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Abstract. The article contains selected research results regarding the analysis of the
possibility of using the Evolutionary Algorithm to improve neural models of intelligent
systems using selected programming environments. Choosing an appropriate program-
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ming language is one of the basic activities in the process of implementing complex
algorithms, which include methods of artificial neural networks and evolutionary algo-
rithms. Due to the fact that the object of the research was an intelligent Day Ahead Market
system operating on the Polish Power Exchange and the modeling methods were artifi-
cial neural networks and evolutionary algorithms, it was decided to use very high-level
programming languages such as Python, Matlab and C# for implementation and asso-
ciated development environments. It turned out, among other things, that each of these
languages and programming environments has its advantages and disadvantages, but all
of them are very useful due to their useful syntax and rich included libraries. A thorough
analysis of the implementation shows, among other things, that the choice of program-
ming language affects the efficiency, speed and quality of the obtained implementations
of system models. Against this background, the advantages and disadvantages of indi-
vidual programming languages are shown, especially in the context of implementing
evolutionary algorithms. The research results indicate directions for selecting an appro-
priate programming language and the associated programming environment for system
modeling using artificial neural networks and evolutionary algorithms. In addition, the
method of analysis, as well as the method of modeling and implementation was shown
on the example of a specific system, which was the Day Ahead Market system of TGE
S.A.

Keywords: Artificial Neural Networks, C#, Day Ahead Market (DAM), Evolutionary
Algorithm, Matlab, Python, TGE S.A.

1 Introduction

One of the current problems in modeling intelligent systems is the search for adequate models
using artificial intelligence and machine learning methods. Such an intelligent system is the
Day Ahead Market (DAM) system operating on the Polish Power Exchange. (TGE S.A.). The
search for the possibility of creating an DAM system model should be preceded by an analysis
of selected programming environments and appropriate artificial intelligence methods, which
include artificial neural networks and evolutionary algorithms. It was assumed that in the first
phase of design and implementation, a neural model of the RDN system would be created by
designing and training an Artificial Neural Network (ANN), which would then be improved
using the Evolutionary Algorithm (EA) using three selected programming languages, i.e.
Matlab, Python and C# [28-29].

The results of the analysis of the implemented evolutionary algorithms using the above-
mentioned were used for comparative research. Three programming languages and related
computing environments, i.e. C#, Matlab and Python as languages currently inspiring the
best programming languages for artificial intelligence and machine learning methods that
have been adopted in the academic and industrial environment [1-2, 4-6, 13, 18, 26]. Each
of the above-mentioned programming languages has its own unique features, rich libraries
and well-prepared tools that may affect the efficiency, quality and ease of implementation of
evolutionary algorithms, taking into account on the one hand the fact of their availability, and
on the other hand the degree of openness or the amount of costs. purchasing them.
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Therefore, using the above-mentioned programming languages, i.e. Python, Matlab and
C#, hybrid methods consisting of artificial neural networks improved using evolutionary al-
gorithms were designed, implemented and then compared. In particular, attention was paid to
examining how differences in syntax, libraries and programming tools affect the efficiency,
speed and quality of the solutions obtained in the form of neural-evolutionary models of the
TGE S.A. system [12, 15, 19-20, 25].

An important additional goal of the research is the possibility of comparing the advan-
tages and disadvantages of languages and programming environments in the context of using,
especially, evolutionary algorithms, which may be crucial for researchers involved in model-
ing systems of the same class as the TGE S.A. Day Ahead Market system, i.e. their design,
implementation, and testing of correctness. functioning [12, 15, 19-20, 25].

The basic research was preceded by a discussion of the basic concepts of evolutionary
algorithms, selected programming languages, etc. Through the lens of practical implemen-
tations and performance tests, the research conducted provides valuable information for all
those interested in the subject of neural-evolutionary modeling [28-29].

2 Evolutionarily aided neural modeling

For many years, research has been conducted to evaluate selected programming languages
used to implement evolutionary algorithms used to improve models of various types of sys-
tems. And so, among others: in [13] an attempt was made to compare and evaluate selected
programming languages from the point of view of the speed of performing basic operations
in evolutionary algorithms. This research aimed to determine the programming language and
associated environment that could be considered best for specific applications in evolutionary
algorithms.

The authors showed, among other things, that there is no universal programming language
that would be perfect in all aspects, both in terms of chromosome and genotype sizes and
related parameters, as well as the structure of the data used in a specific AE. Although some
languages, such as C#, demonstrate high performance when using oriented operations, in
other cases the language is Matlab, and in still others - Python. For these reasons, the cited
work shows that the use of a hybrid approach can give significantly better results from the
point of view of efficiency, with the C# language having great possibilities in terms of pro-
gram efficiency, the Matlab language in terms of system modeling, and the Python language
ensuring greater flexibility and speed of prototyping. [1-2, 4-6, 10, 13, 18, 26].

Combining languages such as C languages, which are known for their high performance
in system modeling, with other languages such as Python, which offer greater flexibility and
speed of prototyping, may prove to be an optimal solution for specific applications in the
design and implementation of evolutionary algorithms Such a strategy would allow the ad-
vantages of different programming languages to be combined in one system, which could lead
to better results in terms of both performance and flexibility [28-29].
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3 TGE S.A. Day Ahead Market system as a modeling object

To compare the properties of selected programming languages and related programming envi-
ronments, the Day Ahead Market (DAM) system of the Polish Power Exchange was selected,
which is a key subsystem of the Polish Power Exchange system. The DAM system enables
Exchange participants to submit purchase and sale offers for electricity (ee) for delivery on
the next business day [12, 15, 19-20, 25].

Neural modeling of the DAM system in the context of analyzing the possibility of using
evolutionary algorithms to improve system models is an interesting subject of research for sev-
eral reasons. Firstly, the DAM system generates huge amounts of data regarding commercial
offers, energy prices, the amount of available energy and other market factors. This data can be
used to train neural models using evolutionary algorithms, primarily for modeling and subse-
quent forecasting using the obtained energy price models, and thus also to better match supply
and demand in electricity trading, and thus to manage risk more effectively [ 12, 15, 19-20, 25].

Secondly, the DAM system operates in a dynamic market environment, where energy
prices may be subject to rapid changes depending on many factors, not only such as demand
and supply, but also due to unpredictable weather conditions, energy and environmental pol-
icy, etc. In these circumstances, the use of evolutionary algorithms may help adapt the neural
models of the DAM system to changing market conditions, especially in conditions of quick
response to new information and trends on the Stock Exchange.

Thirdly, the DAM system requires complex and very well-prepared models for effective
management of electricity trade and thus minimizing risk. Evolutionary algorithms can be
used in this regard to improve the hyper parameters of models and to automatically tune them
to obtain the best trading results.

The description of data listed on the Stock Exchange is crucial from the moment of the
need to train, validate and test the Artificial Neural Network in order to obtain a neural model
of the DAM system, through the use of the Evolutionary Algorithm to improve its parameters,
to the use of the obtained neural model in comparative studies and in sensitivity testing, and
also in prognostic studies.

It was assumed that the data available on the Exchange will concern the volume of
electricity delivered and sold on the Exchange on the input side of the DAM system in all
separate hours of the day and average weighted by the volume of ee on the output side also in
all hours of the day [12, 19-20, 25, 28-29] . Due to the above, the Day Ahead Market system
of TGE S.A. is an interesting object of research in the context of selecting a programming
language for research, implementing the model, and then analyzing the possibility of using
evolutionary algorithms to improve system models, especially regarding sensitivity testing
and forecasting electricity prices in shorter and longer time horizons.
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3.1 Data used in research

Historical data quoted on TGE S.A. was used to model the DAM system in the years 2016-
2019, including the volume of delivered and sold ee according to the structure presented in
Table 1 and average volume-weighted ee prices according to the structure presented in Table
2 [12, 19-20, 25]. Therefore, the research experiments used hourly data from a period of four
years, i.e. from 2016, 2017, 2018, 2019.

Table 1. Structure of input data regarding the volume of delivered and sold ee in individual hours of the
day in 2016-2029 [MWh] used to train the ANN models of the DAM TGE S.A. system. Source: [12,
19-20, 25, 28-29].

Variable name [MWh] Explanation of variable designation 1.01.2016 2.01.2016 . . . 30.12.2019
u1 ee volume in hour 0-1 89.10 154.90 . . . 915.80
u2 ee volume in hour 1-2 80.60 172.60 . . . 1287.40
. . . . . . . . . . . . . . . . . .
u24 ee volume in hour 23-24 266.10 262.60 . . . 616.80

Table 2. Structure of output data regarding the volume-weighted average price of delivered and sold
electricity in individual hours of the day in 2016-2029 [MWh] used to train ANN models of the RDN
TGE S.A. system. Source: [12, 19-20, 25, 28-29].

Variable name
[PLN/MWh]

Explanation of variable
designation 1.01.2016 2.01.2016 . . . 30.12.2019

y1 ee fixing rate in 0-1 89.10 154.90 . . . 915.80
y2 ee fixing rate in 1-2 80.60 172.60 . . . 1 287.40
. . . . . . . . . . . . . . . . . .
y24 ee fixing rate in 23-24 266.10 262.60 . . . 616.80

The expected models of the DAM system are neural models with 24 inputs and 24 outputs.
It was determined that the optimal ANN structure to be used in research experiments is a
structure with one hidden layer with 24 neurons. Moreover, it was assumed that the activation
function tansig() occurs in the hidden layer and purelin() in the output layer, and the Levenberg-
Marquardt (LM) algorithm was used to train the Artificial Neural Network. The analysis of
volume data and average volume-weighted ee prices, e.g. for 6:00 a.m., 12:00 p.m., 6:00
p.m. and 24:00 p.m., showed, among other things, that: the highest average consumption is at
12:00, and the smallest at 24:00. An example of hourly price data is shown in Figure 1 for: 6:00.

4 Neural modeling of the DAM system in Matlab

The data used to train the ANN of the neural model of the DAM system were quoted on TGE
S.A. in the period from September 1, 2016 to December 31, 2019. They concerned the volume
of ee delivered and sold in individual hours of the day at the entrance to the system [MWh]
and the average weighted by the volume of ee at the system output [PLN/MWh]. Using the
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Figure 1. Example of data flow on volume-weighted average ee prices for 6:00 [PLN/MWh]. Markings:
X axis – time [day], Y axis – volume-weighted average price ee [MWh], AVG = 153.48 [PLN/MWh],
Max = 268.58 [PLN/MWh], Min = 26.4 [PLN /MWh]. Source: Own study [12, 19-20, 25, 28-29].,
Source: Own study [28-29].

above-mentioned data, an ANN was designed and implemented in Matlab in order to teach
it a neural model of the DAM system. This model was then the basis for testing the quality
of AE designed and implemented in three programming languages, i.e. Matlab, Python and C#.

Both the data on 24 input variables corresponding to individual hours of the day, as well as
the data on 24 output variables corresponding to individual hours of the day, but with a time
shift of one day, taken from the period from September 1, 2016 to December 31, 2019, were
normalized. Normalization consisted in replacing individual values, both input and output,
with values determined by dividing the values of individual data by the sum of data values in
a given hour of the day from the entire period adopted for learning, e.g. a monthly, quarterly,
semi-annual or annual period.

4.1 ANN design

In order to create the ANN architecture for training the DAM system model, it was assumed
that there were 24 input quantities and 24 output quantities, and the key issue was the selection
of the number of hidden layers and the number of neurons in them, as well as the selection
of activation functions related to individual layers. Moreover, the selection of the learning
method was important, which was adopted as the Levenberg-Marquid algorithm [7, 11, 10,
21, 24].

Moreover, before implementing the model, a detailed data analysis was carried out, choos-
ing the set of data recorded as part of the Fixing II exchange rate in the period from September
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1, 2016 to December 1, 2019, both in terms of input and output values, only with a shift of
one day between the entry and the output from the system, where the activation function of
the hidden layer was assumed as a hyperbolic tangent (tansig), and a linear function (purelin)
for the output layer.

4.2 ANN implementation

For the ANN training process, the data was divided into training, testing and validation data
in the proportion [%] 70:15:15, respectively. After carrying out the learning process using
the Levenberg-Marquid algorithm [11, 16, 24, 28-29], a neural model of the RDN system
was obtained, in which the weights and biases of the two ANN layers play a key role: the
layer located between the input neurons and the neurons of the hidden layer and the ANN
layer located between neurons of the hidden layer and neurons of the output layer, as well as
the types of neuron activation functions used. In further research experiments, the weights
and biases of neurons in both ANN layers, as well as the parameters of the adopted neuron
activation functions, whose values and mutual relations are improved using the Evolutionary
Algorithm [3, 8, 14, 17, 22-24, 27], play an essential role.

4.3 Mathematical model of Perceptron ANN

Creating a mathematical model of a Perceptron ANN trained with an DAM system model is
intuitively understandable. It is enough to use the values of appropriate weights and biases to
determine weighted net adders at the output of both layers for individual neurons, and then use
the net values obtained in this way as arguments in the appropriate neuron activation functions,
i.e. tansig() and purelin() along with the appropriate function parameters. This mathematical
approach allows for the processing of input data in the considered architecture by two layers
of neurons, in accordance with specific activation functions, which is a key element in the
process of data analysis and prediction in the context of the neural model of the DAM system
obtained for forecasting.

Therefore, the first step in any programming environment is to determine the net value
using operations on matrices and multidimensional arrays, which are the basic data type
used in this programming language. In the case of AE improving the ANN, inputs and their
corresponding weights are extracted based on data from the chromosome representing the
ANN weight and bias matrices and the appropriate parameters of the activation function.
Then, the weight matrix is multiplied by the corresponding input vectors and the biases are
added, which leads to the net value.

4.4 Design and implementation of ANN in Python and C#

Designing and implementing an ANN in Python and C# is basically not much different from
the way of creating a solution in Matlab, because, among other things, a similar method for
determining the net value and, therefore, the value of the ANN outputs using newly generated
chromosomes in individual AE iterations is similar. The research noted, among others, that the
possibilities of performing operations on matrix and table data written in Matlab in comparison
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with solutions written in C# and Python indicate that many operations have simple and conve-
nient coding solutions in the language. Matlab require writing more extensive code in C# and
Python, and often adding dedicated new methods to obtain the same equivalent functionalities.

The above-mentioned solutions, e.g. when determining the value of the tansig() activa-
tion function, require first the extraction of parameters from the chromosome, and then the
previously calculated tab1net value is assigned to the net variable. Next, the tansig() function
is used to calculate the result based on the previously prepared code. In the implementation
carried out in Python, the code is basically similar to the solution used in Matlab, but it can
be noticed, among other things, that there is a difference in the syntax of both languages,
because in Python during the process of calculating the neuron activation function tansig()
first, the parameters are downloaded from the chromosome. Also in the case of implementing
this solution in C#, you can notice that it is almost identical to the codes in Matlab and Python,
except for the syntax specific to this language.

Here, the process of calculating the tansig() function starts with the extraction of param-
eters from the chromosome. Then, the previously calculated tab1net value is assigned to the
net variable. In the final step, the tansig() function is used to calculate the result using the
previously prepared code. The situation is similar when calculating the value of the weighted
net adder and the neuron activation function in the ANN output layer. It is worth noting that
the input to this layer is the output from the hidden layer of neurons. This aspect is important
when computing the weighted net adder and the purelin() activation function because it affects
the connection structure in the ANN. The implementation in Python and C# is almost identical
to Matlab, with minor syntactical differences. After calculating net, the output value from the
ANN is calculated in the second layer [24, 28-29]. It turned out that the codes written in the
three programming languages selected for comparison, i.e. Matlab, Python and C#, do not
differ significantly, as they all operate practically on the same operations, but differ syntax.

5 AE implementation to improve neural model

Designing and implementing an ANN in Python and C# is basically not much different from
the way of creating a solution in Matlab, because, among other things, a similar method for
determining the net value and, therefore, the value of the ANN outputs using newly generated
chromosomes in individual AE iterations is similar. The research noted, among others, that the
possibilities of performing operations on matrix and table data written in Matlab in comparison
with solutions written in C# and Python indicate that many operations have simple and conve-
nient coding solutions in the language. Matlab require writing more extensive code in C# and
Python, and often adding dedicated new methods to obtain the same equivalent functionalities.

The above-mentioned solutions, e.g. when determining the value of the tansig() activa-
tion function, require first the extraction of parameters from the chromosome, and then the
previously calculated tab1net value is assigned to the net variable. Next, the tansig() function
is used to calculate the result based on the previously prepared code. In the implementation
carried out in Python, the code is basically similar to the solution used in Matlab, but it can be
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noticed, among other things, that there is a difference in the syntax of both languages, because
in Python during the process of calculating the neuron activation function tansig() first, the
parameters are downloaded from the chromosome.

Also in the case of implementing this solution in C#, you can notice that it is almost identi-
cal to the codes in Matlab and Python, except for the syntax specific to this language. Here, the
process of calculating the tansig() function starts with the extraction of parameters from the
chromosome. Then, the previously calculated tab1net value is assigned to the net variable. In
the final step, the tansig() function is used to calculate the result using the previously prepared
code. The situation is similar when calculating the value of the weighted net adder and the
neuron activation function in the ANN output layer.

It is worth noting that the input to this layer is the output from the hidden layer of neurons.
This aspect is important when computing the weighted net adder and the purelin() activation
function because it affects the connection structure in the ANN. The implementation in Python
and C# is almost identical to Matlab, with minor syntactical differences. After calculating net,
the output value from the ANN is calculated in the second layer [24, 28-29].

It turned out that the codes written in the three programming languages selected for com-
parison, i.e. Matlab, Python and C#, do not differ significantly, as they all operate practically
on the same operations, but differ syntax.

5.1 Initialization of the Beginning Population

In the initial phase of the Evolutionary Algorithm, called population initialization, a key step
is to assign random values to each gene in the chromosome if the genotype is composed of one
chromosome as in the case under consideration. The following method was adopted: first, the
range of values from which the values of individual chromosomes will be drawn is calculated,
i.e. the upper value of each gene is determined by adding to the value of each parameter the
adopted value related to the accuracy of the parameter or, in the case of the lower value of
each gene, this value is subtracted. Then, the value of each parameter (weight and bias) is
drawn from the range defined by its upper and lower values, thus ensuring diversity in the
Initial Population (IP) called Beginning Population (BP).

PP is implemented in a similar way in Python using the numpy library, which is very help-
ful in array operations. It was assumed that 100 sets of chromosome values (100 individuals)
were generated, each containing 1 296 genes. Each set consists of random values, generated
on the basis of given minimum and maximum values for various parameters. The method
implemented in C# is analogous to the described solution in Python, differing only in the use
of a generic list and methods available in the C# environment. C# code is implemented in a
way that maintains the same logic as Python code, while maintaining readability and efficiency.

All methods in three different programming languages that generate the Initial Population
are basically similar to each other, but differ in the specifics of the programming languages in
which they are implemented. The main goal of these methods is to generate 100 chromosomes
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(individuals) with a length of 1,296 each, which will be subjected to the process of changes
as part of the methods used in AE, i.e.: crossover, mutation, selection, etc.

5.2 Crossover and mutation

The modified single-point crossover method was adopted as the crossover method, which will
be presented in each of the implemented programming languages and briefly discussed. The
crossbreeding method is usually a key step in the AE algorithm, where units of the Parent Pop-
ulation are paired together to create offspring that will have traits from both parents. The first
step is to create a loop that will be executed five times because five crossovers will be generated.

The second step is to draw two chromosomes numbered from 1 to 100, then cut both
chromosomes at a randomly selected point and cross-assign the cut parts. In the next step,
two points are selected: one for the first layer and the other for the second, to finally select a
random split point for each type of data: for the first layer’s weights, for the first layer’s biases,
for the arguments and for the second layer’s weights and biases.

This process will be repeated for each parameter set. This method was chosen because it
is a very effective way to achieve diversity in the Parent Population. By randomly selecting
the split point for each type of data, it is ensured that the newly created units will contain
characteristics of both parents, which can lead to more diverse offspring. Uniform mutation was
adopted as the mutation method, so that each chromosome has an equal chance of mutation,
which allows maintaining diversity in the population. If a mutation is drawn, the chromosome
value is again drawn from the minimum and maximum range for a given parameter.

5.3 Fitness function

The fitness function enabling the assessment of the degree of adaptation of individuals (chro-
mosomes) to the population was defined as the MSE error occurring between the output values
obtained from the model and the values obtained from the system (Figure 2).

In order to visualize the performance of the AE algorithm, Figures 3-5 show the wave-
forms of the adaptation function defined as the MSE error value in individual programming
languages, i.e. Matlab, Python and C#. It turned out, among others, that the algorithm imple-
mented in Matlab shows the best value of the adaptation function, the next one is the algorithm
implemented in Python, and finally the algorithm implemented in C#.

5.4 Selection using a roulette wheel

In AE, a roulette wheel method was used as a selection method for a population of chromo-
somes, where each chromosome is assessed based on its quality and then selected on the basis
of a probability proportional to its assessment, with the selection probability determined for
each chromosome based on its assessment.
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Figure 2. Listing of fragment code regarding determining the MSE error as the value of the fitness
function in a given epoch. Source: Own study [12, 19-20, 25, 28-29].

Figure 3. The course of the adaptation function generated in C#. Source: Own study [28].

Figure 4. The course of the adaptation function generated in Python. Source: Own study [28-29].
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Figure 5. The course of the adaptation function generated in C#. Source: Own study [28].

6 Comparative studies of programming languages

Detailed research is aimed at assessing the effectiveness and execution time of the evolu-
tionary algorithm implemented to improve the neural model of the DAM system in three
programming languages, i.e. Python, Matlab and C#, and comparing them with each other.
The main aim of the research was to assess how changes in the size of the population and the
number of iterations (epochs) affect the speed of AE implemented in particular programming
languages. Particular attention was paid to the quality of the model, i.e. the consumption
of the smallest possible memory capacity by individual algorithms and the running time of
individual algorithms.

6.1 Methodology and measurement tools

Three programming languages were used in the research process, i.e. Python due to its free
availability for individual clients and rich equipment with ready-made various implementa-
tions of evolutionary algorithms, Matlab due to its adaptation to scientific and engineering
research due to its rich possibilities of conducting calculations using matrices and multidi-
mensional arrays, as well as rich library equipment with artificial intelligence algorithms, and
the C# language due to the possibility of using it directly in the .NET environment with the
possibility of memory and performance management.

Therefore, in order to compare the effectiveness of the evolutionary algorithm implemented
in these three programming language environments, we mainly focused on two main aspects:
the execution time measured from the start of the algorithm to its completion and the memory
consumption measured by the amount of memory occupied by the process during its execution.
In order to measure the execution time of Evolutionary Algorithm implemented in each of the
three programming languages, appropriate measurement tools were used. Thus, Python uses
the time module to measure the algorithm execution time, Matlab uses the tic and toc functions
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to measure time, and C# uses the stopwatch class to precisely measure the code execution
time. To measure memory consumption, the memory-usage function from the memory-profiler
module was used in Python, the memory function to monitor memory consumption in Matlab,
and the GC.GetTotalMemory(true) method in C# to measure memory consumption [1-2,4-5,
18, 26, 28-29].

6.2 Research procedure

The research was carried out by running an evolutionary algorithm using different sizes of
the Parent Population (PP) and a different number of epochs (iterations) in each implemented
programming language. The results were compared in terms of: algorithm execution time
measured from the beginning to the end of the algorithm and memory consumption measured
by the amount of memory occupied by the process while executing the algorithm. The research
results are presented in Table 3 and in Table 4, which made it possible to precisely compare
the effectiveness of the evolutionary algorithm implemented in each of the three programming
languages.

Table 3. Comparison of memory consumption and execution time with different numbers of iterations
and constant sizes of the Beginning Population. Source: Own study [28-29].

Iterations size 100 500 1000
BP size 100 100 100

A programming
language

Memory
usage [MB]

Execution
time [s]

Memory
usage [MB]

Execution
time [s]

Memory
usage [MB]

Execution
time [s]

Python 63.28 14.16 63.05 67.94 63.5 133.24
Matlab 0.0152 8.36 0.089 4.25 0.35 8.59

C# 0.038 3.0 0.039 15.0 0,0349 30.0

Table 4. Comparison of memory consumption and execution time with constant numbers of iterations
and different sizes of the Beginning Population. Source: Own study [28].

Iterations size 1000 1000
BP size 1000 500

A programming
language

Memory usage
[MB]

Execution time
[s]

Memory usage
[MB]

Execution time
[s]

Python 72.21 2 118.49 67.35 420.52
Matlab 0.77 201.0 0.47 50.42

C# 0.77 375.0 0.033 161.0

7 Discussion of selected research results

In comparative studies of selected programming environments from the point of view of the
duration of the execution time of the Evolutionary Algorithm, Python showed high efficiency
with smaller sizes of the Parent Population in EA. This situation means that for a small number



100 J.R. Tchórzewski and M. Zakrzewski

of individuals in PP and a relatively small number of iterations (epochs), the time needed to
perform EA was acceptable, which results from its simplicity in implementing this type of
algorithms. However, as the PP size and number of iterations increased, the AE execution
time increased significantly, and furthermore, the interpreted Python code execution approach
resulted in higher CPU and memory resource consumption for more complex computational
operations.

Therefore, Python’s performance may be sufficient for smaller scale applications or for
evolutionary problems with low computational complexity. However, for more computation-
ally intensive tasks, such as large population sizes or long series of iterations in evolutionary
algorithms, it is necessary to consider alternative programming environments with higher
performance. In turn, Matlab showed higher efficiency with larger population sizes compared
to Python and C#. One of the key factors influencing the higher performance of the Matlab
language is the built-in support for matrix and array operations through the possibility of using
numerous algorithms included in the MATLAB environment toolboxes, which contributes to
faster data processing compared to the Python environment and the C# language environment.

In the case of evolutionary algorithms, which often operate on large data sets represented in
matrix and table form, such efficiency significantly speeds up the computational process. Ad-
ditionally, the MATLAB environment offers a wide range of built-in m-files for data analysis
and modeling, which can facilitate the implementation and testing of evolutionary algorithms.
Thanks to this, research with larger PR sizes may be easier to conduct and more effective. It
is also worth noting that the performance of AE implemented in Matlab may also depend on
specific operations and the type of calculations, and in some cases, especially with more com-
plex computational operations, the performance may be similar to the performance of other
programming languages, or even slightly lower due to the characteristics of the interpreted
language.

It is also worth noting that C# showed a longer execution time for the evolutionary
algorithm than Matlab, but significantly shorter than Python. In summary, the choice of pro-
gramming language to implement evolutionary algorithms should take into account not only
execution time but also memory consumption. For applications requiring intensive compu-
tation and large data management, MATLAB and C# may offer better memory efficiency
compared to Python.
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