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ABSTRACT
In this paper, we compare Particle Swarm Optimization
(PSO) algorithms for classification based on clustering. Clus-
tering is presented within the proposed PSO algorithms as
an optimization problem, and captured in a so called fitness
function. Clusters are presented with centers that should
represent the classes hidden in data. With the help of PSO
algorithms and proper fitness function, we optimize centers
of the clusters. Because clustering belongs to a field of unsu-
pervised learning methods, we redefine the clustering prob-
lem to supervised learning with a new fitness function that
helps PSO algorithms in finding clusters centers that can
classify instances of data to the right class. Two experiments
are performed in our study. In the former, various fitness
functions for classification based on clustering are tested.
The latter measures the performance of PSO algorithms us-
ing the best fitness function from the first experiment. For
testing the PSO algorithms, we use three different datasets.
Friedman non-parametric statistical test, and Nemenyi and
Wilcoxon post-hoc tests are conducted to properly compare
the PSO algorithms.

Categories and Subject Descriptors
I.5.3 [Pattern recognition]: Clustering; G.1.6 [Numerical
analysis]: Optimization

Keywords
clustering optimization, classification, particle swarm opti-
mization, statistical comparison

1. INTRODUCTION
In many fields, including physics, bioinformatics, engineer-
ing and economics, we can encounter problems, where from
a plethora of solutions we are interested in finding the most
suitable. These so called optimization problems (OPs) can
be sub-categorized into: discrete, continuous, and/or mixed-
variable problems [18]. The difference between three men-
tioned groups of OPs are the type of variables in their solu-
tion space. Discrete problems work with discrete variables
that are elements of N+ set, continuous problems have vari-
ables with elements of R set, while the mixed-variable prob-
lems can capture variables of both aforementioned sets.

Since we are usually limited by various computational re-
sources (e.g., computational power and space, problem’s
constraints), the complexity of OPs are increased and there-
fore we are forced to be satisfied with a ”good enough” so-
lutions for the real-world application. Definition of a ”good
enough” depends exclusively on the type of a problem. Ma-
jority of the OPs have a huge, yet finite solution spaces,
which can be solved approximately using meta-heuristics.
In our work we are focused on meta-heuristics algorithms
that are inspired by nature and are a part of Swarm Intel-
ligence (SI) algorithms [4]. From the field of SI algorithms,
we use be using PSO algorithms.

In this work, we are focused on minimization of single-objective
OPs that can be defined mathematically, as follows:

f
(
x∗
)
≤ min

x∈Ω
f (x) , (1)

where f : RD 7→ R represents the fitness function of the
problem to be solved, x is D dimensional vector consisting
of problem variables and x∗ is a global minimum or the best
solution of the problem. The fitness function f is realized as
a mathematical formula or a set of empirical data that refer
to the problem of interest. In order to make the problem
simpler, we demand that the solutions should be in some
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feasible space, written mathematically as x ∈ Ω. In our
case, the feasible space Ω is determined by the upper and
lower bounds of their corresponding problem variables.

Classification is a process of labeling data based on some at-
tributes to the right type of information or to the right class.
Clustering is a process of searching for centers of groups so
called clusters that have very similar data instances. With
clustering, we can find cluster centers that can be used for
classification. The K-means algorithm is one of the most
well known algorithms for clustering [9]. Unfortunately, it
has two major defects: (1) the number of clusters must be
known in advance, and (2) bad initial centers of clusters can
degrades the performance. Because of those defects, many
meta-heuristic algorithms have been used for clustering, like
Big Bang–Big Crunch Algorithm (BBBCA) [8], Black Hole
(BH) [7], Gravitational Search Algorithm (GSA) [6], and
many others.

The rest of the paper is organized as follows: In Section 2
PSO algorithms used in our work are presented. Section 3
defines the clustering problem and presents some fitness
function suitable for clustering with PSO algorithms. Sec-
tion 4 shows the results of two experiments: The former
based on usage of various fitness functions, while the lat-
ter compares different algorithms for classification based on
clustering. Finally, in Section 5, we conclude our paper with
summarizing the performed work and provide some direc-
tions for feature work.

2. PARTICLE SWARM OPTIMIZATION
PSO is an optimization algorithm for solving problems which
solutions variables are elements of R. The basic PSO algo-
rithm was presented by Kennedy and Eberhart in 1995 [10].
Individual in PSO algorithms is presented as a particle that
has current position, personal best position and velocity. In
each generation the PSO algorithm goes over the whole pop-
ulation and for each particle first updates it’s velocity based
on the following expression:

v
(t+1)
i = ω(t+1) × v

(t)
i + c1 × r1 ⊗

(
x

(t)
pb,i − x

(t)
i

)
+ c2 × r2 ⊗

(
x

(t)
gb − x

(t)
i

)
,

(2)

where ⊗ represents element wise multiplication, r1 and r2

have uniform random distributed values with D components

∈ [0, 1], ω(t+1) is an inertia weight, v
(t)
i is a vector represent-

ing i-th particle velocity at time t and v
(t+1)
i represents new

velocity for particle i. Factors c1 and c2 represent social and
cognitive learning rates respectively. After the velocity up-
dating is done, the updating of particle position takes place
as follows:

x
(t+1)
i = x

(t)
i + v

(t+1)
i . (3)

After particle updates its position, the personal best po-
sition, and the global best positions are update based on
fitness value.

Opposition-base learning and velocity clamping are two fun-
damental phases of Opposition-Based Particle Swarm Opti-
mization with Velocity Clamping algorithm (OVCPSO) de-
fined in [16]. In the OVCPSO algorithm, opposition-based
learning phase [19] is used for calculating the opposite par-

ticle x′i as follows:

x′i = xmax + xmin − xi. (4)

Opposition-based learning phase in OVCPSO consists of
calculating opposite particles swarm X′ then creating an
union between original and opposite swarm of particle as
X′′ = X ∪X′. And the last step of opposition-based learn-
ing phase is to select N best particles based on the fitness
values of particles in X′′ that will present our new swarm
of particles. The OVCPSO algorithm has velocity clamping
operator that repairs the velocity of particles if the velocity
exceeds some maximum velocity.

One of the the variations of PSO algorithm that we used
in our work is Mutated Centered Unified Particle Swam
Optimization (MCUPSO) algorithm described in [20]. The
MCUPSO algorithm uses two additional operators that are
centering and mutation. Centering operator was described
in the CPSO algorithm [12] and mutation operator was de-
fined in Mutated Particle Swarm Optimization (MPSO) al-
gorithm [17]. Both operators are executed at the end of the
algorithm generation. The MCUPSO algorithm has a new
equation for velocity updating defined as:

v
(t+1)
i = ω(t+1) × v

(t)
i

+ c1 × r1 ⊗
(
x

(t)
pb,i − x

(t)
i

)
⊗ r3

+ c2 × r2 ⊗
(
x

(t)
gb − x

(t)
i

)
⊗ (1− r3) ,

(5)

where r3 is a D component vector with uniform random
numbers ∈ [0, 1].

Because of the bad performance of the PSO algorithm on
multi-modal OPs, authors in [11] developed a PSO algo-
rithm called Comprehensive Learning Particle Swarm Op-
timizer (CLPSO) algorithm which overcomes this problem.
The CLPSO algorithm uses the basic PSO algorithm with
additional comprehensive learning phase, where comprehen-
sive learning phase uses all personal best positions for up-
dating particles velocity. Particle velocity is update based
on:

v
(t+1)
i = ω(t+1) × v

(t)
i + c× r⊗

(
z− x

(t)
i

)
, (6)

where c is user defined value, r is randomly uniform dis-
tributed vector with number of components equal to num-
ber of components in the solution and z is vector that is
composed from different personal best positions.

In our implementation, we added solution repairing opera-
tor that is executed after the position of particle in updated.
Solution repairing is done based on mirroring back the com-
ponents of the solution that are out of the allowed search
space back into the search space. Mirroring of bad compo-
nents is based on modulo operation.

3. CLUSTERING OPTIMIZATION
Clustering is one of the most important data analysis tech-
niques that involves analysis of multivariate data. It is a
method of unsupervised machine learning for pattern recog-
nition, data mining, supervised machine learning, image anal-
ysis, bioinformatics, prediction, etc. Result of clustering
optimization is centers of clusters, where instances of one
cluster have maximum similarity between each other and
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minimum similarity from instances of the other groups [13].
In Figure 1, a simple clustering problem is presented, where
we can simply find the centers of the clusters. In Figure 2,

7.5 5.0 2.5 0.0 2.5 5.0
a1

10

8

6

4

2

0

a 2
Class 0
Class 1
Class 2

Figure 1: Example of simple clustering dataset

the harder clustering problem is shown, where the centers
for clusters representing Class 0 and Class 2 are not so triv-
ial to find. Clustering problem defined in Figure 2 is quite

0 2 4 6 8
a1

4

2

0

2

a 2

Class 0
Class 1
Class 2

Figure 2: Example of hard clustering dataset

hard to solve with K-means algorithm because mean values
of attributes a1 and a2 are very close for both classes. Even
instances of class 0 and class 2 overlap for both attributes.
Therefore we use optimization to solve the problem of clus-
tering for all three classes represented in Figure 2. For clus-
tering optimization we will need a fitness function that will
guide our PSO algorithms toward optimal solutions in the
search space. In this study, we propose the following fitness
functions for clustering:

• basic clustering function,

• K-means clusters evaluation function,

• K-means clusters evaluation function with penalty func-
tion 1, and

• K-means clusters evaluation function with penalty func-
tion 2.

In the remainder of this section, the proposed fitness func-
tions for clustering optimization are described in more detail.

If we have a dataset as presented in Figure 1, we can use the
basic clustering function, expressed as:

f (O,Z) =

K−1∑
j=0

N−1∑
i=0

wi,j ×‖oi − zj‖2 , (7)

where O is a dataset without data labels, Z represents cen-
ters of clusters, W is a matrix with weights for instances for
each cluster, N is a number of instances in data set O, K
represents a number of clusters in Z and ‖oi − zj‖2 is the
Euclidean distance between instance oi and cluster center
zj . In paper [7] authors added weights W which are in ba-
sic clustering function set to one. Through weights, we can
provide additional information to the PSO algorithms. One
example of weights usage can be with setting the weight wi,j
to one if the instance i belong to cluster j else the weight
is set to zero. Second example of weights usage can be for
fuzzy clustering where weight wi,j has the value ∈ [0, 1].

The second fitness function for clustering optimization is
defined, as follows:

f (z,O) = p (z) +

N−1∑
i=0

K−1

min
j=0

(
wi,j ×‖oi − zj‖2

)
, (8)

where p denotes a penalty function [1]. Optimization func-
tion from Eq. (8) is used for evaluating clusters in the K-
means algorithm [9], where penalty function is not used.

The third fitness function for clustering optimization takes
into account intra-cluster distances, in other words:

p (z) =
∑
∀e∈I

A−1∑
j=0

min

(
rj

K
,max

(
0,

rj

K
−
∣∣ze0,j − ze1,j

∣∣)) , (9)

where rj is calculated with |uj − lj | and presents the intra-
cluster distance between j attributes upper uj and lower lj
limit, A is the number of attributes in one instance and I
is a set containing vectors with two components, that repre-
sents indexes of clusters. Set I is generated with the help of
Alg. 1 which gives pairs of cluster indexes that need to be
checked for intra-cluster distances. The penalty function 1

Algorithm 1: Creating set I for calculating penalty of in-
dividual Z based on cluster distances
Input: K
Output: I

1 I← {};
2 for i← 0 to K − 1 do
3 for j ← 1 to K − i− 1 do
4 if i 6= K − j − 1 then
5 I← {i,K − j − 1};
6 end

7 end

8 end
9 return I;

adds penalty based on intra-clusters distances, which means
if the intra-clusters distance is to small then based on that
distance the solution gets its penalty. The maximum penalty
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that a solution can get is equal to:

A−1∑
i=0

uj − lj
K

, (10)

where the search space is divided into K partitions and every
cluster should be in partition occupied only by one cluster.

In our paper, we introduce the penalty function 2 for clus-
tering, defined as:

p (Z,O, c) =
(
1− a (Z,O, c)

)
×‖u− l‖2 × 2, (11)

where u represents upper limits of the search space, l repre-
sents lower limits of the search space, c represents a vector
of class or class labels of an instances in dataset O, and a is
a function for calculating the accuracy of a given centers Z.
In Eq. (11) we added multiplication factor of two, because
we want to give this penalty a higher weight. Eq. (11) rede-
fines the problem from unsupervised to supervised learning
method, because we added the information of how the in-
stance is classified to the learning method.

4. EXPERIMENTS AND RESULTS
In our work, we performed two separate experiments. The
first experiment, compares the fitness functions for classifi-
cation based on clustering. The second experiment, presents
statistical comparison of used PSO algorithms for classifica-
tion based on clustering with the best fitness function from
our first experiment. Python code of implemented algo-
rithms can be accessed at GitHub 1 and Python code of
experiments can be accessed at GitHub 2.

In our experiments we had to adjust the representation of
the individual so that all operators of PSO algorithms could
work properly. Figure 3 shows an example of an individual
in a population, where z1, · · · , zk represents clusters. Cen-
ters have K components which represent center points for
each attribute of the dataset. Figure 3 shows attributes
centers in form of symbols z1,1, · · · , z1,n for cluster one and
zk,1, · · · , zk,n for cluster k. For all PSO algorithms used in

Figure 3: Example of solution coding

our work, we used 1, 000 solution evaluations as an stopping
criteria.

In our experiments, we used the Friedman non-parametric
statistical test [5], where the hypothesis H0 asserts that
there is no significant statistical differences between algo-
rithms. If the Friedman test rejected H0, then we used the
Nemenyi post-hoc statistical test [14] for calculating critical

1https://github.com/kb2623/NiaPy
2https://github.com/kb2623/NiaPy-examples/tree/
master/clustering_datasets

distances determining, that the results of two algorithms are
significantly different, when their critical distance intervals
do not overlap. To be really confident that the difference be-
tween the results is significant, we ran a Wilcoxon 2-paired
signed-rank test [22]. We present the result of Wilcoxon test
in tables, where character ”+”denotes that the results of two
algorithms are statistically significantly different, while the
character ”∼” shows that the difference between the results
is not statistically significant. For better accuracy of sta-
tistical testing, we used 51 runs. To get a better accuracy
of Friedman tests, we used more then five classifiers in our
second experiment as a rule described in [2].

For comparing the results of our two experiments we used
error rate calculated as:

e (Z,O, c) = 1− a (Z,O, c)

N
, (12)

where O is a dataset, Z represents centers of clusters, N
represents number of instances in a dataset O, c hold the
labels that represent classes for each instance in a dataset
O and a is the function that returns the number of cor-
rectly classified instances of the dataset O based on centers
Z. Before the experiment runs we divided the dataset into
training and validation sets, where the validation set con-
tained 30% of samples of the original dataset. The error
rates that we compared where taken from the validation set
after the optimization process finished. Because of using the
error rate for statistical analysis with a combination of the
Friedman test ranks, we can say that the best algorithm has
the smallest mean rank.

4.1 Fitness function comparison
The first experiment that we conducted was for testing per-
formance of the fitness functions used for classification. In
this test, we used four different fitness functions described
in Section 3 with the standard PSO algorithm [10] and the
K-means algorithm. The K-means algorithm was initialized
with random centers of clusters. For the experiment we gen-
erated a random dataset with four different classes and 500
samples that had nine components or so called attributes.
For dataset generation we used scikt-learn’s [15] function
make_blobs. In the generated dataset each class had 125 in-
stances. Figure 4 is showing significant differences between

10 5 0 5 10
value

a0

a1

a2

a3

a4

a5

a6

a7

a8

at
tri

bu
te

Class

0.0 1.0 2.0 3.0

Figure 4: Samples grouped by class with mean val-
ues for each attribute in generated dataset
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intervals of data values for each class. In some cases mean
values are quite far away form each other. So based on this
information, the generated dataset should not be a hard
problem for clustering.

Table 1: Time of execution for one function evalua-
tion based on selected optimization function

Label Clustering fitness
function

Mean execution
time

Time complexity
(worst)

C Eq. (7) 11.8 µs ± 73.3 ns O (NKA)

CM Eq. (8) with penalty
set to 0

12 µs ± 56.3 ns O
(
KA (N + 1)

)
CMP Eq. (8) with penalty

based on Eq. (9)
46.3 µs ± 270 ns O

(
KA

(
N + K−1

2

))
CC Eq. (8) with penalty

based on Eq. (11)
76.9 ms ± 510 µs O

(
NA (2K + 1)

)

KMeans C CM CMP CC
Optimization functions

1.0

1.5

2.0

2.5

3.0

3.5

4.0

4.5

M
ea

n 
ra

nk

Figure 5: The Friedman test mean ranks with the
Nemenyi post-hoc test with qα = 0.05 for optimiza-
tion functions and K-means algorithm

Table 1 shows a time complexity for each optimization func-
tion used in our first experiment. The experiment was ran on
computer with Intel’s i5-4570 processor on one thread with
16 GB of main memory. It can be seen from the results, that
the last fitness functions labeled CC is the best function for
classification based on clustering. This fitness function has
the highest time complexity and consequently the longest
execution time, but gives the best results compared to other
fitness functions used as seen on Figure 5. Friedman test
gave us the statistic value of 151.82682 and p-value of 8.264
69e−32, so for qα of 0.05 we can say that K-means and PSO
algorithm with different fitness functions work significantly
different on generated dataset. In Figure 5, we can observe
that the Nemenyi post-hoc test detected some statistical in-
significant differences between two groups of used methods.
First group with C, CM and CMP and second group with
K-means and CC. From Table 2, we can observe that sec-
ond group has statistically significant difference, but for the
first group only methods C and CM do not have statistically
significant differences.

4.2 Comparison of PSO algorithms
In our second experiment we measured the performance of
six different PSO algorithms and the basic K-means algo-
rithm labeled as KM. For the fitness function of PSO algo-
rithms we used Eq. (8) with penalty function described in

Table 2: The Wilcoxon test showing statistical dif-
ferences for qα = 0.05 for all clustering methods used

KMeans C CM CMP CC

KMeans ∞ + + + +

C / ∞ ∼ + +

CM / / ∞ + +

CMP / / / ∞ +

CC / / / / ∞

Eq. (11), since it showed the best performance in our first
experiment.

We measured the performance of algorithms used on three
different datasets, which are:

• Iris: Dataset has 150 instances with four attributes
where instances are labeled with three different classes.
All attributes in the dataset are elements of R+. Each
class in the dataset has 50 instances.

• Breast Cancer Wisconsin (BCW): Dataset has
569 instances distributed into two classes and each in-
stance has 30 attributes. All attributes in the dataset
are elements of R+ numbers set. The first class con-
tains 212 instances, while the second class contains 357
instances.

• Wine: One of the hardest dataset used in our second
experiment is the Wine dataset. The dataset has 178
instances with 13 attributes. All attributes except one
are elements of R+ set. Only attribute Proline is an
element of N+ set. The dataset has three classes. The
dataset contains 59 instances which belong to the first
class, 71 instances of the second and 48 instances of
the third class.

All datasets where obtained form the Machine learning repos-
itory [3]. The performance was measured based on the error
rates from 51 runs for each dataset.

Table 3: PSO algorithms parameters

PSO CLPSO OVCPSO MPSO CPSO MCUPSO

NP 25 25 25 25 25 25

c1 2.0 2.0 2.0 2.0 2.0 2.0

c2 2.0 2.0 2.0 2.0 2.0 2.0

ω / 0.7 / 0.7 0.7 0.7

vmin / -1.5 / / / /

vmax / 1.5 / / / /

m / 10 / / / /

ω0 / 0.9 / / / /

ω1 / 0.4 / / / /

c / 1.49445 / / / /

p0 / / 0.3 / / /

wmin / / 0.4 / / /

wmax / / 0.9 / / /

δ / / 0.1 / / /

µ / / / 10 / 10
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Table 3 shows all the parameter values used by PSO algo-
rithms. Some parameters are used for all PSO algorithms,
while some are algorithm specific. If a parameter is not used
for a specific algorithm the symbol “/“ is used.

From Table 4, we can see that the best classifiers are K-
means and original PSO algorithm, because they got the
best minimum error rates. The CLPSO algorithm has the
best mean value and the MPSO algorithm has the smallest
standard deviation. One major setback of the OVCPSO al-
gorithm was its worst found centers for clusters, that’s clas-
sification accuracy was only 29%. Friedman test gave the

Table 4: Basic statistics of used algorithms for 51
runs on Iris dataset

KM PSO CLPSO OVCPSO MPSO CPSO MCUPSO

mean 0.0588 0.0553 0.0544 0.0644 0.0505 0.0579 0.0562

std 0.0376 0.0305 0.0356 0.0954 0.0274 0.0424 0.0380

min 0.0000 0.0000 0.0222 0.0222 0.0222 0.0222 0.0222

median 0.0444 0.0444 0.0444 0.0444 0.0444 0.0444 0.0444

max 0.1777 0.1333 0.2000 0.7111 0.1555 0.2444 0.1777

statistic value of 104.81 with p-value of 2.48215e−20. For
qα value of 0.05 we can say based on the Friedman test that
used algorithms work significantly different. Mean ranks of
algorithms from Figure 6 fit the results in the Table 4. Fig-
ure 6 shows that the MCUPSO algorithm holds the smallest
rank, despite not having the best accuracy. We can see that

KM PSO CLPSO OVCPSO MPSO CPSO MCUPSO
Algorithm

3

4

5

6

7

M
ea

n 
ra

nk

Figure 6: Friedman mean ranks and Nemenyi post-
hoc test with qα = 0.05 for PSO algorithms and the
K-means algorithm on Iris dataset

Nemenyi test implies that MCUPSO is not significantly dif-
ferent from CPSO, MPSO, CLPSO and PSO algorithms.
Based on results in Table 5 we can reject the the hypothesis
of Nemenyi test. The Wilcoxon test detected insignificant
difference only between MCUPSO, CPSO, MPSO and PSO
algorithms. Form the Wilcoxon test we can observe that
the MCUPSO algorithm is significantly different compared
to OVCPSO, CLPSO and K-means algorithms. MCUPSO,
CPSO and MPSO algorithms performed the best based on
Friedman mean rank and the Wilcoxon post-hoc test.

From the Table 6, we can observe that the best accuracy ob-
tained the CLPSO algorithm, the best mean value obtained
the OVCPSO algorithm, while the PSO algorithm recorded
the smallest standard deviation. The MCUPSO algorithm

Table 5: Detected significant statistical differences
with the Wilcoxon test with qα = 0.05 on Iris dataset

KM PSO CLPSO OVCPSO MPSO CPSO MCUPSO

KM ∞ + + + + + +

PSO / ∞ ∼ + ∼ ∼ ∼
CLPSO / / ∞ ∼ + ∼ +

OVCPSO / / / ∞ + + +

MPSO / / / / ∞ ∼ ∼
CPSO / / / / / ∞ ∼
MCUPSO / / / / / / ∞

obtained good results, it had the best median value and
the best accuracy in the worst run in all of the 51 runs.
Friedman test gave the statistics value of 174.63646 with
p-value of 4.66982e−35. For qα value of 0.05 we can say
that the Friedman test rejected the H0 hypothesis. We can
see from the Figure 7, that the MCUPSO algorithm ob-
tained the smallest rank, because of the average standard
deviation and smallest error rate on the worst run of the
algorithm. On the Figure 7, we can see that MCUPSO,

Table 6: Basic statistics of used algorithms for 51
runs on BCW dataset

KM PSO CLPSO OVCPSO MPSO CPSO MCUPSO

mean 0.1606 0.1552 0.1643 0.1479 0.1598 0.1672 0.1536

std 0.0768 0.0686 0.0779 0.0697 0.0728 0.0892 0.0723

min 0.0818 0.0818 0.0760 0.0818 0.0818 0.0877 0.0877

median 0.1345 0.1345 0.1403 0.1345 0.1345 0.1345 0.1169

max 0.3567 0.3684 0.3567 0.3567 0.3567 0.3684 0.3333

KM PSO CLPSO OVCPSO MPSO CPSO MCUPSO
Algorithm

2

3

4

5

6

7

M
ea

n 
ra

nk

Figure 7: Friedman mean ranks and the Nemenyi
post-hoc test with qα = 0.05 for PSO algorithms and
the K-means algorithm on BCW dataset

MPSO, CPSO and PSO algorithms do not show significant
differences based on the Nemenyi test, but the Wilcoxon
test found insignificant differences only between MCUPSO,
CPSO and MPSO. If we check the PSO algorithm com-
pared to MCUPSO, MPSO and CPSO algorithms, then
we can observe that the Wilcoxon test detected significant
differences only between PSO and MCUPSO algorithms.
MPSO, CPSO, MCUPSO algorithms based on Friedman
mean rank and the Wilcoxon post-hoc test work the best
for this dataset.
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Table 7: Detected significant statistical differences
with the Wilcoxon test with qα = 0.05 on BCW
dataset

KM PSO CLPSO OVCPSO MPSO CPSO MCUPSO

KM ∞ + + + + + +

PSO / ∞ + + ∼ ∼ +

CLPSO / / ∞ + + + +

OVCPSO / / / ∞ + + +

MPSO / / / / ∞ ∼ ∼
CPSO / / / / / ∞ ∼
MCUPSO / / / / / / ∞

In Table 8, we can see that two algorithms, namely MPSO
and CPSO algorithms, obtained the best cluster centers for
classification on the Wine dataset. We can see that the
MPSO algorithm got the best and the worst clusters cen-
ters, and the best median and standard deviation values on
this dataset. Table 8 is showing that not only the MPSO
algorithm but CPSO and CLPSO algorithms got the best
clusters centers for classification. Best median values where
obtained with MPSO, OVCPSO and CLPSO algorithms.
The Friedman test gave us the statistic value of 58.06224

Table 8: Basic statistics of used algorithms for 51
runs on Wine dataset

KM PSO CLPSO OVCPSO MPSO CPSO MCUPSO

mean 0.3151 0.3111 0.2977 0.2970 0.2930 0.3122 0.3162

std 0.0490 0.0515 0.0519 0.0495 0.0457 0.0594 0.0510

min 0.2222 0.2037 0.1851 0.2037 0.1851 0.1851 0.2407

median 0.3148 0.3148 0.2962 0.2962 0.2962 0.3148 0.3148

max 0.4814 0.4259 0.4259 0.4074 0.3703 0.4444 0.4629

with p-value of 1.1131e−10. For qα of 0.05 we can say that
the Friedman test detected significant differences between
used algorithms. From the results seen in Table 8 we would
suspect that the MPSO algorithm would have the small-
est mean rank, but the results from Figure 8 show that the
CPSO algorithm has the smallest mean rank. As we can
see from Figure 8 there is no significant differences between
PSO, MPSO, CPSO and MCUPSO algorithms, which can
be confirmed with results collated in Table 9. For the basic
PSO algorithm the Wilcoxon test detected only two signif-
icant differences. As seen from Figure 8 the CPSO algo-

Table 9: Detected significant statistical differences
with the Wilcoxon test with qα = 0.05 on Wine
dataset

KM PSO CLPSO OVCPSO MPSO CPSO MCUPSO

KM ∞ + ∼ + + + +

PSO / ∞ + ∼ ∼ ∼ ∼
CLPSO / / ∞ ∼ + + +

OVCPSO / / / ∞ + + +

MPSO / / / / ∞ ∼ ∼
CPSO / / / / / ∞ ∼
MCUPSO / / / / / / ∞

rithm has the smallest mean rank, but we can not say that

KM PSO CLPSO OVCPSO MPSO CPSO MCUPSO
Algorithm

3

4

5

6

M
ea
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Figure 8: Friedman mean ranks and the Nemenyi
post-hoc test with qα = 0.05 for PSO algorithms an
the K-means algorithm on Wine dataset

this algorithm is the winner for this dataset. Because of in-
significant differences between CPSO, MPSO and MCUPSO
algorithms we can say that this three algorithms work best
for for this dataset.

5. CONCLUSIONS
In our work, we used clustering optimization for classifica-
tion. We proposed a new fitness function that has two com-
ponents. The first component is a clustering function that
is used in the K-means algorithm for clusters evaluation and
the second component is a penalty function, which is the
basis for supervised learning. Our proposed fitness function
is a weighted sum of this two components. First component
has weight equal to 0.25 and second component has weight
equal to 0.75. As it turns out, on used datasets, this fitness
function works well. In our work we tried to eliminate initial
clusters defect of the K-means algorithm, which makes the
K-means algorithm converge fast to some local optimum.

One of the options for feature work is to use more func-
tion evaluations with an additional archive, because as we
have seen in our experiments, good solutions can be found
only after 1, 000 function evaluations. Because evolution-
ary computation is a large research area, we would look for
other optimization algorithm. In our work, we did not found
the solution for detecting the number of clusters in dataset.
This is a challenging task for currently known algorithms
and would be a good option for feature work. A multi-
objective optimization algorithm would be a good stating
point for detecting a number of optimal clusters hidden in
data.
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