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the second run. Average time required for participants to
finish the walk through the polygon was 80 � 31.5 seconds
in the first and 56 � 18.3 seconds in the second run. On
average, participants made 56.2 � 15.7 steps in the first and
48.3 � 10.7 in the second run [3].

From increased walking speed on the second attempt we can
conclude that participant certainty with the device increa-
sed over time. This was also reflected in improved obstacle
detection. [3]

Figure 1: test polygon, set up in the main lobby of
the Faculty of Electrical Engineering and Computer
Science, Maribor.

3. DETECTION ZONE
Detection of obstacles is implemented using ToF sensors
VL53L1X. They provide a maximum range of 4 m and a
typical field of view of 27◦. These sensors were selected
because they are relatively affordable, offer long range de-
tection, are power efficient, support I2C interface and are
small enough to enable slim design [1].

Detection zone of the device is constructed by an array of 10
sensors, providing 150◦ wide and 50◦ tall coverage as seen on
Figure 3. Sensors are divided into three groups. First group
consists of two sensors which are oriented straight in the
direction of view. One sensor is oriented horizontally and the
other is oriented 30 degrees below the horizon. Second group
consists of 6 sensors, 3 on the left side and 3 on the right side.
Left group is vertically tilted for 22◦ to the left, whereas right
group is vertically tilted for 22◦ to the right. The upper
two and the lower two sensors in this group are horizontally
tilted for 10◦ away from the central sensor which is oriented
straight into direction of view. Third group consists of 2
sensors which are oriented straight into direction of view
and vertically tilted for 44◦ [4].

Figure 2: Groups of TOF sensors.

The device was designed in the shape of wearable glasses and
3D printed from Polylactic Acid plastic [4]. This technique
was used to achieve special shape which allows sensors to be
mounted in a way seen on Figure 3

Figure 3: Fields of view for TOF sensors, mounted
on the 3D printed glasses.

4. OBSTACLE DETECTION
We designed a special experiment to test how well the glas-
ses detect obstacles of various shapes and materials. Shapes
used were circle, triangle and square. Their surface me-
asured 2116 cmˆ2. Materials used were grey polystyrene
foam, white paper, aluminium foil, glass, polyester, plexi-
glass, ABS, wood, micro polyester and cotton.

Experiment took place in closed environment under dim li-
ghting conditions. Controlled light conditions for this test
are important as they effect sensors performance. Device
was mounted on a 176 cm high stationary wooden stand
which pointed directly into the obstacle centre. Obstacles
were placed 30, 60 and 90 cm away from the glasses. Quality
of detection was determined with data output consisting of
10 integers, ranging from 0 to 4096. Here, value 0 denotes
the minimal and value 4096 the maximal distance. In order
to increase the accuracy, every distance was calculated by
averaging ten measurements.

Shape discrimination ability was assessed by counting the
number of sensors that detected the obstacle. Here, we also
considered the distance of obstacle from the glasses.

The initial testing session consisted of recognizing different
shapes at the distance of 30 cm (Figure 4). The sensors
could not recognize the shape at all. This suggests that the
distance is too small for sensors to reach their full potential.



Figure 4: Results of obstacle detection at the dis-
tance of 30 cm.

In the next testing session, the obstacles were positioned at
the distance of 60 cm from the sensors (Figure 5). This time
the circle and the square were not differentiated, but the
triangle was. Sensors 6 and 7 have pointed out a difference.

Figure 5: Results of obstacle detection at the dis-
tance of 60 cm.

In the third testing session, the obstacles were positioned
90 cm away from the sensors (Figure 6). In this case, the
recognizability was again poor. The distance turned out to
be too great, since only one (the middle) sensor detected
any of the shapes.

Figure 6: Results of obstacle detection at the dis-
tance of 90 cm.

In the last experimental session we tested the detectability
of different materials. For this purpose, we put the square
obstacle with surface area of 2116 cm2 encased with the cho-
sen material at the maximum detection distance, which was
determined by moving the obstacle away from the glasses
until it was no longer detected. The results demonstrated
(Figure 7) that the aluminium foil has the best detection
potential while ABS has the worst. Glass was also tested,
but was excluded from the results in Figure 7, because its
detection depends on the sensor angle. Under the specific
angle glasses could detect it up to the distance of 1.5 m,
but in most cases glass wasn’t detected. Plexi glass was also
interesting because it was consistently detected, but only by
one or two sensors, even on a 30 cm distance.

Figure 7: Maximum detection distances for tested
materials.



5. CONCLUSIONS
The glasses detected all the obstacles, but the number of
sensors detecting the obstacle decreased with the distance.
Circle and square were detected better than triangle. This
suggests that different shapes trigger different responses of
sensors on glasses.

We have also demonstrated that the optimal distance for the
sensors to recognize the shapes is somewhere between 30 and
90 cm. At the distance of 60 cm the triangle was successfully
discriminated from circle and rectangle, whereas the latter
two were not easy to discriminate. The biggest discrimina-
tive power of glasses likely lies at the distances between 30
and 60 cm. However, additional tests are required to ana-
lyse the performance at different points in this interval (for
example at 40 and 50 cm).

The problem with misdetection of more distant obstacles is a
consequence of detection principle used in our design. Emit-
ted light cone is 27◦ wide and it expands with the distance.
As a result, the obstacle takes up smaller part of the cone
and that affects its detection. There are two solutions of this
problem. The first one is to narrow the emitted light cone
width by software or hardware. The second one includes
adding the video camera for better object recognition.

Our experiments further showed that some of the materials
are poorly detected. For example plexi glass and glass pre-
sent a substantial detection challenge. On the other hand,
aluminium foil, white paper and micro polyester are easily
detected. In conclusion, the more reflective the material, the
more sensors detect it. Further tests are required to analyse
whether or not the problem of glass detection could be ad-
dressed by the use of video camera. As an alternative, an
ultrasonic sensor could also be used.

At the moment our glasses perform best in open enviro-
nments while detecting materials which are better at reflec-
ting infrared light. The test justifies that the glasses could
be used in everyday environments, because materials tested
make up most of potential obstacles, glass and other similar
materials being the exception.

Plasticity of the brain allows blind and visually impaired
people to have significantly increased perception of touch
[4]. Because of that, we would like to additionaly test if
they can feel the difference between various shapes.
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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



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



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,
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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
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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



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
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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
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2.0
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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



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
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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
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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.



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
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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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ABSTRACT
A two-level route planning algorithm based on model predic-
tive control (MPC) is proposed in this paper for industrial
mobile robots, executing tasks in an environment specified
using the methodology of signal temporal logic (STL). STL
is applied to describe various conditions like collision-free
and deadlock-free operation, followed by the transforma-
tion of the formulas into a mixed integer linear program-
ming (MILP) problem, solved using dedicated software. To
achieve real-time operation, the route planning is divided
into two distinct phases using different underlying vehicle
models. The correctness of the approach is guaranteed by
the applied formal design method.

Categories and Subject Descriptors
[Embedded and cyber-physical systems]: Robotics—
Robotic control ; [Applied computing]: Physical sciences
and engineering—Engineering

Keywords
mobile robots, route planning, signal temporal logic, opti-
mization

1. INTRODUCTION
Optimal route planning based on transport demands is an
intensively investigated topic in engineering fields. Depend-
ing on the applied model and assumptions, the computa-
tional complexity of such tasks and the effectiveness of the
solution moves on a wide scale.

The problem itself generally consists of numerous autonomous
guided vehicles (AGV) moving along given routes in a closed

space (e.g. in an industrial plant), assuming a microscopic
routing environment (i.e., the size of the vehicles is not neg-
ligible compared to the available space). This environment
can be modeled as a directed graph, with only one agent
allowed at a time in a given node or edge [1], which is suit-
able for a physically large setting, but might prove to be
ineffective in a more crowded location. As another possible
approach, the plant can be modeled as a coordinates sys-
tem, in which agents can move freely with the exception of
a number of obstacles or restricted zones.

Some of the solutions concentrate on giving suboptimal but
real-time solution for the problem, using greedy iterative al-
gorithms or heuristics. In the simplest case, the route plan-
ning of the agents is carried out in a completely independent
manner: knowing the location of the obstacles, each agent
computes a path locally, and avoids collision with other vehi-
cles in real-time. This approach however is neither optimal
regarding the completion time of the movements, nor has
any guarantee to prevent situations like a deadlock forma-
tion. More complex solutions feature distributed calcula-
tion, but with a centrally accessible resource (like already
planned paths of the other vehicles) [1, 2].

It is also possible to model route planning tasks as opti-
mization problems [3]. These algorithms are indeed capable
of giving the truly optimal solution regarding completion
time, guarantee the collision-free and deadlock-free opera-
tion on the price of high computational complexity which
might hamper real-time application.

Linear Temporal Logic (LTL) is a formalism originally de-
veloped for the formal design and verification of computer
programs. In essence, LTL extends the set of operators fa-
miliar from Boolean logic with tools to describe time depen-
dencies between the statements (such as ’always’, ’never’,
’eventually’, ’next step’, etc.). Signal Temporal Logic (STL)
further extends the possibilities offered by LTL by introduc-
ing quantitative operators regarding time in LTL formulas.
STL has been successfully used for describing traffic-related
systems, due to its ability to express complex rule sets or
complicated time dependencies [4, 7, 8].



One of the first results on the successful application of LTL
in vehicle routing is [9], where the computation task is writ-
ten as a network flow problem with constraints. In [10], an
incremental algorithm is given for the complex path plan-
ning of a single robot, where the specifications are given
using LTL. A motion planning method for multiple agents
is presented in [11], where STL is used for describing specifi-
cations, taking into consideration imperfect communication
channels, too.

The above results motivated us to use STL in our work for
route planning. The main novelty of our approach is the
division of the computation into two levels which allows us
to handle a relatively long prediction horizon with a singifi-
cantly reduced computation time.

2. PROBLEM FORMULATION
The problem is to plan and track routes for multiple AGVs,
each of which is assumed to move in a two dimensional closed
space, independently in the x and y directions. All agents
have upper bounds for speed and velocity, respectively. Each
agent has a target point assigned before running the plan-
ning algorithm. The objective for each agent is reaching its
target point in minimal possible time, without colliding with
obstacles or with each other.

Let N be the number of agents. On the low level, we model
the agents as simple mass-points in a two dimensional carte-
sian coordinates system. Therefore, the motion of each agent
can be described in continuous time as two double integra-
tors with acceleration command inputs, resulting in 4N state
variables (coordinates and velocities), and 2N inputs. This
model is discretized in time using a uniform sampling time
ts. Let xi(k) and yi(k) denote the x and y coordinates of the
ith robot at time step k, respectively. The inputs for agent
i at time step k are denoted by uxi(k) and uyi(k) along the
x and y coordinates, respectively.

The borders of the environment, as well as the rectangle-
shaped obstacles can be introduced as simple constraints
for the xi and yi state variables. Let the number of obsta-
cles be M , each obstacle being defined by its lower-left and

upper-right corners (a
(l)
1 , b

(l)
1 ) and (a

(l)
2 , b

(l)
2 ). This means

that avoiding obstacles can be written as a set of linear con-
straints:

{xi < a
(l)
1 or xi > a

(l)
2 or yi < b

(l)
1 or yi > b

(l)
2 , ∀ i, l}

Collision-aviodance between agents is realized using a thresh-
old value δ and the constraints |xi(k) − xj(k)| > δ ∀ i 6=
j. Note that due to the discrete-time model, this thresh-
old must be carefully chosen considering maximum vehicle
speed.

The planning itself is run on a finite time horizon, consisting
of T steps. It is assumed, that all vehicles can reach their
goal state within this time (given a reasonably large T ).
However, the computation should work even if some of them
is not able to fulfil this constraint.

The optimization problem is minimizing the following ob-
jective function:

J(x, u) =

T∑
k=1

N∑
i=1

(|xi(k) − xti| + |yi(k) − yti|), subject to

the collision, obstacle-avoidance and possible additional con-
straints, where xti and yti denote the prescribed target co-
ordinates corresponding to agent i.

3. ONLINE ROUTE PLANNING BY TEM-
PORAL LOGIC CONSTRAINED OPTI-
MIZATION

Based on the problem formulation above, it can be clearly
seen, that solving the routing problem requires at least 4NT
variables, with O(2N2) + O(4NM) constraints, resulting
from vehicle-vehicle collisions and obstacle avoidance respec-
tively. Feasibility of obtaining solution in real-time is highly
dependent on the applied solver, and on the constraints
themselves.

Our experiments showed that the problem scales badly when
the number of agents or the number of obstacles is increased.
To overcome the issue, a two phase planning is proposed.

The double-integrator model is used only in the second phase,
when a O(2 ∗ N2) part of the constraints can be omitted.
Moreover, the second phase can be run individually for all
agents, each having only 4T state variables and only 4M con-
straints resulting from obstacle avoidance (although some
constraints for following the first-phase must be added, as
described below).

3.1 First phase planning
In the first phase, a coarse route is designed with a relatively

large sampling time t
(1)
s to have as short prediction horizon

as possible. Moreover, only the coordinates of the agents
are taken into consideration, and the computed input (ūxi,
ūyi) is the required coordinate change in each direction for
agent i in each time step. This results in simpler dependency
between the input and the desired output, and considerably
reduces the required computation time.

xi(k + 1) = xi(k) + ūxi(k)

yi(k + 1) = yi(k) + ūyi(k)

|ūxi(k)| < K

|ūyi(k)| < K

i = 1...N

where K is an upper bound for coordinate changes which is
determined using the maximum speed of the vehicle and the
sampling time ts.

The description of the rules for such a simple system is
quite straightforward using temporal logic. Given a rect-
angle shaped obstacle as defined above, the STL formula for
avoidance looks like:

©[0,T ]

(
xi < a

(l)
1 or xi > a

(l)
2 or yi < b

(l)
1 or yi > b

(l)
2

)
. For avoiding collisions between the vehicles, we use:

©[0T ] (|yi(t)− yj(t)| > dist or |xi(t)− xj(t)| > dist)

. (Here, the notation © is the so-called always operator,
which means, that the formula must be true in all time in-
stants in the interval [1, T ] - which is the whole time of the
planning in our case.)



3.2 Second phase planning
The double-integrator model for the agents is used in the
second phase, where we assume, that agent i has a source
and a target point, as well as a set of intermediary route
points Pi = {(xpi, ypi)|p = 1...T − 1} known from the pre-
vious phase. The planning is done using a rolling horizon

approach, using a smaller sampling time t
(2)
s = t

(1)
s /k, k > 1.

In the simplest case this means that at route point p, the
p + 2-th point is set as a target. We use a temporal logic
formula to ensure that the agent will be in the prescribed
proximity of the point p+ 1, and planning is done on a hori-
zon of T2 = 2 · k. This can be easily extended to include
more intermediary route points. This planning step is re-
peated when the agent reaches the route point p+ 1. It can
be shown, that by choosing this ∆ proximity correctly, we
can guarantee, that no collision between the agents can oc-
cur. The concept of the proof is that if the distance threshold
from the first phase is equal to the half of the distance, an
agent can move in the rough plan in one step (δ = K/2), and
we restrict the agents to remain in the ∆ = δ/2 proximity
of the given point for the respective time interval, then the
agents are always located inside different non-overlapping
δ × δ-sized squares. The concept is illustrated in Figure 1.

4. ILLUSTRATIVE EXAMPLE
In order to illustrate the concept, a case study containing
ten agents was carried out. As it is visible in Fig. 2, we
have a 16 × 10 units floorplan, containing 7 obstacles that
must be avoided. The first-phase planning is running on a
40 step long horizon, which means at least 10×40×2 = 800
continuous variables (x and y directions for all agents and
all discrete time points). The number of temporal logic for-
mulas is 10 × 7 (obstacles) + 10 × 9/2 (collisions) = 115,
resulting in approximately 400× 40 constraints for the opti-
mization problem. The exact number of variables in our sim-
ulation (produced by the STL parser) was 10660 continuous
and 33110 integer variables. The solution of the problem on
an average consumer-grade laptop using two processor cores
was 217.7 seconds.

To illustrate the detailed (second-phase) planning, we show
the planned routes and the generated input signals for only
one agent corresponding to obstacle avoidance. The situa-
tion is shown in Fig. 3. Here, we have the first-phase plan
generated for the agents, and we use the second phase com-
putation to calculate the detailed plan. The discretization

time for the second phase was t
(2)
s = t

(1)
s /10, with a horizon

of T = 50 steps. The rough plan is marked by the blue
circles and consists of 5 intermediary points. The detailed
plan is marked by red stars. As it is visible in the figure, the
agent remains in the prescribed proximity of the first-phase
plan. It must be noticed, that the agent correctly avoids
the obstacle’s corner, which was to be hit following directly
the first phase rough route. The input signals (acceleration
commands) generated for the agent are displayed in Fig. 4

5. CONCLUSION
In this paper, we presented a possible way for describing
route planning problems as optimisation problems, using
the formalism offered by signal temporal logic. The plan-
ning phase is divided into two parts: in the first phase,
we use a low-complexity model for creating a rough plan,
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Figure 1: Distances kept by the agents during the
first and second phase planning

taking into consideration the obstacles and vehicle-vehicle
interactions as well. The algorithm calculates a set of con-
secutive intermediary route points for each agent, ensuring
conflict-free behavior provided that agents are in the given
proximity of the points for the respective time interval. In
the second phase, each agent computes its own path, con-
sidering the points and intervals given in the first phase.
Thus, vehicle-vehicle interactions need not to be checked on
the detailed planning level, only smooth maneuvering and
obstacle avoidance between the points are required.
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Dynamic Routing of Automated Guided Vehicles in
Real-time (2008). In: Krebs HJ., Jäger W. (eds)
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Figure 2: Paths created by the coarse first-phase planning for 10 agents
The start and target positions of the agents are marked by stars and diamonds, respectively.

Figure 3: The first- and second phase plans for one agent

Figure 4: Input signals computed for the agent
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ABSTRACT 

Multi-depot vehicle routing problem (MDVRP) is an optimization 
problem with practical real-world applications in the commercial 
transportation sector. It deals with the optimization of the time 
and cost of the transportation of goods from and to customers 

from numerous predefined serving depots. The multi-depot variant 
adds constraints of multiple serving depots and variable customer 
serving capacity and is a NP hard problem. In this paper, we 
present an application of Particle Swarm Optimization (PSO) for 
continuous optimization to MDVRP, where nature-inspired 
optimization framework NiaPy is used. As MDVRP is a discreet 
optimization problem, but NiaPy is suited to work only with 
continuous optimization problems, a transformation with the 
repairing mechanism must be used. Our proposed approach is 

presented in detail and is tested on several standard MDVRP 
benchmark sets to provide a sufficient evidence of usability of the 
approach. 

Keywords 

Multi-depot Vehicle Routing Problem, Continuous optimization, 

Particle Swarm Optimization 

1. INTRODUCTION 
Optimization is a daily problem we face with in an increasing 
number of different logistics services, such as for example mail 
delivery, passenger transportation and other transportation of 

goods [1], [2], [4]. Because solving such problems is - due to 
restrictions on the route often quite difficult, we mostly rely on 
computer intelligence. By this we mean different algorithms that 
have some heuristics rules, which result in good solutions. They 
are classified as metaheuristic algorithms and often also referred 
to as nature-inspired or evolutionary algorithms (EA) [6], [9]. 

In order to execute the experiment of a comparison between 
different EA, we firstly developed a system that allows 

application of any EA to the vehicle routing problem (VRP). Then 
we tackled the VRP using five different evolutionary algorithms, 
which are genetic algorithm (GA), evolution strategy (ES), 
differential evolution (DE), particle swarm optimization (PSO) 
and harmony search (HS). Considering the obtained results, we 
decided to pay more attention to the PSO algorithm. 

PSO is a popular algorithm for solving many complex 
optimization problems, including routing problems. In 2008 

Mohemmed et al. [16] used PSO for simple routing problem with 
custom priority-based encoding and heuristic operator to prevent 
loops in the path construction. Next in 2009, Ai and 
Kachitvichyanukul [17] presented PSO with multiple social 
structures to solve VRP with simultaneous pickup and delivery. 

Yao et al. [18] proposed custom particle swarm optimization 
algorithm for carton heterogeneous vehicle routing problem. 
Kumar et al. [19] proposed a PSO for vehicle routing problem 
with time window constraint. More recently, Norouzi et al. [20] 
extended VRP with time window problem with additional fuel 
consumption constraint and solved the problem also with PSO. 
All these approaches treat routing problem as a discreet problem. 
As we used optimization framework, which only works with 
continuous optimization problem, the approaches from the 

referenced papers could not be used and a transformation was 
necessary. 

The remaining of the paper is structured as follows. Second 
section presents and formulates MDVRP and PSO. Next section 
presents our proposed approach and its implementation with 
NiaPy framework. Fourth section presents the results of the 
experiment of the proposed approach on the standard benchmark 
sets. Last section discusses the results of the experiments and 

finishes with the concluding remarks. 

2. SOLVING MDVRP 
Logistic companies and other carriers, tasked with transporting or 
picking up shipments, face with route optimization on a daily 
level. The well-optimized route, taken by their fleets of vehicles, 

means saving fuel and thus reducing overall daily cost. From this 
we can see that similar scenarios are present in in everyday life 
and present a problem worth solving well. 

The described problem is called VRP and was first addressed by 
George Dantzig and John Ramser in 1959, as a solution to 
optimize fuel delivery. It is a NP hard combinatorial optimization 
problem, generalized from travelling salesman problem, so there 
is no polynomial time solution known to it [1], [3]. The result of 

the problem is the optimal set of routes for multiple vehicles, 
transporting goods to or from customers, subject to restrictions 
along the routes. We also need to keep in mind that only one 
vehicle can visit specific customer at a time [1], [7].  

Over time, different classifications of the problem have formed 
due to differences in constraints. The most common versions of 
the problem are VRP with capacity constraints (CVRP), multi-
depot VRP (MDVRP) and VRP with time windows constraints 

(VRPTW). In addition, just about every problem classification 
also has a certain distance limit of the individual vehicle [1], [4]. 

We focused on solving MDVRP classification of the problem, 
which is also less frequently referred to as multi-depot capacitated 
vehicle routing problem (MDCVRP) [4]. The version of the 
problem, in addition to multiple customers, consists of multiple 
depots and thus more predefined vehicles - each vehicle can carry 



a certain payload, travel a certain distance and must eventually 
return to its starting depot [3], [11]. If any of the restrictions is 
violated, penalty function is used to punish the vehicle with a 
certain mark-up value. Because MDVRP is represented as a 
directed graph, every node of customer and depot has its own x 

and y coordinate pair [4], [5]. When looking for a solution to the 
problem, we usually divide it into three phases, collectively 
referred to as decision making or decision hierarchy in MDVRP. 
We call them the merging phase, the routing phase and the 
scheduling phase. In the first phase, we try to allocate customers 
to the individual depots according to the distance, which is present 
between them. The second phase, with previously divided 
customers, draws up several routes, which vehicles will take. 

After that, each path is sequenced in the third phase [3], [11]. 

Figure 1 is an example of MDVRP problem, where letters A and 
B represent depots or vehicles with a maximum capacity of 10 
units of weight, and circles with numbers represent different 
customers. There are four paths between depots and customers, 
based on genotype numbers that are converted to phenotype 
numbers by the first conversion method. The routes were 
determined according to the previously mentioned MDVRPs 

decision hierarchy. 

2.1 Particle Swarm Optimization for MDVRP 
The system we developed for experiment purposes, supports 

importing any EA from the library or microframework called 
NiaPy. It was developed by researches from the Faculty of 
Electrical Engineering and Computer Science and the Faculty of 
Economics and Business from University of Maribor. Main 
purpose for developing the framework was lack of easy and fast 
use of EA, since the own implementation of a single algorithm is 
often difficult and time-consuming. The library architecture is 
divided into two parts, which we call algorithms and benchmarks. 

In addition to the developed normal EA versions, we can also find 
hybrid variants, such as hybrid bat algorithm and self-adaptive 
differential evolution algorithm. The framework supports EA 
startup and testing with predefined and generated comparisons, 
while also allowing the export of results in three different formats, 
which are LaTeX, JSON and Excel [13].  

Although some similar frameworks for managing nature-inspired 
algorithms already exist, NiaPy differs mainly in minimalism and 
ease of use. Its main functions are weak coupling, good 
documentation, user friendliness, fair comparison of algorithms, 
quick overview of results and friendly support community. NiaPy 

project is designated as open source and licensed under an MIT 
license. Because the framework is developed in Python 

programming language, installation is possible on all systems, 
which have the support for the language and installed PIP package 
manager. Due to further development, new algorithms are being 
added to the framework and the previously implemented 
algorithms are being further improved [13]. 

One of the algorithms implemented in NiaPy is also PSO, which 
is a population stochastic optimization algorithm and belongs to 

the EA group. The algorithm, which is based on the behavior of 
the swarms of animals such as fish and birds was first developed 
by James Kennedy and Russel Eberhart in the mid-90s of the 20th 
century. It was created as a by-product of the desire to graphically 
represent various flight patterns of animals [6], [8], [14], [15]. 

The PSO population is referred to as a swarm and instances inside 
of it flying particles, which are constantly moving inside of a 
hyperdimensional search space. The position between particles is 
determined with social-psychology tendency to be better and to 
imitate other, closer instances [6], [8]. Each particle is moving 
with its own speed, knows its previous locations and never goes 

extinct, because there is no selection, mutation or recombination 
[10]. Velocity is changed in every generation/iteration. For 
changing velocity, we have three different parts, namely previous 
velocity, cognitive component and social component 

First component represents the memory of the previous direction 
motion and prevents the current flight direction from drastically 
changing. Second component expresses the performance of the 
current particle with respect to past results. Lastly, third 
component expresses the performance of the current particle with 
respect to some group of particles or neighbors around it [8]. 

During the operation, we need to store some other information 
like information about the best found location of each particle 
(pbest), information about the best found location of the currently 
selected part of the swarm (lbest) and information about the best 

found location of the particle of any swarm (gbest). When finding 
new top locations, current values need to be updated [6], [8]. The 
PSO algorithm uses fitness function for guidance of the search 
over the search space. When the stopping condition is meet, 
algorithms returns global best solution found [10]. 

3. IMPLEMENTATING PSO FOR MDVRP 
For the purpose of the experiment we used programming language 
Python to develop a system, which allows application of any EA 
from NiaPy library to the different MDVRP examples. The 
system can handle CSV cases of VRP made by Cordeau [12]. 

The system consists of several different classes, one of which is 
class Evaluation, which is responsible for solving the problem. In 
the class we firstly convert given genotype from imported EA to 
an appropriate phenotype, which can be then used to tackle the 
problem. First genotype to phenotype conversion assigns 
ascending index number to each gene, according to its value in the 

array. Second conversion assigns genes, representing nodes or 
customers, to specific vehicles based on the value scale, made of 
number of depots. 

The fitness function of the program itself is quite simple, since it 
only adds up all the paths made to the total distance. This then 
represents the fitness value of the current instance. It is also 
important to add penalty to the result, if solution violated any of 
the limitations of the MDVRP. This is done by checking the limits 
during the program operation and in case of a violation, send the 
current result into the penalty function, which then adds a certain 
distance unit to the distance already completed. 

Figure 1. MDVRP example. 



Another important class is Graph, which is responsible for 
drawing different graphs and connecting nodes of customers and 
depots on it with paths. Each customer and depot object have its 
own coordinate pair x and y, which is then plotted on a graph and 
connected to paths, obtained from the current result object. The 

final graph thus illustrates all the paths made by vehicles between 
all the customers and depots. The class can also draw a final bar 
graph of all fitness values across generations, received through the 
objects of all solutions. Image Class on the other hand, captures 
an image from a drawn graph and saves it to the appropriate 
directory. It can also use previously stored images to generate 
animated gifs that show the composition of the found route. 

The program itself starts in its main function, where we specify 
desired parameters, such as population size, number of 
generations to be made, number of instances inside one 
generation, seed value and genotype to phenotype conversion. 

Results are displayed on the console at the end of the solving. 

4. RESULTS OF THE EXPERIMENT 
The experiment we conducted was performed on five MDVRP 
cases and with five competitive evolutionary algorithms (Particle 
Swarm Optimization PSO, Evolutionary Strategy ES, Genetic 

Algorithm GA, Differential Evolution DE and Harmony Search 
HS), using settings of 10 generations, 5 instances and 20 units of 
distance as the penalty value. Each of five test cases was run with 
a random seed value between 1.000 and 10.000 and with first 
genotype to phenotype conversion. Unfortunately, the testing was 
only performed once due to poor hardware capabilities, which 
were processor Intel Core i5-6267U 3.300Ghz, graphic card Intel 
Iris Graphics 550, Kingston 8Gb RAM and Liteon 250Gb SSD. 

The experiment was performed on the Linux operating system 
Ubuntu 18.04. 

The exact NiaPy algorithms, which were used in the testing are 

GeneticAlgorithm for GA, EvolutionStrategyMpL for ES, 
DifferentialEvolution for DE, ParticleSwarmAlgorithm for PSO 
and HarmonySearch for HS. Settings of individual evolutionary 
algorithm were left at default values from the NiaPy framework. 

When testing on the first and simplest example of the problem 
pr00 (2 depots/vehicles and 10 customers), PSO fund the fourth 
best route, which is not exactly good. It was overtaken by all the 
algorithms except the ES, which achieved an even worse fitness 
result. Comparing on the execution time of the algorithms, the 
PSO achieved the best value, although it was quite like the DE 
and HS values. All the results described are shown in Table 1. 

 

Table 1. Test results of solving the example pr00  

Algorithm 
Fitness  

(unit of distance) 

Run time 

(seconds) 

GA 688.02 168.59 

ES 774.52 155.93 

DE 711.88 148.61 

PSO 749.02 148.43 

HS 679.10 148.78 

 

GA achieved the best fitness value in solving the second MDVRP 
case pr04 (4 depots/vehicles and 192 customers). Again, the PSO 
found the fourth best route with 13603.86 units of distance, and 
the worst path was found by the ES. This time, PSO solved the 
problem with the second fastest time, as it was overtaken by the 
DE for only one second. Results are shown in Table 2. 

 

Table 2. Test results of solving the example pr04 

Algorithm 
Fitness  

(unit of distance) 

Run time 

(seconds) 

GA 13282.01 3906.96 

ES 13640.05 3808.14 

DE 13476.95 3713.49 

PSO 13603.86 3714.37 

HS 13573.96 3865.54 

 

PSO achieved the second-best fitness value when solving the third 
MDVRP case - pr08 (6 depots/vehicles and 144 customers), 

which is interesting because the example was a bit easier that he 
previous one. It also solved the problem as the fastest 
optimization algorithm of all tested. Overall, the algorithm proved 
to be a good choice for solving the specific case. Test results are 
recorded in Table 3. 

 

Table 3. Test results of solving the example pr08 

Algorithm 
Fitness  

(unit of distance) 

Run time 

(seconds) 

GA 13282.01 3906.96 

ES 13640.05 3808.14 

DE 13476.95 3713.49 

PSO 13603.86 3714.37 

HS 13573.96 3865.54 

 

The fourth MDVRP case pr14 (4 depots/vehicles and 192 
customers) was similar in complexity to the second, but with one 
depot less. PSO solved the problem well again, with its fitness 

result reaching second place, and ES reaching last place. With 
3709.32 seconds, PSO solved the problem fastest once again. All 
the results can be seen in Table 4. 

 

Table 4. Test results of solving the example pr14 

Algorithm 
Fitness  

(unit of distance) 

Run time 

(seconds) 

GA 13723.88 3896.00 

ES 13885.56 3732.49 

DE 13494.85 3755.60 

PSO 13500.67 3709.32 

HS 13873.96 3950.66 

 

The toughest test case pr20 (6 depots/vehicles and 288 customers) 
was with 21085.43 units of distance best resolved by PSO – the 
rest of the algorithms were left behind by about 200 units of 
distance or more. It achieved the third-best computing time, and 
interestingly GA achieved first, although its fitness value wasn’t 

very good. All the test results are shown in Table 5. 

 

Table 5. Test results of solving the example pr20 

Algorithm 
Fitness  

(unit of distance) 

Run time 

(seconds) 

GA 21610.55 7341.09 

ES 21397.89 7345.13 

DE 21224.04 7487.69 



PSO 21085.43 7461.45 

HS 21293.09 7656.94 

 

If we look at Table 6, we can see the rankings of the PSO 

algorithm in fitness scores and runtime relative to the other 
algorithms. The PSO reached an average of 2.6 for fitness 
rankings and 1.6 for the runtime, and thus solved MDVRP cases 
the best of all the tested algorithms. It handled more difficult cases 
better but achieved the fastest resolution times for all of the 
MDVRP examples. 

We ran the test cases again with second conversion of genotype to 
phenotype but did not get any different results – all fitness scores 
and running times have overall deteriorated. 

 

Table 6. The PSO algorithm ranks 

Order of 

place 
pr00 pr04 pr08 pr14 pr20 

Fitness 4 4 2 2 1 

Run time 1 2 1 1 3 

5. CONCLUSIONS 
In this paper we present the application of particle swarm 
optimization algorithm with the usage of NiaPy optimization 
framework on the multi-depot capacitated vehicle routing 
problem. Our approach differs from the similar relevant 

approaches in the way we represent the optimization problem. In 
the literature it is normal to treat routing problems as discreet 
optimization problems. As this was not possible with the usage of 
NiaPy optimization framework, we presented a method on how to 
solve MDVRP as the continuous optimization problem. 

The proposed method was tested on several standard MDVRP 
benchmark sets and the results of PSO were compared with 
several evolutionary algorithms. The results of the experiment 

show that PSO of continuous optimization is a viable and 
competitive method for solving MDVRP, especially in the speed 
of the optimization – it was the fastest in three cases out of five 
sets. Our proposed PSO reached the best (shortest) route in only 
one case and it resulted with second shortest routes in two other 
cases. Thus, we can conclude that PSO can effectively solve 
MDVRP problem with competitive solutions in fastest run times 
out of all five included algorithms. 

Future work includes the implementation of advanced PSO 
operators from the referenced literature and customizing them for 
the continuous optimization. Also, there are numerous other VRP 
variants, which should be tested with our proposed approach. 
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ABSTRACT 

The paper presents the analysis of Electroencephalography (EEG) 
brain waves from the Emotiv Insight device with machine learning, 
more specifically neural networks. The captured EEG data 
represents the input data into a machine learning model, which was 

used to determine when and where the required patterns appear. 
The experiment of the developed method of capturing data and 
model usage was carried out by exposing the test subject to the 
alternating selected images and capturing the EEG brain waves 
with the Emotiv Insight device. The captured EEG data served as a 
dataset from which the artificial neural network classification 
model learnt to successfully recognize when a test subject was 
exposed to one type of image and when to another. Convolutional 
and recurrent neural network models were constructed and tested 

to evaluate the performance of recognition of subject exposal. 

Keywords 

Electroencephalography, Neural Networks, Machine Learning, 
EEG signals 

1. INTRODUCTION 
Recently the analysis of Electroencephalography (EEG) data has 
gained much attention with the development of new measuring 
techniques and the advancement of the machine learning 
algorithms and methods. Simpraga et al. [1] proposed a machine 
learning technique for detection of cholinergic and Alzheimer’s 

disease. Boashash and Ouelha presented a method with machine 
learning for detection of seizures of newborns [2]. Vanegas et al. 
presented a machine learning method for detecting of Parkinson’s 
disease [3]. In the same manner, our research was focused on the 
analysis of EEG data and recognition of subject exposures based on 
the EEG data with machine learning. Recognizing the simple 
subject visual exposures can be used in various fields, from user 
experience, marketing and numerous psychology experiments [4], 

but there is a lack of research demonstrating the usage of neural 
networks for this case. This paper intends to fill in this gap. 

1.1 Overview of EEG 
There are four different EEG frequency bands.  

Delta (0.5−3 Hz) 

The lowest frequency of brain waves moving below 3 Hz occurs 
primarily in deep sleep. This frequency is prevalent in infants up to 
one year of age. It is also present between the 3rd and 4th stages of 
sleep. Delta waves are reduced in very intense concentration and 
when we use our thinking processes very actively. Interest is found 
in individuals who have problems with comprehension and 

learning. They naturally magnify delta waves; when they want to 

gather, they fail to reduce it. It is for this reason that the phenomena 
limit their ability to direct concentration and learning. In this state, 
we find the brain in a locked-in repetitive state, because in that state 
we dream or are drowsy. 

Theta (3−8 Hz) 

Also classified as slower brain activity. The connection can be 
made with creativity, intuition, daydreaming and fantasy. It also 
covers memories, emotions and feelings. Theta waves can be 
expressed through prayer, meditation and spiritual capture. It can 

be said to occur between waking consciousness and sleeping. When 
theta wave is optimal, it allows for flexible and complex behavior 
structures such as learning and remembering. The imbalance of 
these waves may indicate illness or stress present. 

Alfa (8–12 Hz) 

Normal alpha status allows for fast and efficient task management. 
In this condition, most people feel relaxed and calm. You could say 
that this wave is like a bridge between the conscious and the 

unconscious. The alpha state is associated with extraversion, 
creativity (when solving a problem or listening), and having mental 
work. When the alpha waves are at the optimum range, we 
experience well-being, see the world positively, and feel a sense of 
calm. This situation is one of the most important when learning and 
using information already learned, such as work and education. 

Beta (12–38 Hz) 

The ripple is typical of "fast" activities. This wave is taken as a 

normal rhythm and is the dominant wave when the person is 
collected or upset with the eyes open. Waves also occur in listening, 
thinking, analytical problem solving, decision making, information 
processing, etc. Because of its relatively wide range, this wave is 
divided into low, medium and high beta waves. 

Gama (38–42 Hz) 

It is a unique frequency wave that is present in all parts of our 
brains. When they have to process certain information from 

different parts, it is precisely the 40 Hz frequency that combines the 
necessary brain regions for simultaneous processing of data. When 
we remember something well, it's at 40 Hz activity. 

2. READING EEG AND ANALYSIS 
For recording the brainwaves we have been using BCI Emotiv 

Insight, which has the excellent API for accessing that data directly 
from the device using Bluetooth protocol. With the API we 
managed to get the raw EEG values for each sensor out of five. That 
data was received in JSON format. Next, to the values from the 
device, we have been also adding the marker which was the 
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