3adaua, k-medouod, k-cpeonux, memoo «unpopmMayuoHHo20 6YMbLIOYHO20 2OPILIUUKAY.

Introduction. The k-means problem is one of the
classical problems of the continuous location theory [1-3].
The aim of this problem is searching for & points (cluster
centers, centroids, medoids) in a d-dimensional space
such that the sum of distances from each of given points
called demand points, data vectors etc. reaches its
minimum:

F(X,, ..

. 2 (D)
Xs o XkERd Zi]\ilmlnXe{Xl, " Xk} ||A7 _X||2'

Squared Euclidean distances and distance metrics
based on the Euclidean norm is most commonly used as
the distance gauge [1]. However, usage of the rectilinear
(rectangle, Manhattan) metric [4] allows to obtain results
(coordinates of each center) of the same accuracy
(quantity of decimal digits) as given data vectors. In this
case, value of each coordinate coincides with one of
corresponding coordinates of data vectors [3; 5].
Moreover, using rectilinear metric reduces the influence
of the outliers represent some non-standard data vectors
or improperly measured values. Another approach leading
to the results of the same accuracy as the initial data is
solving k-medoids problem [6; 7]. In this case, searching
for cluster centers (points minimizing the total distance) is
performed on the set of data vectors only.

9Xk):

= argmin

In (1), we have a problem with “classical” squared
Euclidean distance. However, other metrics or gauges can
be used. Let us denote the distance between X and Y as
L(X, Y). The k-means problem and the k-medoids problem
are special cases of the p-median (k-median) problem:

F(X), ., X)) = o

. N .
sargmin, Zi_l Wy min gy Xk}L(A,-,X).

Here, w; > 0 are weight coefficients. In the case of
k-means problem, all w; = 1.
The k-medoids problem can be stated as follows:

F(Xy, oy Xp)=argming  poop 40X

N .
X W miny . yo L (4, X).

Known methods. The most commonly used algorithms
for solving k-means problem include the ALA procedure
(Alternating Location-Allocation) which repeats two
simple steps:

Algorithm 1. ALA procedure.

Required: data vectors A4,...4y, k initial cluster centers
Xi...X;.

1. For each center X;, define its cluster C; as the sub-
set of data vectors having closest center X;.

2. For each cluster C;, recalculate its center X;:

X; =argmin Y w,L(X,Y).
X veG
3. Repeat from Step 1 is steps 1, 2 made any changes.

This procedure can be used for solving continuous
k-median, k-means and k-medoids problems. In the
general case of k-medoids problem, for calculating new
cluster center, enumeration of all cluster members
is needed. Faster similar local search procedures exist
[8-10], however, they do not guarantee an exact solution.

The “classical” k-means method with squared Euclid-
ean distances (/,”) has an important advantage. In this
case, new cluster center recalculation is a simplest task
solved in a single step. An average (weighted average)
value of each coordinate in the cluster is the correspond-
ing coordinate value of the center [1]. If ith cluster center
X; = (xi1, ..., X;i4) 1S a d-dimensional vector and data vec-
tors 4; = (a;y, ..., a;4), j=1,N are also d-dimensional
vectors then new center of ith cluster for the k-median
problem is [1]:

X'k :Zyec,-"viyk /ZWi,k:L_d.

If the ALA procedure runs with the rectilinear metric
(1}) then the value of each cluster center coordinate is cal-
culated separately as median (weighted median) value
of the corresponding coordinate of data vectors which
are cluster members. Such procedure can be described
as follows.

Algorithm 2. Calculating ith cluster center (median)
with the /; metric.

1. For each k=1,_d:
1.1. Arrange data vectors 4, =(aj,1, s aj!d)e C; in

3 U U
ascending order. Denote such sequence a'y,, ..., a Ik

Here |Ci| is the power of a set.

1.2. Calculate m :PC%} Store x';, =a',, .. Here,

square brackets mean integer part.
1.3.Repeat 1.

2. Return X, =(x‘l.,1, s x‘i’d).

Except several special cases, k~-means, k-medoids and
k-median problems are NP hard problems requiring global
search [11].

The result of the ALA procedure depends on selection
of the initial centers. Usually, initial centers are selected
among data vectors. The k-means++ procedure [12] is
preferred in comparison with the chaotic selection of the
initial centers. The k-means++ procedure guarantees accu-
racy O(log(p)). However, such accuracy cannot be ac-
ceptable for most practically important problems. In this
case, various initial centers recombination techniques are
used.

Authors propose many techniques optimizing the
ALA procedure: sampling [13] (solving a simplified prob-
lem on a randomly selected subset of data vectors and
using the result as the initial solution for solving the
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initial problem), various streaming algorithms for running
on big data [14] etc.

Dependence of the ALA and other local search proce-
dures on the given initial data embarrasses the reproduci-
bility of the results: the same data vectors can belong to
different clusters or the same cluster depending on chosen
initial centers. Thus, problem of developing an algorithm
resulting in precise and stable result is needed.

Perfect results of clustering and classification prob-
lems can be obtained by using the Information Bottleneck
Clustering method (IBC) [15]. Running this algorithm
starts with considering each data vector as a separate clus-
ter. Then superfluous clusters are eliminated one by one
unless we have k clusters. Each time, this algorithm
eliminates the cluster center which gives minimal total
distance increase after its elimination. Such algorithms
are extremely slow [15]. Genetic algorithms with greedy
heuristic [16] use the same principles. However, such
algorithms developed initially for solving the k-median
problems on a network are compromise methods which
allow solving bigger problems. Versions of such algo-
rithms described in article [17] can be used for solving
continuous problems. The approach can be described as
follows [2].

Algorithm 3. Genetic algorithm with greedy heuristic
for k-median problems.

Required: Population size N,.

1. Form (randomly with uniform distribution or using
the k-means++ procedure) N, different initial solutions

Zis s X, c{LN}, |x| =kvi=1LN,. Each of such

solutions is a subset of power k used as an initial solution
of the ALA procedure. Here and after, for each of the

initial solutions, the fitness function F

fitness

(x) is evaluated

by Algorithm 4. Resulting values are stored in variables
fir oo [ N,

2. If the stop condition is reached the STOP. The
result is the initial solution y » having the minimal corre-

sponding value f;. For finding the final solution, Algo-
rithm 1 runs again.

3. Select
ky #k,.

4. Form an interim solution , = Xty Xk -

randomly two indexes k;,k, € (LN},

5. If |xc|> k then go to step 7.

6. Calculate j*=arg I,Ielin Finess (X U}) - Eliminate j*
from %, : X%, =% 14"}, Go to step 5.

7. 1If Jie {m} I =X then go to step 2.

8. Select index &, e{m} as follows. Select ran-
domly two indexes k,,ks e{LN}. If Ji, > Jig then
ky=k, else ky =k, .

9. Replace Xk and corresponding fitness function

value: Xk3 X > fk3 = Fﬁt&1ess (Xc ) . Go to Step 2.

Steps 5, 6 of this algorithm realize so called greedy
heuristic eliminating sequentially the centers from the
interim solution.

Analogous greedy heuristic was proposed in 1963 by
Kuehn and Hamburger [18]. The Information Bottleneck
Clustering method is based on the same principle of
sequential cluster elimination [15]. Both method of Kuehn
and Hamburger and the IBC method form the initial
unfeasible solution as the set of all data vectors.

The fitness function can be evaluated as follows:

Algorithm 4. Calculating fitness function Fj,. (%) -

Required: initial solution ¥ .

1. Run Algorithm 1 from initial centers {4;|i<€¥y},
form set {X, ..., Xp} of centers.

2. Return F,,. (x) =2 15w min L(X;,4,).
’ Jell.p}

Using this algorithm requires much computational
resources. An alternative approach [17] is using the total
distance (2) immediately as the fitness function
in Algorithm 3. In this case, step 1 of Algorithm 4 is
omitted. Actually, this approach solves the k-medoid
problem and uses its solution as the initial centers set of
the ALA procedure at the final iteration of the greedy
heuristic. Such approach reduces the computational
complexity, however, it reduces the accuracy.

An indisputable advantage of the Information
Bottleneck Clustering method is its determinancy: this
method does not use any random values, thus, each run
results in the same result. In general case, if an algorithm
uses random values, the precise reproduction of the
results is impossible. Using the IBC method slows down
the computation utterly. Thus, development of an
algorithm giving sufficiently precise results is important
for solving many practical problems.

In [3], authors propose a modification of the greedy
heuristic used at step 6 of Algorithm 3. In this case, sets
of points representing cluster centers in d-dimensional
space are used as an alphabet of the genetic algorithm
instead of the sets of data vector indexes. Authors call
such modification Genetic Algorithm with Floating Point
Alphabet. Results of the genetic algorithm, with this new
heuristic are significantly more precise than the results of
the modification proposed in [17] (k-problem solution, in
fact). At the same time, iterations of Algorithm 3 with this
heuristic can be performed faster in comparison with
using Algorithm 4. Moreover, abrupt decrease of the
computational complexity of step 6 of Algorithm 3 allows
using this algorithm for large-scale problems: in [3],
authors present results for problems up to 560000 data
vectors. Such heuristic can be described as follows [3].

Algorithm 5. Greedy heuristic for the genetic
algorithm with floating point alphabet used instead of
steps 4—7 of Algorithm 3).

Required: set of data vectors V' =(4,, ..., 4Ay) € Rd,

quantity k of clusters, two “parent” sets of centers Xk,
and yy, , parameter a.
1. Set %, =Xty Y, - Run ALA procedure from

initial set of centers y,. . Store the result to y,. .
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2. If |Xc| =k then start the ALA procesure from the

initial solution , then STOP and return the result ¥, .

3. Calculate distance from each data vector to the
nearest center in y,, :

d;=min L(X,4,)Vi=1,N.

Xey,
Form clusters around centers y,. :
C, =argminL(X, 4;) Vi =1,N.
Xeye

Calculate distances from each data vector to the
second closest center in set . :

d;= min L(Y,4)Vi=1N.
=y A
4. For  ezch  center Xey., calculate

Oy = F(Xc \{X}) = Zi;Xeq (D; —d,).

5. Calculate ny = max{ [a( x.|—k) ] .1 } Sort
values 38, in ascending order and select subset
Yelim :{Xl, - Xnﬁ} of n; data vectors with minimal
values &y .

6. For each e{ 2,|xe“m|} :if g e{ 1,(j—1)} :
L(X i X q)< L., then remove X; from set y,;, . Here,

L. = min{ max{ L(X,X,),L(X.X,) | }

mij XEZC
7. Store ¥, =%, \Yelim -
8. Rearrange the data vectors to the closest centers:

Cl.* :argminL(X,Ai) Vi =l,_N.

Xexe
9. For each X gy, : if Elie{l,_N}: C;, = X and

C’ #X then recalculate center X of cluster

Cj(hm :{ A |Cz* :X,i:l’_]\/} . Store . :(Xc\{ X*} )U{X} ’

10. Go to step 2.

Here, an importan parameter o determines the part of
superfluous centers eliminated in a single iteration.
Autrors [3] propose value 0.2. Higher values accelerate
the algorithm but reduce the preciseness. Small values
lead to eliminating the centers one-by-one in accordance
with Algorithm 4. In this paper, we used value 0.25.

Iterations of this heuristic combine the fast greedy
heuristic [16; 17; 19] eliminating up to 20-25 %
superfluous centers with an iteration of the modified ALA
procedure. Algorithm 4 requires p(ko-k) runs of the ALA
procedure (here, ky is quantity of initial centers),
Algorithm 5 reduces number of iterations down to
O(log(ky—k)). Moreover, each iteration does not require
running the whole ALA procedure. Instead, only its
separate optimized steps (location — allocation) are
performed.
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Obviously, if kyp = N then Algorithm 5 is similar with
the Information Bottleneck Clustering: number of centers
(and clusters) at the first iteration coincides with the
number of data vectors. Moreoved, if &y = N is not
random. Thus, a simple deterministic algorithm can be
constructed [20].

Algorithm 6. Deterministic algorithm with greedy
heuristic.

Required: set of data vectors V =(4,,...,4y) € R? s
number of clusters k, parameter o.
1. Set x.=V.

2. Start Algorithm 5 from step 2.

Table shows somparison of results of various
algorithms. This algorithm is deterministic but not very
precise.

New algorithms. Deterministic Algorithm 6 is a

special case of Algorithm 6 with initial value |xc| =N.

The crossover procedure of the genetic algorithm with
floating point (Algorithm 5) starts from a joint interim
solution 1y, =%k, Ik - If £ << N then in most cases

(at least at the initial iterations of the GA), elements of the
“parent” sets Xk, and Xk, do not coincide and Algorithm
5 has |xc| =2k at its initial iteration. In [21; 22], authors

propose various efficient modifications of the greedy
heuristic for genetic algorithm with partial joining of the

x| €{(k+1),2¢} . The GA

“parent” sets. In this case,

with recombination of fixed length subsets [10] operates
sets of power k only. All listed algorithms are most
efficient for different problem classes. Thus, depending

on problem class, various power |xc| of the initial

solution can be optimal.
Let us denote quantity of centers in the initial solution

as Ky = |xc| and a ratio of the superfluous centers
to k;,;; as
Bz(kim-t—k)/k.

Greedy heuristic in its original form (steps 4-7 of
Algorithm 3) and modified form with floating point
alphabet (Algorithm 5) can be used as a standalone
method for solving the problem. An algorithm can be
described as follows.

Algorithm 7. Greedy heuristic method with multistart.

Required: sed of data vectors V' =(4,, ..., 4y) € R?,
number k of clusters, parameters a and f3.
1. Calculate k;,; =k +ﬂ3k—| . Select randomly subset

X €V of power k.

2. Start Algorithm 5 from step 2.

3. Check the stop conditions and repeat from step 1.

Such approach requires indicating the value of
parameter 3. Results given in table (see algorithm “GH”)
show the importance of this parameter.

Let us consider a known method of solving pseudo-
Boolean optimization problems, Probability Changing
Method [23-25]. The main idea of this method is
selecting elements from some given set randomly in
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accordance with the probability vector depending on
previously aclieved results. An algorithm based on this
method was proposed for solving the p-median problem
on a network [26; 27]. However, such algorithm has very
slow convergence and can be used as an aiding method
for the genetic algorithm [26]. Similar algorithm can be
used for approximate solution of the k-median problem
with an arbitrary distance function [28]. Inclusion of the
greedy heuristic into the Probability Changing Method
leads to new efficient algorithm:

Algorithm 8. Adaptive greedy heuristic method for
continuous location problems.

1. Set equal values of probabilities p; =1 /N for all

i=L,N.Setp=0.5.

2. Foreach j=LN,, do:

2.1. Copy the probabilities g; = p; for all i :I,_N. Set
X = . Generate randomly re [0;2) with uniform
distribution. Calculate ,,;, =k +|prk |.

2.2. While |y, | <k, do:

init
2.2.1. Generate random Q € [0; Zfil qi) with uniform

distribution. Set S=0;/=1.

22.2. While S+¢q;<Qdo: S=S8+g;; [ =1+ 1; repeat
2.2.2.

2.2.3. Set 3. =x. V{4 }; setq,=0.

2.2.4. Repeat 2.2.

2.3. Copy the initial set &, =y, .

2.4. Start Algorithm 5 from step 2. Store the result
f; =F(x.); sety; =%.: B; = (ki — k) k .

2.5. Next iteration 2.

2
Npop Bj<Npop—nj)
B=B> — s
J=l Zl:llmp (N pop 1 ) = Bj
here, n; is the number of value f; in an ascending sequence
os these values.
If 48k > N thenset p=N/4k .

4. Chose index b having minimal corresponding value
f» and index w having maximal f,.

5. For each i:I,_N do:
5.1.If 4, €&, and 4, ¢&,, thenset p; =7 p;. Else if

A €&, and 4 ¢&, then p,=p,/y.

5.2. Next iteration 5.

6. Check the stop conditions and repeat step 2.

This algorithm requires indicating values of
parameters N,,, (population size) and 7y (probability
change coefficient). Small populations are enough for this
algorithm. We used N,,, = 9 and v = 1,1. Parameter B is
adjusted with special meta-heuristic (step 3).

New algorithms and the deterministic algorithm with
greedy heuristic [20] have an important feature. Many
clustering problems (see for example [19]) are
decomposed into series of k-means problems with

k=k_ .,k 1 (the whole data set is

supposed to be a single cluster) and k., is equal to some
reasonable value. Algorithm 6 can be used for a problem
with k£ = kp,x and then Algorithm 5 from step 2 can be

3. Calculate

where ki, =

321

started again for obtaining other results down to k& = kyp.

Thus, all results for k =k, ,k,,, can be obtained in a

single loop.

Computational results. For testing new methods, we
used data sets from the UCI repository [29], real data of
examination of the EEE components [19] and randomly
generated points on a plane with uniform distribution.
Some results are given in table. For comparison purposes,
we solved the problems with Information Bottleneck
Clustering method [15; 20], deterministic algorithm with
greedy heuristic [20], the genetic algorithm for p-median
and p-medoids problems based on recombination of fixed
length subsets [10], the genetic algorithm with classical
crossover procedure and the genetic algorithm with
greedy heuristic and floating point alphabet for continu-
ous p-median problem [3]. Computational tests show high
efficiency of new algorithms. In many cases, new adap-
tive algorithm shows the best results.

In many cases, a single start of the greedy heuristic
cannot be completed within the given time limit. Running
time of the algorithm depends on parameter . In such
cases, table contains dashes. Problems with data sets are
not solved with deterministic algorithms either due to
huge amount of time needed.

The optimal value of parameter o remains an open
question. Note that if a = 0.001 then centers are elimi-
nated from the interim solution one-by-one in accordance
with the original greedy heuristic. For the deterministic
algorithm with greedy heuristic [20], value o = 0.25 guar-
antees faster result (not the most precise) in accordance
with results obtained with o = 0.001. In the case of sto-
chastic algorithm, it is not easy to foresee which value
leads to better result in reasonable time. As we can see in
table, data vectors quantity (compare data sets MissA-
merical, BIRCH3 and examination of diodes) and metric
do not determine the optimal value of this parameter.
Developing a meta-heuristic algorithms adjusting this
parameter seems to be promising. Adjusting parameter o
with fixed value of B can be easily performed. Simulta-
neous adjustment of both parameters requires factor
analysis for evaluating the influence of each parameter on
the results. Thus, developing a co-evolutionary algorithm
with two concurrent populations having different fixed
values of parameter o seems to be simpler. An example
of analogous algorithm with concurrent populations evolving
with various bionic algorithms was proposed in [30].

Nevertheless, it is obvious that new adaptive algo-
rithm allows to obtain better results than multiple start
of the ALA procedure and multiple start of the greedy
heuristic with fixed .

Used algorithms: “ALA” is ALA procedure multistart;
“GA-MIX” is genetic algorithm with fixed length subsets
recombination [10]; “GA-GHFP” is genetic algorithm
with greedy heuristic and floating point alphabet [3];
“GA-classic” is GA with classical recombination, “IBC”
is Information Bottleneck Clustering [15; 20]; “Determ.
GH?” is deterministic algorithm with greedy heuristic [20];
“GH” is new Algorithm 7; “GL” is multistart of the origi-
nal greedy heuristic with local search (steps 4-7 of Algo-
rithm 3 at o = 0.001 or steps 4—7 of Algorithm 3 with fast
elimination of centers from the interim solution similar
with steps 5—7 of algorithm 5 at a = 0.25); “GH” adapt is
adaptive greedy heuristic (Algorithm 8). If no result was
achieved within specified time limit, the table contains
a dash.
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Results of various methods

Data set, number Number of Algorithm Time, sec. | Average result of 30 runs: Std. deviation
of data vectors, clusters £, total distance (2) F(X, ..., X)) of the result (30 runs)
dimension, metric, Parameter Parameter Parameter Parameter
data type problem type a=0.25 o =0.001 o=0.25 o= 0.001

Examination tests of |30, ,° nor- ALA 15 4896.913 9.41069
diode, N=701, med. GA-MIX 15 4867.103 2.13825
d =18, real GA-GHFP 15 4810.655 1.37712
GA-classic 15 4882.609 8.51498

IBC 989.3 4887.930 Determ.

k-means Determ. GH 0.02/0.9 4890.675 4888.21 Determ. Determ.

GH, B=0.5 15 4855.235 4855.534 12.9294 7.6843

GH,B=1 15 4835.241 4825.410 4.0288 6.4184

GH,pB=3 15 4834.817 4821.546 7.6421 5.2087

GLB=0.5 15 4854.183 4853.432 10.848 8.8929

GL,B=1 15 4839.104 4829.781 2.8491 3.1062

GL,B3=3 15 4836.167 4820.190 4.1217 3.1191

GH adapt. 15 4827.753 4832.583 1.3607 1.6819

BreastCancer (UCI), (20, Jaccard, |ALA 5 184.1 0.8725
N=699,d=10, GA-MIX 5 172.81 0.3650
cathegories GA-GHFP 5 172.62 0.0787
GA-classic 5 182.98 1.0415

IBC 370.16 Determ. Determ.

k-medoids Determ. GH 0.4/0.7 175.2 175.7 Determ. Determ.

GH, B=0.5 5 181.95 181.62 0.816 0.453

GH,B=1 5 177.10 177.77 1.108 0.513

GH,pB=3 5 175.00 175.63 0.155 0.755

GLB=0.5 5 183.93 184.43 0.859 2.312

GL,B=1 5 181.43 181.60 3.163 1.012

GL,B=3 5 - - - -

GH adapt. 5 175.39 175.67 1.741 0.468

Ionosphere (UCI), (20, /,, ALA 4 2530.40 2.117
N=351,d=10, real GA-MIX 4 2526.77 0.0257
GA-GHFP 4 2527.00 0.0082

GA-classic 4 2526.93 0.1302

IBC 370.16 Determ. Determ.

k-means Determ. GH 0.03/0.2 2531.03 2533.31 Determ. Determ.

GH, B=0.5 4 2526.81 2526.79 0.0286 0.0222

GH,B=1 4 2526.85 2526.81 0.0816 0.0222

GH,pB=3 4 2526.86 2526.92 0.0821 0.1100

GLB=0.5 4 2528.02 2527.83 0.4523 0.5249

GL,B=1 4 2528.33 2527.92 0.9843 0.7072

GL,B=3 4 2528.99 2529.99 1.0165 0.8595

GH adapt. 4 2526.79 2526.79 0.0231 0.0205

BIRCH3 (UCI), 100, 1,7, ALA 60 3.825-10"7 3.060-10"
N =100000, d =2, GA-MIX 60 3.886-10" 5.155-10"!
real GA-GHFP 60 3.751-10" 0.878:10"
GA-classic 60 - -

IBC 86400 - -

k-means Determ. GH 86400 - — — -

GH,p=0.5 60| 3.832:10°|  3.735-10"|  5.359-10" 0.759-10"

GH, B=1 60| 3.827-10" - 4.017-10" -

GH,p=3 60 - - - -

GLB=0.5 60 - - - -

GL,B=1 60 - - - -

GL,B=3 60 — — — —

GH adapt. 60| 3.772:10%|  3.722-10%|  3.802:10" 0.216:10""

MissAmerical 100, 1,7, ALA 60 717488.7 1107.24
(UCI), N = 6400, GA-MIX 60 698055.6 460.62
d =16, real GA-GHFP 60 698054.5 406.42
GA-classic 60 714946.3 685.23

IBC 86400 - -

k-means Determ. GH 93/9977 703786.4 707529.5 Determ. Determ.

GH,B=0.5 60 714287.9 713244.8 499.037 2263.9

GH,B=1 60 705838.9 - 334.656 -

GH,pB=3 60 709468.4 - 195.671 -

GLB=0.5 60 - - - -

GL,B=1 60 - - - -

GL,B=3 60 - - - -

GH adapt. 60 702860.8 708239.0 576.207 781.084
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Completion of table
Data set, number Number of Algorithm Time, sec. | Average result of 30 runs: Std. deviation
of data vectors, clusters £, total distance (2) F(X, ..., X)) of the result (30 runs)
dimension, metric, Parameter Parameter Parameter Parameter
data type problem type a=0.25 o =0.001 o=0.25 o=0.001
Generated problem, |20, metric ALA 4 4461.24 25.9199
N=1500,d=2,real |based on GA-MIX 4 4509.49 14.4368
angular, GA-GHFP 4 4326.72 4.7587
distances, k- |GA-classic 4 4392.95 79.6913
median IBC 3141 4381.34 Determ.
Determ. GH 4.9/23.5 4377.12 4376.43 Determ. Determ.
GH,B=0.5 4 4350.36 4378.30 15.1717 15.4234
GH,B=1 4 4333.02 4371.50 5.8614 38.5620
GH,B=3 4 4389.32 - 22.5053 -
GLB=0.5 4 4428.97 4453.65 59.4167 34.3130
GL,B=1 4 4379.42 4359.41 46.1732 22.5052
GL,B=3 4 4429.37 - 78.2398 -
GH adapt. 4 4313.67 4309.43 3.7077 1.4427

Conclusion. The greedy heuristic method can be used
as a standalone random stochastic or deterministic [20]
method for solving continuous k-median, k-mean and
k-medoids problems and as a recombination method in
genetic algorithms [3; 19; 21]. More precise results can be
achieved in appropriate time by using the modified greedy
heuristic in a self-adjusting algorithm based on ideas of
the probability changing method.
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