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Abstract. Modeling in the context of Artificial Intelligence (Al) is using mathematics
to describe, analyze, and predict real-world systems. Building models that can simulate
or predict various aspects of reality is a key issue that is the subject of many studies. The
quality of models depends on many elements, starting from the architecture of the neural
network itself, through the selection of teaching data in terms of the size of the sets, and
the number of factors influencing the choice of the network itself. Modifications of the
network training methods themselves also play an important role, e.g. through the use of
Evolutionary Algorithms (AE). The paper focuses on several selected aspects related to
the quality of modeling based on prices on the Day Ahead Market (DAM). The influence
of network architecture factors, network type, number of training data, and Evolutionary
Algorithms on the improvement of the model quality measured by the Mean Squared
Error (MSE) and the coefficient of determination (R2?) were considered.

Keywords: Day-Ahead Market, Modeling, Neural Networks, Evolutionary Algorithms,
model improvement, MATLAB environment.
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1 Introduction

During the development of modeling, several different approaches have been developed and
have introduced their own research tools. These include statistical models that use data to
predict future outcomes based on probability distributions. optimization models such as
linear programming, which optimizes a linear objective function under linear constraints, or
Evolutionary Algorithms for optimizing problems by simulating evolutionary processes. The
so-called machine learning includes neural networks that are trained based on input data. The
work uses a model with a teacher where the model output data is compared with the system
output data for prognostic purposes, this is the so-called regression model. There are many
types of neural networks, from the historically first Perceptron [19] through Recurrent Neural
Networks (RNN) [8], Radial Basis Function Networks (RBF) [18], to deep networks, i.e.
Long Short-Term Memory (LSTM) networks [6] or Convolutional Neural Networks (CNN)
[13, 25]. Both the diversity of network types and the search for different solutions within a
given type of network, e.g. the number of layers, learning algorithm, etc., serve one purpose,
namely building a model of the real system for various purposes, e.g. optimization, prediction,
or simulation. The subject of this work is the presentation of selected results of work related to
the modeling of the Day-Ahead Market (DAM) system of the Electricity Exchange in Poland.

2 Day Ahead Market

The basic principles of operation of the electricity exchange (ee) system are included in the
Energy Law Act of April 10, 1997 and related implementing acts. The Energy Law does
not provide for specific restrictions on shaping various methods of energy trading. Currently,
the Polish electrical energy (ee) system consists of three subsystems (called segments): the
contract market system, the stock market system and the balancing market system [16].

The contract market system is a system that trades electricity based on bilateral contracts
concluded directly between electricity producers and final customers or companies trading in
electricity. The exchange market system is a system that trades energy on the energy exchange
(TGE S.A.), mainly on the DAM (the Intraday Market also operates on TGE S.A.). Listed on
TGE S.A. futures contracts for the supply of electricity are used to determine the price in the
long term (in the so-called long-time horizon), which is used by sellers and large consumers
to forecast the price of electricity and optimize the costs of its sale and purchase. TGE S.A.
also trades in property rights arising from certificates of origin of energy, where producers
of energy from renewable energy sources and cogeneration sources and companies obliged
to purchase certificates of origin can trade in property rights to these certificates. At TGE
S.A. CO, emission allowances are also traded when European Unit Allowance (EUA) units
are traded in the form of spot transactions. Quotations on the DAM taking place every day in
two sessions: at 8:00 and 10:30 held the day before the day on which the physical delivery of
electrical energy takes place. The system consists of 24-hour quotation settlement periods in
which members submit purchase and sale offers, the price is determined on market principles
on the so-called fixings, there are also continuous quotations.

The overriding challenge is also the need to integrate the IT management system of TGE
S.A. with the National Power System in order to include DAM system into a unified Electricity
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Market system, and therefore there is a need to obtain a model of the DAM system to include
it online in the above-mentioned integrated system.

There are many approaches to modeling prices in this market in the literature. The most
popular method is to use time series of historical energy prices, which are fed as input to
Artificial Neurons Network (ANNSs). However, some studies also take into account additional
factors at the ANN input, such as the volume of energy sold, which allows for a more com-
prehensive analysis. This work proposes a systemic approach using Multiple Input Multiple
Output (MIMO) models to create price models. Key element of proposed method is to de-
termine in advance the volume of energy that serves as input in order to be able to forecast
weighted average energy prices as the final result.

The proposed model assumes that the energy volume is shifted by one day in relation
to the quoted price. Other studies based on historical energy prices also use a similar offset
approach. There are also analyzes in the literature that use energy volumes as input instead of
shifted historical prices. Furthermore, it is worth noting that there are methods for forecasting
both energy volumes and power demand that can be used as inputs in the models presented in
this work.

3 Model description

In terms of the possibility of using ANN as a regression model, the literature on the subject
distinguishes at least the following ways of using data to obtain a model:

- Price time series using a creeping trend model, in which volume-weighted average energy
prices with a daily shift (t+1) are assumed as input values [17],

- Time series with the following input values: energy price (t), volume (t), wind speed (t),
cloud cover (t), temperature (t), transaction time (t), day of the week (t) as output values the
price of electricity (t+1) [5],

- MISO-type ARX parametric input-output model, in which the volume in each hour of
the day (t) is assumed as input and the volume-weighted average price ee (t + 1) is assumed
as output [14].

The model used in this work is an input-output model of the MIMO type using ANN, in
which 24 volumes of energy in each hour of the day (t) were assumed as input values, and 24
volume-weighted average energy prices in each hour of the day (t+1) were assumed as output
values.

4 Analysis of works by other authors

Taking into account the analysis of the impact of various factors on the volume and the average
volume-weighted price, they were adopted as synthetic measures taking into account factors
such as: political, technical, social, economic, etc.

Table 1 presents the results of the literature review from the point of view of the following
characteristics: authors, type of modeling, data, time horizon, evaluation measures, input and
output quantities, type of object, and computational environment.

Based on the seven items of literature on the subject analyzed in detail, listed in Table 1,
it follows, among others, that:
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Table 1. Selected list of modeling characteristics for selected works. Source: own work [3, 9, 11, 14,

19].
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1. Infive cases, time series were used in the research, and in three cases, input-output models
Multi Input Single Output (MISO) were used,

2. Parametric models were used in six cases and neural models in three cases,

3. Single Input Single Output (SISO) -type models were used in three cases, MISO-type
models in three cases, and MIMO-type models in one case,

4. In two cases, the STATISTICA package was used as the computing environment, in two
cases MATLAB, in one case Python and in one case GRETL.

5 Behavior of the selected network

The research on modeling the DAM system included, among others considering the Radial
ANN of the Generalized Regression Neural Networks type (Figure 1) due to its approximation
properties. Its characteristic feature is that the output values of the first layer before entering
the second layer are processed by the normprod() function, which is the product of the output
signal y! and the second layer weight matrix w? normalized by the sum of the elements of the
y! vector, which in the case of individual signals can be express as follows:

1

y .
normprod (y"j) = wizj # Z; )
J

ey

where:
y" j —normalized output from the hidden layer of neurons,

w?; 7 — link between i-th neuron of output layer and j-th output from the hidden layer.

Layer
Input Layer Output
24 n | — 24 24
6221

Figure 1. Architecture of the generalized Radial ANN used in the research experiment. Markings: Input
(24) — input signals to the ANN, here: 24 signals representing the volume of electricity sold in individual
hours of the day, Layer (6221) — hidden layer composed of 6221 neurons with a radial neuron activation
function newgrn(), (each input signal is represented by another neuron), Layer (24) - the output layer
of neurons composed of 24 output neurons with a linear neuron activation function purelin(), Output
(24) - output signals from the ANN (here: 24 signals being the average price weighted by the volume of
electricity sold every hour of the day. Source: Own work in the MATLAB and Simulink environment

[2].

What is worth noting in this type of network is the ratio of the number of neurons in the
hidden layer to the MSE error value. The analyzes show that it decreases as the attraction
radius decreases. Figure 1 shows the architecture of a generalized Radial ANN with 6221



74 D. Rucinski

neurons in the hidden layer, which represent the number of all training pairs. The relationship
between the MSE error value and the number of neurons in the hidden layer is shown in Figure
2.

Performance is 1.06831e-05, Goal is 5e-06

1072
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Figure 2. Dependence of the MSE error in relation to the number of neurons in the hidden layer in the
Radial network. Markings: x-axis — number of neurons in the hidden layer, y-axis — MSE error value.
Source: Own work in the MATLAB and Simulink environment [2].

Selected MSE error values depending on the number of neurons in the hidden layer are
presented in Table 2.

Table 2. Selected MSE train error values depending on the number of neurons in the hidden layer.
Source: own study in MATLAB and Simulink [2].

Number of neurons|MSE error value Number of neurons/ MSE error value
in the hidden layer in the hidden layer

1 0.00244929 50 0.00196271

500 0.00166496 1000 0.00148653

2000 0.00118 3000 0.000878569
5000 0.000286215 6100 1.06831%107°

The analysis of the results obtained in Table 2 indicates that the MSE error decreases
with the increase in the number of neurons in the hidden layer and reached the value of
1.06831*10-5 for 6100 neurons in the hidden layer. Taking into account the dependence of the
number of neurons in the hidden layer on the MSE value, the maximum number of neurons,
i.e. 6100, was adopted for further work
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6 Testing the influence of the number of hidden layers

The impact of the number of hidden layers on the quality of the neural model based on another
tested network that was taken into account in the modeling process of the DAM system,
namely the Perceptron ANN, was also analyzed. Six networks were trained and the results of
the decrease in training error in individual epochs, expressed as MSE, are presented in Figure
3.

Comparision of model quality depednding

5 X 1073 on the number of hidden layers
1 hidden laer
2 hidden layes
25| 3 hidden layes | |
' 4 hidden layes
5 hidden layes
oL 6 hidden layes | |
L
0 i15r i
1t ]
05 i
0 . SR
0 2 4 6 8 10 12 14

epochs

Figure 3. MSE error values depending on the number of hidden layers in the Perceptron ANN. Own
development in the MATLAB environment [2].

As can be seen in Figure 3, the number of hidden layers does not have a major impact on
the quality of the network measured by the MSE meter, regardless of the number of hidden
layers in the training process, the trained model of the DAM system was achieved learning
goal in epoch 4-6. Table 3 presents the MSE values in the fifth learning epoch for individual
neural models with different numbers of hidden layers

The influence of the learning methods on the quality of the neural model based on
Perceptron ANN was also analyzed. Eight learning models were analyzed, and used as models
for learning weights and biases in initial propagation. The results of the research are presented
in Table 4.

As can be seen in table 4 the most effective among the others comparing methods is the
Levenberg-Marquardt method.
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Table 3. MSE value for the 5th epoch of training the Perceptron ANN for a different number of hidden
layers. Source: Own work in the MATLAB and Simulink environment using own m-files and DLT [2].

Number of hidden layers The value of MSE in the 4th epoch
1 layer hidden 3.56045694324233e-05
2 hidden layers 3.61292021435581e-05
3 hidden layers 4.92057447000402e-05
4 hidden layers 3.86536498812968e-05
5 hidden layers 4.59909932288910e-05
6 hidden layers 5.16455410238103e-05

Table 4. MSE value for various learning methods Source: Own study in MATLAB and Simulink
environment [2].

Learning method MSE value

Levenberg-Marquardt 6.45200861044583e-06
BFGS Quasi-Newton 0.000347970045087015
Resilient Backpropagation 8.43831919196286¢-05
Scaled Conjugate Gradient 6.61551823284186e-05

Conjugate Gradient with Pow-|8.43881871135740e-05
ell/Beale Restarts
Fletcher-Powell Conjugate Gradient|7.35838787923228e-05
Polak-Ribiere Conjugate Gradient |6.59734554615669¢e-05
One Step Secant 0.000305660835847778

7 A proposal to improve the model based on the implementation of the
Evolutionary Algorithm

After training the ANN with the DAM system (neural model), an attempt was made to im-
prove it by using the Evolutionary Algorithm (AE). In the theory of genetic and evolutionary
algorithms, there are many different practical solutions in terms of their program implemen-
tation. Historically, from work on genetic algorithms [11], through evolutionary algorithms
and evolutionary programming [9], to evolutionary strategies, including attempts to automate
the writing of LISP programs (genetic programming) [10]. However, so far there is no uni-
form nomenclature, and attempts are being made to finally unify the above-mentioned names.
methods under one name: evolutionary algorithms [1].

In the literature, evolutionary algorithms are often used to improve models of neural sys-
tems [4, 15, 20, 21]. Most often, in ANNS, the values of the weight and bias matrix require
improvement. Individual AE methods are then used, including: the method of building the Ini-
tial Population, which in subsequent stages becomes the Parent Population, the crossbreeding
method, the mutation method, the adaptation (robustness) method and the selection method,
the selection of which for improving the ANN is based on their most explicit design and
minimizing CPU load (the same methods were used in the quantum-inspired AE).

Designing the Initial Population (PP)
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The design of the Initial Population was based on a Perceptron ANN trained with the
neural model of the DAM TGE S.A. system. based on data from transactions that occurred in
the period 01/01/2019 to 30/06/2019 (i.e. 181 days) for all hours of the day.

Improving the neural model of the DAM system

The improvement of the neural model of the DAM system is based on improving the
accuracy of the weight values of both weights matrices of the Perceptron Artificial Neural
Network and on improving the accuracy of their mutual relations between the neuron layers,
and thus, in a sense, on improving the mutual matching of the values of the elements of both
weight matrices. The accumulated knowledge contained in the weight matrices is tuned to the
DAM system using the Evolutionary Algorithm.

Construction of the genotype structure

In this case, it is assumed that the individuals of the population are composed of a single
chromosome, in which subchromosomes represented by both weight matrices W' and W? are
immersed !, with the weight values ( w;;") of individual rows of both matrices immersed in
them, which can be formally written as follows:

Ch; () = [W'W?], ()

where:
W[ [w! 1 1 1 1 1 1 1 1

=[ Wi Wi Wiogl [Woiwoo... Wooal...[Woa1Wogo... Wogoll,
W= w2 w2io .o Wioad [w?ar wlao oo whaoal o [ WPaa 1 W2aao ... Wouall,

Ch; (t) — i-th chromosome with values at time t.

Using the definition of chromosome structure (2), it is possible to generate a PP composed
of individuals with the structure of a single chromosome containing 1,152 genes, which in
the considered case are the values of individual chromosome elements (w; ;). The values of
subsequent genes for all chromosomes are generated based on values drawn from the intervals
created as follows:

wl-jc = wij”iAwij”, (3)

where:

Aw;;" — increase in the weight value as a result of increased accuracy of the weight value
(e.g. by one degree of precision) in relation to the weight value).

The generated chromosome structure was used in the Initial Population to create 10,000
individuals, which, as a result of AE operation, became the Parent Population using the AE
algorithm.

IThe concept of immersion was introduced, among others, in [24], which is understood as the
minimum number of dimensions (geometric coordinates) necessary to reflect (describe) the system. The
essence of the problem is to determine such a space where the so-called phenomenon does not occur.
false neighbors, i.e. points that are close to each other in n-dimensional space may be located far from
each other in n+1-dimensional space. The minimum number of dimensions when this phenomenon does
not occur is called the minimum immersed dimension

2two matrices x matrix dimension: 2 x (24 x 24) = 2 x 576.
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7.1 Crossbreeding method and mutation method

Evolutionary algorithms use various crossover and mutation methods depending on the type of
research experiment being conducted. The most frequently used crossbreeding methods to im-
prove weight values in AE include single-point and multi-point crossbreeding of individuals,
and mutation methods include changing the sign of the weight value, increasing/decreasing
the weight value by an order of magnitude, etc.

The crossbreeding method (single or multi-point) is used with a probability of 0.1 < pk
< 1.0, and its operation consists in cutting two individuals from the population (connected in
pairs) at a randomly selected crossbreeding site (locus’) and then replacing the cut off parts
of both individuals between them. For the purposes of this work, the single-point crossover
method, most frequently used to improve the value of weights in ANNs, was selected.

The mutation method is usually used with a low probability of 0.01 < pm < 0.09 (usually
an order of magnitude lower than the crossover probability). The result of the method is an
increase in the diversity of the populations that are subject to assessment and succession. For
the purposes of this work, the mutation method was chosen, which involves changing the
value of the randomly selected weight by an order of magnitude.

7.2 Adaptation (robustness) method

The adaptation method in AE is used to assess the degree of adaptation of individuals in each
cycle of the algorithm. In the literature on the subject, there are several concepts for building
functions used in the method of adapting individuals to the structure of population individuals,
but there are no sufficiently developed methods for selecting adaptation functions.

For the purposes of this research, the discrepancy function resulting from the degree
of mismatch between the neural model and the DAM system was assumed as the fitness
function (robustness function). The measure of an individual’s adaptation to the environment
is the difference between the expected output values from the neural model and the average
output values from the DAM system, determined as the Mean Square Error (MSE) calculated
according to equation (4).

_1 s _ yn)2
MSE—nZ(yi ¥, 4)

where:

y;- exit from the DAM system (volume-weighted average price ee),

¥} — output from the neural model of the DAM system (volume-weighted average price
ee).

7.3 Selection method

Various selection methods are used in AE, such as: roulette method, tournament method,
ranking method, elite method and many other methods [1].

3Locus — a position indicating the location of a given gene on the chromosome.
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The roulette method (also called the proportional method) involves determining for each
individual the probability of its reproduction, determined as the ratio of its fitness value to the
sum of the fitness values of all individuals. Individuals occupying a "larger" probability area
have a greater chance of being selected into the next population.

The ranking method involves assigning an appropriate weight (rank) to each individual,
which characterizes its adaptation value. The population marked in this way is sorted according
to the assigned values (usually expressed as a set of natural numbers). After assigning ranks,
a random variable is determined that assigns the probability of selecting a given individual
from the population depending on the previously obtained rank.

The tournament method involves selecting a specific number of individuals from the
available population (each individual is equally likely to be drawn), and then the individual
with the highest fitness value is selected from the drawn group. This process is repeated until
the entire offspring population is selected.

The elite method consists in sorting by the fitness value of the Parent Population, then
deterministically selecting a certain part of the best-adapted parental individuals to the new
population and selecting the remaining population using the selected method. For the purpose
of improving the DAM system model, three AE selection methods were examined:

1. Elite,
2. Roulettes,
3. Tournament.

The obtained MSE error curves for the subsequent selection methods are presented in
Figures 4 to 6, respectively.

«103 MSE error for elite selection
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Figure 4. The course of the MSE error when the elite selection method is used in AE. Source: Own
study in the MATLAB environment [2].
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Figure 5. The course of the MSE error when using the roulette method in AE. Source: Own study in the
MATLAB environment [2].
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Figure 6. MSE error progression when using the tournament selection method in AE. Source: Own
study in the MATLAB environment [2].
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The analysis of the obtained MSE error patterns shows that the best course is characterized
by the AE algorithm with tournament selection, therefore, for the purposes of the research
carried out in this work, the tournament method was adopted as the selection method without
returning the randomly selected individuals, due to the high selective pressure®.

The relationship between ANN and AE in the process of improving ANN weights is shown
in Figure 7.

hidden layer

L ] b4
Initiation of the itial population P

.

Population assesament P'

v

Mumber of epochs(t) = n

Selection for the nectera P | :—QLAE

l’ Generzting 2
| Cruzntum-inspirad crossover znd mutation

Creating a new population P!

Figure7. A scheme for using the Evolutionary Algorithm to improve the weights of the Perceptron
Artificial Neural Network. Designations: dotted line — relation between MATLAB and AE, continuous
line course within both models. Source: Own work in MATLAB and Simulink notation [2].

4Selective pressure - this is the tendency of an AE to improve the average fitness of a population
during the next evolutionary cycle.
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After selecting 10,000 winning chromosomes, they were determined to adapt to the
DAM system. To improve the neural model, AE runs for 50 generations. The results of the
improvement of the neural model of the DAM system are presented in Figure 8.

Adjustment function depending on the epoch

0.99815

0.9981

0.99805

0.998

adjustment value

0.99795 |

0.9979

0.99785 : : : :
0 20 40 60 80 100
epochs

Figure 8. The course of the adjustment function depending on the generation (epoch) in the Evolutionary
Algorithm. Designations: epoch — the number of the next population obtained as a result of crossing,
adjustment value — the value of adaptation of the neural model to the DAM system. Source: Own study
in the MATLAB and Simulink environment [2].

The possibility of improving the quality of ANNs by using AEs without evolutionary op-
erators (crossing and mutation) was also analyzed, the results of this experiment are presented
in Figure 9.

As can be seen in Figure 9, it turned out that no improvement in the quality of the ANNs
was achieved in the case of multiple sampling. Studies were conducted for multiple sampling
in numbers ranging from 1000 to 10,000 at a step of 100.

For comparison, the decrease in MSE error for SSN with improvement with AE using
genetic operators is shown in Figure 10.

Checking the degree of improvement of the neural model as a result of the use of the
Evolutionary Algorithm in relation to the DAM system model in the form of an Artificial
Neural Network shows that the MSE error, which for the Perceptron ANN was 0.0242, for
the ANN corrected with AE 0.0124, which indicates that it indicates that the SNN corrected
with AE obtains results closer to the real values. You can see that the MSE error of the
evolutionarily corrected ANNs has almost doubled .

8 Conclusions

The work focused on improving the price model on the Day-Ahead Market (DAM) of the
Electricity Exchange (TGE S.A.) using neural networks (ANN). Several key aspects of mod-
eling were shown, such as the architecture of neural networks, types of networks, and the use
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MSE error for multisampling
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Figure 9. The Multiple sampling in AE (without the use of genetic operators). Source: Own study in the
MATLAB and Simulink environment [2].
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Figure 10. AE with the use of genetic operators. Source: Own study in the MATLAB and Simulink
environment [2].
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of Evolutionary Algorithms to optimize models. Unlike most works of this type operating on
time series, a MIMO (Multiple Input Multiple Output) model based on ANN was proposed.
The input data include electricity volumes during individual hours of the day, and the output
data are weighted average energy prices for the next day. A literature review was conducted on
various methods of modeling electricity prices, such as time series and input-output models
(MISO, MIMO). Computing environments and model evaluation methods were also com-
pared. Details of the Radial ANN architecture is presented, illustrating the dependence of the
MSE error on the number of neurons in the hidden layer. The influence of the number of
hidden layers on the quality of the model was also discussed. It was proposed to improve the
model using Evolutionary Algorithms: The possibility of optimizing the ANN model using
Evolutionary Algorithms was investigated. Experiments were carried out with various training
methods in the context of MSE error reduction. The paper demonstrates the usefulness of
improving the DAM system model based on the proposed ASN-AE hybrid model.
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