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Abstract: This article presents an idea of the implementation of different real load profiles for energy
storage system (ESS) operation. The considered approaches are based on real long-term measurements
using energy meters, the adaptation of the standard profiles defined by the distribution system
operator (DSO), as well as a mix of the level of contracted power and short-term measurements. All
combinations are used as electricity demand to formulate an ESS operation plan that cooperates with
the PV system and the electricity market. The GAMS solver is applied to obtain optimal operation
tasks of the ESS to cover different real and pseudo-real load profiles of an industrial company.
Obtained results are presented using a real case study of a metallurgy company with a 317 kWp
photovoltaic installation and a 200 kW ESS.

Keywords: energy storage system (ESS); photovoltaic (PV); load profiles; operation of energy
storage system

1. Introduction

The increase in energy costs and the need to decarbonize the energy market prompt
the search for functional and organizational alternatives and mechanisms [1,2]. Desirable
solutions include the promotion of greater activation and participation of energy recipients
as part of new prosumer models and autonomous civic energy communities [3], including in
particular households in multifamily buildings, entrepreneurs from the small and medium
enterprises (SME) sector, and local governments, and their joint participation in planning
local renewable energy sources, energy storage, and infrastructure networks [4].

It is also important to increase the role of electricity storage [5], as well as gas, heat,
and cold [6], for optimal use of surplus energy from renewable energy sources (RESs)
that consumes the dynamic increase in installed capacity in this sector and to improve
the stability of energy networks [7]. In the last decade, there has been great interest
among consumers (both individual and industrial) in the use of energy storage systems
for cooperation with the power grid. Their purpose is not only to reduce the cost of
energy consumption, but also from the point of view of industrial customers, to ensure
the security of production continuity by protecting the operation of sensitive equipment
against the lack of energy supply during technological processes [8]. The importance of
energy storage systems (ESSs) is also demonstrated by the interest of the scientific world [9].
Scientific works are focused on areas such as the technology of ESS implementation, issues
related to planning and optimization of system operation with different load profiles, and
consequently proposals of optimization tools application, as well as issues of its operation
with the power system and renewable energy sources [10,11].

The application of an ESS to microgrid (MG) issues with a comprehensive review
was presented in Ref. [12]. The article considers control approaches, challenges, solutions,
applications, and overall management prospects. The author pointed out that MG inte-
gration may assure some benefits. There is a need for this to face many challenges and
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issues in its control and management, which can be effectively dealt with by incorporating
ESS technologies into MGs (the block diagram representation of various applications of
an ESS and the energy management system (EMS) strategies for the MG application are
presented). From an economic point of view, future trends and real-time applications
are also clarified, greatly contributing to the development of a cost-effective and robust
longer-life ESS architecture for renewable MG applications [13].

An important aspect in deciding whether to use an ESS is meeting the economic
expectations for the industrial investor. Costs are closely related to the chosen ESS technol-
ogy. In Ref. [14], the authors provide a comprehensive overview of ESS technologies and
consider how to accelerate the introduction of an ESS into power systems by reviewing
and discussing the technical and economic requirements for an ESS.

This paper discusses, as a case study of energy storage, using batteries for energy
storage. Battery energy storage systems (BESSs) currently seem to be recommendable for
use in an ESS system for an industrial partner. It is crucial to integrate them with the local
distribution grid. In Ref. [15], the authors propose a comprehensive view of battery energy
storage system (BESS) integration in AC distribution grids. The authors pointed out that
the BESSs are promising solutions to mitigate the impact of the new loads and RESs [16].

The considerations presented above on the proper and effective cooperation of an ESS
with the power system are united by one main denominator: the use of appropriate load
profiles, which depend on the actual variable nature of operation of the industrial con-
sumer’s equipment. This paper discusses the performance of an integrated ESS with a PV
system and an industrial consumer. The novelty is that the paper presents the concept of im-
plementing different real load profiles into the operation of an energy storage system (ESS).
It must be noted that considered approaches are based on real long-term measurements
using energy meters. Cases for real and pseudo-real load profiles are discussed.

1.1. Literature State of the Art

The use of RESs due to randomness and intermittence generation usually leads to
excessive system size. This phenomenon causes the increase in the system capital cost. [17]
Therefore, hybrid renewable energy systems (HRESs), systems that consist of an RES and
ESS together, have been proposed to address these problems. It is essential to optimize the
operation of an HRES to utilize an RES in technical as well as economic aspects. Several
types of research related to microgrid control have been conducted in the past years,
where the short-term load forecasting (STLF) plays an increasing role. Accurate forecasting
of the electrical load has become the top management objective, but the electrical load
often presents nonlinear data patterns. The effective forecasting of forthcoming electricity
demand is hard due to the complex effects of various factors. Thus, a rigid forecasting
approach with strong capabilities for general nonlinear mapping is necessary.

A large group of short-term load forecasting methods use artificial neural networks
(ANN) associated with deep learning techniques (DL). The paper [18] proposed the use of a
long-term memory-based recurrent neural network (LSTM) for short-term load forecasting
for individual households. It is one of the latest and popular deep learning techniques. This
is a basic load forecasting approach. The proposed ANN structure was tested on residential
smart meter data, and its performance was compared with various methods including
state-of-the-art load forecasting. The results showed that the proposed LSTM approach
outperforms other algorithms mentioned in the paper. The authors in [19] suggested a
deep convolutional neural network based on residual neural network (ResNet) to forecast
the building load one hour in advance. Additionally, a branch was designed to integrate
the hourly temperature with the forecasting branch. To enhance the learning ability of
the HRES model, an innovative feature fusion was presented. Finally, studies on point
forecasting, probabilistic forecasting, fusion method, and computational performance were
conducted. The results showed that the proposed model has high performance, which
reflects a promising prospect in the application. The work performed in [20] studied
the temporary behavior of a series over a period of a month of electricity demand in
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Spain, achieved by subtracting the trend from the series of consumption. A new hybrid
solution was suggested that considers the periodic behavior to be predicted by means of a
Fourier series, while the trend was predicted by means of a neural network. Satisfactory
results were obtained, which improved those obtained when only neural networks or
autoregressive integrated moving average (ARIMA) were used for the same purpose. The
new method for daily load forecasting based on wavelet neural network was presented
in the paper [21]. The method is based on selecting a typical daily load as the input load.
Based on correlation and using wavelet decomposition and separate neural networks, the
load characteristics for low-frequency and high-frequency components were selected. The
high-frequency components were well predicted by considering weather conditions and the
high-frequency component of the typical daily load as input data. The test results showed
that this method makes accurate predictions. An interesting approach shown in [22] is the
prediction of short-term residential loads using a graph-based neural network. This method
used not only historical load data, but also implicit spatial dependencies of neighboring
houses. By introducing similar energy consumption patterns due to common weather and
social conditions, machine-learning-based forecasting methods can significantly improve
the forecasting accuracy compared to basic models. The short-term load forecasting method
with the empirical-mode decomposition algorithm (EMD) was proposed in [23]. The load
was decomposed into frequency components varying from the low to high levels. The
periodic low-frequency components were predicted by the multivariable linear regression
method (MLR), while the high-frequency components were forecasted by the LSTM neural
network algorithms. The load behavior was obtained by combining two methods. The
proposed method was validated by experiments. The prediction of the load behavior
was accurate globally along with the local details, which verified the effectiveness of the
presented method.

Algorithms using support vector regression (SVR) and optimization methods such as
artificial neural network (ANN), genetic algorithm (GA), or particle swarm optimization
(PSO) are a separate group. The hybrid method based on the support vector regression
considering meteorological factors and the price of electricity was indicated in [24]. The
data used in this paper were combinations of values of individual characteristic parameters
affecting electricity load, which are analyzed in hour resolution. Then, SVR was applied to
analyze and develop the load forecasting model. Finally, the improved adaptive genetic
algorithm was used for optimizing the combination of the ratio values of each characteristic
parameter. Experimental results showed that the proposed method can obtain better
prediction performance compared with other standard and state-of-the-art methods. The
purpose of the paper [25] was to consider an SVR model with an immune algorithm
(IA), named SVRIA, for electrical load prediction. IA was used for determination of the
parameters of the SVR model. Empirical results showed that the SVRIA model gives better
forecasting results than the other methods, namely support vector machine with genetic
algorithm (SVMG), regression model, and ANN model. Electricity demand forecasting
was indicated as a useful tool for network maintenance planning and market research
of power companies. The approaches took into account weather and economic variables
that significantly affect electricity demand. Economic variables usually affect the overall
trend of the series, while weather provides periodic behavior due to its seasonal nature.
The paper [26] proposed a new approach for accurate STLF utilizing a support vector
regression (SVR) and optimization method. The SVR model was trained by the load data.
For better performance of the model, a two-step optimization algorithm was proposed
to determine the best parameters. In the first step, a designed grid traverse algorithm
(GTA) was used to narrow the parameter searching area from a global to local space. In
the second step, PSO was used to determine the best parameters. The performance of the
proposed approach is compared to some classic methods of that paper. The work [27]
presented a basic strategy for STLF based on the SVR. Two important improvements to the
proposed SVR model were introduced: procedures for the generation of SVR model inputs
and model input selection using feature selection algorithms. One of the objectives of the
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proposed strategy is to reduce the operator interaction in the model-building process. The
proposed use of feature selection algorithms for automatic model input selection and the
use of the PSO-based technique for the optimization of SVR parameters were proposed.
To confirm the effectiveness of the proposed method, the model was trained and tested
on well-known load forecasting data sets and compared to the state-of-the-art STLF. The
article [28] presented a solution for forecasting the demand for electric energy in a month
period. The solution was based on a support vector machine. The SVM approximated the
association between historical and forthcoming demand patterns. It also considered energy
demand time-series exhibit instability, as well as seasonal fluctuation cycles, long-term
trends, and random noise. To make the forecasting problem simpler, the demand time-
series in the one-month period were represented by annual cycle patterns that unify data
and remove trends. The coding variables were determined using historical or forecast data
using ARIMA statistical methods and exponential smoothing. In comparison to the other
models the obtained outcomes assured the high performance and competitiveness of the
considered model.

Very effective methods for short-term load prediction were deep learning techniques
using historical measurement data and other conditions that affect the correctness and
accuracy of the prediction. The work of [29] aimed to show recent breakthroughs in deep
learning, while using the structure of the problem to develop effective prediction tools. The
proposed method provided information about intervals and prediction density, but here it
is extended to include the goal of generating prediction scenarios. The effectiveness of the
proposed methodology was highlighted and compared with several other architectures in
terms of statistical results and impact on the quality of decisions optimized in a dedicated
stochastic optimization tool for an electricity retailer participating in short-term electricity
markets. The paper [30] showed a new holographic ensemble forecasting method (HEFM).
It used mutual information and a statistical model to select characteristic variables. It
generated training data using bootstrap functions. A model was constructed using various
artificial intelligence and machine learning algorithms. The method used the original load
forecast features, which were the result of multiple heterogeneous models trained in the
initial learning process, and actual load measurements from the last period before each
forecast. This paper compared the results with state-of-the-art forecasting methods. In the
article [31], the Bayesian deep learning technique was used to solve demand forecasting
problems. Specifically, a novel multi-objective framework based on deep Bayesian learning
was proposed to quantify common uncertainties between customer groups considering
their differences. Furthermore, a clustering-based data fusion method was prepared to
increase the diversity and volume of data. This not only solves the problem of excessive
data volume but also improves predictive performance. Presented numerical results
showed that the proposed method provides higher probabilistic prediction accuracy than
conventional methods. The paper [32] proposed a short-term individual housing load
forecasting method based on a combination of deep learning and k-means clustering, which
was able to effectively extract load similarity and accurately forecast housing load at the
individual level. It first makes full application of the k-means clustering to extract the
similarity between housing loads, and then applies deep learning to extract the complex
patterns of housing loads. The presented method was tested and validated on a real load
data set, and experimental results suggest that it can achieve significantly higher prediction
accuracy compared to published other methods.

The remaining group of methods are algorithms that use various statistical models for
short-term load forecasting in distribution networks. Their effectiveness was confirmed
in publications. The paper [33] proposed a novel and easy-to-implement approach for
combining probabilistic load forecasts to improve the performance of the forecasting. The
combination problem was defined as the optimization problem. It was conducted by
searching the weights of each individual method. Under the assumption of Gaussian
distribution for density forecasts, this problem was transformed into a linearly constrained
quadratic programming problem. Density forecasts may provide additional information
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considering the uncertainty that can be expressed by quantiles and intervals. Case studies
on the electrical load data set of lot of localizations verify the effectiveness of the proposed
method. In the paper [34], a new functional time-series methodology for short-term load
forecasting was introduced. The prediction was performed using weighted average of
historical daily load segments, the shape of which was similar to the expected shape
of the load segment to be predicted. The past load segments were identified from the
available history of the observed load segments by means of their closeness to the reference
segment. The better segment is selected in a manner that captures the expected qualitative
and quantitative characteristics of the load segment to be predicted. As an illustration,
the suggested functional time-series forecasting methodology was applied to historical
daily load data. Its performance was compared with some recently proposed alternative
methodologies for STLF.

As shown in selected publications in this section, describing the current state of
research of short-term load prediction is mainly for a period of one day and is usually
generated with a resolution of one hour. Most of the proposed methods use measured
historical load data and more or less complicated mathematical algorithms. However, there
is a lack of methods that estimate the efficiency of a microgrid for which measurements
are not yet available, for example at the stage of grid design and dimensioning of its
components such as PVs and an ESS.

1.2. Motivation, Contribution, and Organization of the Article

With the increasing number of PVs for industry applications, the number of storage
applications is also increasing to meet local demands. In the majority of cases, the planning
of the ESS is based on the financial investment possibilities of the companies. Thus, in
many cases, there is a need to define only the correct operation for the ESS system of the
companies with the PV system. However, the basic issue in operation is to ensure the real
energy demands that should be covered. In the major cases, only one-month consumption
is given by the energy metering system. Thus, there is a need to define additional, as close
as possible to real profiles for the companies, especially in the long-term horizon, which
considers both day-horizon (hours resolution) as well as session changes (months horizon).

In this article the defining long-term load profile in the case of a lack of real measure-
ments is discussed. The applied methods are based on energy consumption level based
on electric bills, standard profile, and short-term (1 week) measurements. Additionally,
for the investigated company the real load profiles are available. Thus, the comparison for
one-year data was possible. Then, the operation for a microgrid consisting of grid, a 317 kW
PV system, and a 200 kW ESS to cover previously defined load profiles in a one-year period
is presented and compared. To summarize the main contribution of the paper, it proposes
different ways to obtain “as real as possible” load profiles to assure optimal operation of
the ESS, in case of a lack of real profiles of which planning issues were solved before. It
is worth noting that the novel approach enables to define a satisfactory long-term profile
using only short-term measurements and freely accessible data, without the costly and
time-consuming actions.

Section 2 introduces the methodology to define differently the load profiles of the in-
dustrial customer and ESS operations. Section 3 contains the description of the investigated
company and energy cost in Poland. Section 4 presents the results of defining different
profiles and the operation of an ESS under them. Section 5 concludes the paper.

2. Methods for Defining Load Profiles and ESS Operation
2.1. Introduction to Load Profile Definition

In this section, the approach to defining the long-term (1 year) load profile is proposed.
The concept of this is presented in Figure 1.
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In the easiest case, if the data from metering system are available the only problem is
to choose the 1-year period (examples of the profile are presented in Section 4.1.1).

However, in the case when that profile is not available, additional actions are required.
One of the solutions is to use the energy bills given by the DSO to define the level of
consumed energy in each month. The second approach uses the information which is the
combination of standard profiles that are defined by the distribution network operator and
maintenance manual. The standard profiles are proposed by the distribution company and
updated each year. The standard profiles are defined for different consumer types and
given in 1 h resolution for different months (1-month resolution) and day type (working
day, Saturday, Sunday, and holiday). Finally, to validate the changes in consumption
of energy, the one-week measurements are performed to check the scale of changes and
update the standard profiles (an example of such approach is presented in Section 4.1.2).
The last approach is when energy bills are not available. Then, the procedure for defining
the profile is to perform control measurements in a one-week period. Then, the mean value
of the consumption is summed for working days, Saturdays, and Sundays (or holidays),
separately. Then, based on the standard profiles that are addressed to working days and free
days as well as to different season of the year the assumed consumption ratio is defined for
each kind of day for the adequate month. Based on this, the profile for one month is defined.
Then, another monthly consumption profile is defined using energy consumption level
based on measurement multiplied by the ratio of contracted power in the measurement
month and the month in which the profile is defined. The case of load profile definition in
such an approach is presented in Section 4.1.3.
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2.2. Introduction to Operation Issues of ESS

The economic model is based on minimizing the total operation cost within a year.
This paper only investigates the operation of an ESS, and it does not discuss the planning
aspects. The total cost is defined with respect to the cost of procuring electricity minus the
revenue from selling electricity to the grid. The total cost includes the operation cost of the
EES in Equation (1), where it should be minimized. Equation (2) indicates the operation cost
which includes both buying (cost) and selling (revenue) electricity to the grid as well as the
degradation cost, which arises from charging and discharging of the battery. It should be
noted that the gradation cost is disregarded in this study for the sake of simplicity. Equation
(3) shows the electrical balancing. It means that the demands should be supplied by PVs,
the grid, and discharging the ESS. Equation (4) declares that the purchased electricity from
the grid can be stored in the ESS or transferred to the output to supply the load. The
purchased electricity from the grid is bounded in (5). Similarly, the PV generation can be
stored in the ESS or transferred to the output based on (6). The PV generation is bounded
in (7) with respect to its maximum generation. The ESS is discharged to supply the load or
to sell to the grid in (8). The ESS is charged by the grid and PVs in (9). The energy balance
in the ESS is obtained in (10). This means that the amount of state of charge at each hour is
equal to the state of charge in the previous hour plus amount of charging, subtracting the
discharging. Equation (11) bounds the state of charge. Equation (12) indicates the minimum
state of charge of the ESS. The charging and discharging of ESS are restricted by (13) and
(14). Equations (15)–(17) ensure that the ESS is either charged or discharged at the same
time. Among the aforementioned equations, Equations (10)–(17) represent the ESS model,
while the degradation cost is given in (2). The particular variables used in the equations
are defined in section Nomenclature. As it can be seen from (8), the selling to the grid is
conducted by discharging the ESS, which can result in reducing the total cost. In addition,
the discharging can be conducted in order to supply the demands in (3), which means less
electricity procurement from the grid in (4). However, these actions will result in reducing
the cost if the ESS charges and discharges respecting the off-peak and peak hours.

min TC = min OC (1)

OC =
8760

∑
t=1

(Pgb
t − Pgs

t )λ
g
t + λdeg

(
Edch

t + Ech
t

)
(2)

ELt = Edch,L
t + PPV,L

t + Pg,L
t (3)

Pgb
t = Pg,L

t + Pg,ESS
t (4)

Pgb
t ≤ DemandCap (5)

PVt = PPV,L
t + PPV,ESS

t (6)

PVt ≤ PVgen
t (7)

Edch
t = Edch,L

t + Pgs
t (8)

Ech
t = PPV,ESS

t + Pg,ESS
t (9)

SOCt = SOCt−1 + ηchEch
t −

(
1/ηdch

)
Edch

t (10)

SOCt ≤ ESSmax (11)

SOCt ≥ Chmin·ESSmax (12)

Edch
t ≤ k·ESSmax (13)

Ech
t ≤ k·ESSmax (14)

Edch
t ≤ M·Ich

t (15)
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Ech
t ≤ M·Idch

t (16)

Idch
t + Ich

t ≤ 1 (17)

3. Description of the Object

The investigation is carried out on basis of a metallurgy company that is located
in Poland, in Białystok (Podlasie Voivodeship). The specialization of the company is
the production of steel car accessories made of high-grade stainless steel and metal laser
processing. The contracted power is 510 kW in the winter months from December to April
and 330 kW in the rest of the year from May to November. The manufacturing is supplied
from a 20 kV distribution network. The energy price is associated with the chosen energy
tariff, which constitutes time zones for the morning and afternoon power demand peak.
Annual energy consumption of the factory has been permanently increasing in recent years
from 0.531 MWh in 2018 to 1.190 MWh in 2021 per year. The specification of the production
is exhibited in the contribution of the energy consumption in particular daily time zones, as
follows: morning peak (7 a.m.–1 p.m.)—around 31%, afternoon peak (from 1st October to
the 31st of March the zone is 4 p.m.M–9 p.m. and from the 1st of April to 30th of September
the zone is 7 a.m.–1 p.m.)—around 12%, other hours—around 55%. Details are presented
in Figure 2.
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Figure 2. Annual energy consumption of the investigated factory in years: (a) 2019, (b) 2020, (c) 2021.

In order to reduce energy demand, the investment in a 317 kWp photovoltaic in-
stallation was performed. The PV installation started energy production at the end of
2021. The factory became an industry partner as a demonstrator of a multi-energy storage
hub system in connection with the implementation of the ERA-NET project MESH4U
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“https://mesh4u.energy/ (accessed on 1 September 2022)”. The aim of the present inves-
tigation is to provide a proposal for the optimal operation of the ESS in order to obtain
reduction in the energy consumption from the power system grid and better use of the
energy from the PV installation that results in regular steps to a zero-emission strategy.

Generally, there are three groups of tariffs in Poland that are connected with the level
of voltage of the network:

• Low voltage (LV): tariffs types G and C;
• Medium voltage (MV): tariff type B;
• High voltage (HV): tariff type A.

Additionally, all tariffs are described with two digits:

• The first digit defines the level of contracted power: 1 means less than 40 kW; and
2 means more than 40 kW;

• The second defines the number of different prices during the one-day period: 1 is
constant price in a one-day period, 2 is two different tariffs in a one-day period, and
3 is three different tariffs in a one-day period.

The company studied here is an example of a consumer with tariff B23. The B23 tariff is
a three-zone tariff for companies with a contracted capacity exceeding 40 kW, which divides
the day into peak hours in the morning, peak hours in the afternoon, and other hours.

Energy Costs of Investigated Company

Based on the electricity bill for the investigated company, the following costs have an
impact on the final electricity price:

• Energy cost;
• Changeable value of energy;
• Quality cost;
• RES cost;
• Power cost;
• Constant month cost connected with contracted power;
• Cost of contracted power extensions;
• Constant costs associated with performing services.

The costs that are not connected with the consumption of energy are the following:

• Subscription fee: 15 Polish zloty (PLN)/month;
• Service fee: 200 PLN/month.
• The constant month cost connected with contracted power:
• Network rate fixed charge: 12.4 PLN per each kW per month;
• Transition charge: 0.19 PLN per each kW per month.

The cost of contracted power extensions:

• Charge for excess power: 12.4 per each kW in 15 min cycle.

Some of the electricity price parts connected with consumption of the energy are
constant in a one-day period and some of them are changeable during a one-day period.
The constant costs in the one-day period are the following (prices given in PLN per 1 MWh):

• Energy cost: 326 PLN;
• Quality cost: 10.18 PLN;
• RES cost: 2.2 PLN.

The changeable one-day-period costs contend with the following (prices given in PLN
per 1 MWh):

• Peak time:

a. Morning peak (7 a.m.–1 p.m.): 45.37 PLN;
b. Afternoon peak (4 p.m.–10 p.m.) 82.66 PLN;
c. Other hours: 14.35 PLN.

• Power delivery cost:

https://mesh4u.energy/
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a. Non-free time (7 a.m.–10 p.m.): 76.2 PLN;
b. Other hours: 0 PLN.

The additional costs of electricity are costs associated with reactive energy. In the case
of both delivered and consumed reactive energy, the cost is 245.44 PLN per each MVarh.

Based on the indicated constant and non-constant cost, the 1 MWh for each hour in
the one-day period in PLN and EUR (based on an exchange rate of 4.5) were calculated.
Those results are presented in

The cost includes all indicated costs that are based on the energy cost, the changeable
value of energy, the quality cost, the RES cost, and the power cost that were described in
this section (Table 1).

Table 1. Energy cost in one-day period based on energy invoice for the investigated company—
consumer tariff B23.

Hour Price Per 1 MWh (PLN) Price Per 1 MWh (EUR)

1 424.67 94.37
2 424.67 94.37
3 424.67 94.37
4 424.67 94.37
5 424.67 94.37
6 424.67 94.37
7 560.79 124.62
8 560.79 124.62
9 560.79 124.62

10 560.79 124.62
11 560.79 124.62
12 560.79 124.62
13 560.79 124.62
14 522.63 116.14
15 522.63 116.14
16 606.65 134.81
17 606.65 134.81
18 606.65 134.81
19 606.65 134.81
20 606.65 134.81
21 606.65 134.81
22 606.65 134.81
23 424.67 94.37
24 424.67 94.37

4. Case Study
4.1. Presentation of the Consumption Profiles
4.1.1. Real Profile of B23-Type Consumer Based on Metering System (Profile 1)

Based on the real load data from the investigated company in a 24 h period for
representative months (January, April, July, and October) for working days and Saturdays,
the load profile was prepared (Figure 3) As representatives, the Tuesday in the second week
of months were selected, and Saturdays after the indicated Tuesdays. The available data
proceed from the range of 1 November 2020 to October 2021.
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Figure 3. Load profile based on real data.

4.1.2. Profile of Consumer B23 Based on Energy Bills and Standard Profiles from
Distribution Network Operation and Maintenance Manual (Profile 2)

Normally, in Poland for customers from the G and C tariff that are in “x” group 1
(power less than 40 kW), the standard profiles are defined by energy supply companies.
However, there are no standard profiles for B “x” group 2 (power exceeds 40 kW). Thus, in
this section, the B23 was prepared based on the following assumptions:

• There is no load profile for B23 in the distribution network operation and maintenance
manual, therefore a C13 profile was used. C13 was selected because it was the profile
that assumes different energy costs for three periods: morning peak, afternoon peak,
and other hours. The load profile for C13 is presented in Appendix A.

• The monthly energy use was based on the real energy consumption of the metallurgy
company for the period of September 2020 to August 2021 (detailed energy consump-
tion is presented in Table 2)—the background of this assumption was information
given by the metallurgy company.

• The sum of the consumption based on distribution network operation and mainte-
nance manual for each month was calculated including the number of working days,
Saturdays, and Sundays. Then, the ratio of the C13 profile to real consumption of
the metallurgy company was defined for each month—as a division between them.
Finally, based on the C13 profile, multiplication of the consumption ratio for each
month with the real usage was performed. Then, the profile with 1-hour resolution
was obtained (Appendix B).

Table 2. Energy consumption of metallurgy company in month resolution for each month in kWh.

Jan
2021

Feb
2021

Mar
2021

Apr
2021

May
2021

Jun
2021

Jul
2021

Aug
2021

Sep
2020

Oct
2020

Nov
2020

Dec
2020

113,047 117,145 118,055 90,524 77,668 59,056 90,224 90,922 57,225 72,443 91,190 96,937

As it can be noticed, the assumed profile was based on the energy consumption from
September to December 2020. Thus, to assure that profile is actual for the 2021 year, the one-week
measurements were suggested. These measurements were performed in October 2021.

The comparison between the real data profile and that assumed on the basement of
the C13 profile and energy consumption in 2020 is presented in Figure 4. However, based
on the results it is easy to observe that the real profile has higher values. Thus, the energy
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demand comparison for October 2020 (Table 2) with demand from 2021 was compared.
Based on 7 days of consumption, the extension to 31 days was conducted. Consequently,
for October, the energy demand was equal to 104 MWh. For October 2020 it was 72 MWh.
Thus, the profile based on distribution network operation and maintenance manual and
real measurements was multiplied by 1.4 (around 104 MWh/72 MWh). The comparison
was performed for the extended profile. Results are presented in Figure 5.
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Based on Figure 5 it can be observed that the peaks have higher values based on
real data than the profile for the majority of working days (with the exception of Friday).
Additionally, it assumes a higher consumption during the weekends. Additionally, during
nights the real energy consumption is higher than that assumed for working days. However,
based on expert assessment, this profile is more realistic, and as the result of it for the
months from September to October the 1.4 multiplication ratio was applied to prepare
the final load profile. Then, the final load profile was prepared based on the defined B23
profile in a 24 h period for the representative months (January, April, July, and October) for
working days and Saturdays (Figure 6).
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Figure 6. The assumed B23 profile based on energy bills and standard profiles from distribution
network operator and maintenance manual.

4.1.3. Load Profile Based on the Short-Term Measurement and Standard Profiles from the
Distribution Network Operation and Maintenance Manual (Profile 3)

In case the real energy bills are not available, the first step to define the energy
consumption profile is to perform the short-term period measurements. It is proposed that
the duration of this measurement should be one week (including Saturday and Sunday).
Then, it is possible to use the standard profile and defined energy consumption during
a year to prepare the load profiles. After performing these measurements, the one-day
mean value of energy consumption is defined for working day, Saturday, and “Sunday or
holiday”. Then, the obtained energy consumption level is divided by assumed standard
day construction, and the ratio of this is calculated for the month that measurements are
performed. Then, for other months, the same values are taken but with the additional
ratio of contracted power in the adequate month to contracted power in measurement
month. Based on that procedure for the metallurgy company and standard profile C13, the
energy consumption profile is defined (detailed assumptions of standard profile selection
are described in Section 4.1.2). The proposed approach is presented in Figure 7 and full
profile is presented in Appendix C.
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Figure 7. The assumed B23 profile based on the measurement and standard profiles from the
distribution network operator and maintenance manual and contracted power.
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4.1.4. Summary of Profile Selection

In the investigations, the different approaches to defining a profile for the company
were included. These methods can be called as follows:

• Using real smart meter data (Section 4.1.1);
• Using energy bills, standard profiles, and measurement for validation (Section 4.1.2);
• Using short-term measurement, standard profile, and contracted power (Section 4.1.3).

The summary of all indicated profiles is presented in Figure 8. As it can be observed,
the profile based on real smart meter data has the highest peak values for working days
in January (maximal around 350 kW) compared to others (less than 300 kW). In addition,
the higher peak value is indicated in the profile based on short-term measurements, the
standard profile, and the contracted power for April (around 350 kW) compared to others
(around 250 kW). Generally, both standards based on the standard profiles are similar and
differ from the real measurements for some specific points. However, such an approxima-
tion is better than assuming the constant power based on contracted power. In particular,
in a one-year period the approximation generally does not exceed 50 kW, which is not more
than 20% of the contracted power.
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Figure 8. The assumed B23 profile based on (a) real smart meter data; (b) energy bills, standard
profiles, and measurement for validation; and (c) short-term measurement, standard profile, and
contracted power.

4.2. Results for the Operation of ESS

Figure 9 depicts the schematic diagram of the connection of the investigated system.
The electricity can be stored in the ESS or transferred directly to the output. The ESS is
charged through the main grid or using energy from the PV panels. The output of the ESS
may support the demands or sell the energy to the main grid. The simulation investigates
the operation of the ESS. The operation means the optimal dispatch of the ESS during the
scheduling horizon to cover electricity demand. The operation of the ESS is the result of the
solvation of the set of equations presented in Section 2.2 provided by Cplex solver under
the GAMS programming environment. The desirable output is the 24 h scheduling for the
ESS, including charging and discharging volume. The aim of the presented investigation is
to highlight how the load demand profile can influence the ESS planed operation.
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Figure 9. Schematic of ESS connections.

The operation of the investigated systems for different tariffs for different months is
presented in Figures 10–13. Based on the presented results, the following observations can
be indicated:

• Profile 1 in January (Figure 10) shows that the ESS discharges in hour 16 to sell to
the grid and in hour 18 to supply the demand. Profiles 2 and 3 show the exact
hours to discharge the ESS. However, the purpose of discharging might be different.
For instance, the ESS discharges only to sell the electricity to the grid. Regarding
charging action, the charging is carried out during hours 23 and 24 in the three
mentioned profiles.

• Profiles 1 and 2 in April (Figure 11) show the ESS discharges in hour 17 to supply the
demand and in hour 18 to sell to the grid. For Profile 3 the ESS discharges to sell to the
grid at hour 18 (like other profiles) and at hour 16. Regarding the charging action, the
charging is conducted during hours 23 and 24 in the three mentioned profiles.
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• The July profile (Figure 12) shows the ESS discharges in hours 17 and 18 to sell to the
grid. Profiles 2 and 3 show the exact hours to discharge the ESS. Although the purpose
of discharging for hour 18 was different with respect to charging action, the charging
is carried out during hours 6, 23, and 24 in the three mentioned profiles.

• Profile 1 in January (Figure 13) shows the ESS discharges in hour 16 to sell to the
grid and in hour 17 to supply the demand. Profiles 2 and 3 show the exact hours to
discharge the ESS but with different purposes of discharging. Regarding charging
action, the charging is conducted during hours 1, 23, and 24 in Profiles 1 and 2.Energies 2022, 15, x FOR PEER REVIEW 17 of 26 
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Profile 3—Using short-term measurement, standard profile. and contracted power (Section 4.1.3).
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Profile 3—Using short-term measurement, standard profile, and contracted power (Section 4.1.3).
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Figure 13. Operation of ESS in October. Profile 1—Using real smart meter data (Section 4.1.1);
Profile 2—Using energy bills, standard profiles, and measurement for validation (Section 4.1.2);
Profile 3—Using short-term measurement, standard profile, and contracted power (Section 4.1.3).
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As can be observed, the operation at the point of hours of charging and discharging
the ESS as well as the aim of the operation is similar for real data (Profile 1) and Profile 2.
There are more differences between Profile 1 and Profile 3.

Additionally, the total operation cost for each profile was calculated and is presented
in Table 3. Since the profiles are different, they result in different costs, but it can be seen
that the percentage difference in total costs in relation to Profile 1 (real smart meter data)
does not exceed 5%.

Table 3. Total operation cost for different profiles.

Profile Profile 1 Profile 2 Profile 3

Total operation cost [USD] 98,642 95,303 102,827

5. Discussion

Accurate electrical load forecasting is required in modern systems for efficient energy
management. Forecasting electrical demand is difficult due to the influence of many factors.
The forecasts are then used to manage energy in microgrids, using different scenarios to
optimize equipment operation. Most methods proposed in the literature use measured
historical data and complex mathematical forecasting algorithms. However, there is a
lack of methods that estimate microgrid operation for which measurements are not yet
available. This study presents a new approach to construct short-term load forecasts in the
absence of accurate measured data. Methods based on hourly standard profiles published
by the distribution network operator, contracted capacity information, and energy bills
for a selected customer were proposed. A mechanism for correcting forecasts on the basis
of current measurements is also introduced. The method takes into account the type of
consumer (industrial, utility, or home) by selecting the appropriate standard profile type.
The advantage of the proposed algorithms is that they do not require complex mathematical
methods and large databases. The analysis results presented confirm the validity of the
proposed methods. The publication also presents examples of the use of the constructed
load forecasts in a model optimizing the operation of a real industrial microgrid.

6. Conclusions

This paper presents methods for defining load profiles for an industrial consumer
in the situation when the real long-term data are not available. Two different methods
were proposed to obtain this aim. Both were in the basement of standard profiles that are
available in the distribution network operation and maintenance manual. That standard
profile is given in 1-hour resolution for each month of the year and day type (working day,
Saturday, and Sunday). Therefore, these standards include all changes that are observable
in the one-day period as well as the one-year (season) period. However, the standard
profile needs additional assumptions to be applied for the definition of customer profile.

The first proposed method used the information from energy bills that is generally
available for industrial customers and defined it in a one-month period. Thus, it enables to
ensure that the profile for each month in point of total consumption is generally correct.
In addition to this approach, the short-term measurements are recommended to check if
in a one-year period energy consumption increases, to select more correct data for future
months. The second method is based on contracted power, which is predefined by the
company as constant or changeable during a one-year period. Additionally, using short-
term measurements it can be verified to ensure that contracted power is close to the real
needs of the company.

On the basis of the investigations of the impact of load profiles on ESS operation, it
was indicated that the more suitable (closer to real profile) profile is based on energy bills
and short-term measurements. The same results were indicated for each season type. Thus,
as the main conclusion, it can be formulated that in the case of a lack of a year of real
measurement load profiles, it can be recommended to use the definition of the pseudo-real
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profile based on energy bills, standard profiles, and short-term measurements for validation
of the ESS operation.
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Nomenclature

Index
t Time index
Parameters
CRF Capital recovery factor
λ

g
t Grid prices

CCESS Electrical energy storage capital cost (EUR/kWh)
DemandCap Purchased demand capacity
ηch/ηdch Charging/discharging efficiency of EES
Chmin Minimum depth of charge of ESS
M Big numbers
k Percent of charging/discharging in an hour
ir Interest rate
ny Number of planning years
Variables
IC Investment cost
OC Operation cost
TC Total cost
Pgb

t Buying electricity from the grid
Pgs

t Selling electricity to the grid
ESSmax Maximum obtained capacity for ESS
Edch

t , Edch,L
t Discharging electricity, discharging electricity to support the load

Ech
t Charging electricity

SOCt State of charge of the ESS
PPV,L

t , PPV,ESS
t PV generation to support the load, and to charge the ESS

Pg,L
t , Pg,ESS

t Purchased electricity from the grid to support the load, to charge the ESS
Ich
t , Idch

t Binary variables to charge and discharge of the ESS
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Appendix A

Table A1. Standard load profile for C13 based on the distribution network operator and maintenance manual: M—month; D—day type; a—working day;
b—Saturday; c—Sunday or holiday.

M D 01 02 03 04 05 06 07 08 09 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

Jan

a 0.08249 0.080446 0.079454 0.079302 0.081032 0.089856 0.119967 0.164261 0.205005 0.227708 0.233803 0.234543 0.232924 0.226889 0.218614 0.20267 0.188867 0.173539 0.154112 0.136857 0.121306 0.106099 0.094187 0.087726

b 0.0849 0.082258 0.080414 0.079607 0.079654 0.083175 0.092905 0.100503 0.112099 0.129167 0.139975 0.144061 0.141583 0.13392 0.123473 0.117508 0.118594 0.120445 0.117737 0.112681 0.107382 0.099827 0.092873 0.087866

c 0.08297 0.080506 0.078747 0.077743 0.076999 0.07778 0.081106 0.082249 0.082558 0.089438 0.096275 0.099607 0.100577 0.099889 0.099268 0.10024 0.105272 0.10925 0.108142 0.104413 0.099289 0.093849 0.087477 0.083046

Feb

a 0.08165 0.079649 0.078737 0.078622 0.08049 0.089771 0.118327 0.157477 0.196662 0.218031 0.22298 0.22354 0.22118 0.214073 0.205415 0.189348 0.174435 0.166969 0.152827 0.135908 0.12029 0.104698 0.09302 0.086634

b 0.0829 0.080541 0.079026 0.078356 0.078489 0.082268 0.090627 0.09617 0.109564 0.125462 0.135407 0.138446 0.135587 0.128519 0.118339 0.111942 0.109473 0.114632 0.115499 0.110395 0.105274 0.097879 0.090965 0.085678

c 0.0817 0.079218 0.077473 0.076458 0.075786 0.076574 0.078496 0.077857 0.080454 0.086719 0.093583 0.097489 0.097893 0.097092 0.096179 0.09628 0.09731 0.103707 0.105481 0.102554 0.097419 0.091642 0.085673 0.081127

Mar

a 0.07566 0.073648 0.072659 0.072577 0.074345 0.082179 0.105568 0.142623 0.18021 0.20117 0.206714 0.208578 0.208023 0.201967 0.193591 0.176682 0.160241 0.149341 0.142677 0.129387 0.114492 0.09891 0.087025 0.080331

b 0.07833 0.075728 0.074156 0.073317 0.073749 0.075895 0.079726 0.087049 0.099805 0.114097 0.123267 0.126287 0.124183 0.1181 0.109243 0.102957 0.099566 0.099674 0.10545 0.103671 0.09913 0.092065 0.085282 0.08019

c 0.07648 0.074253 0.073213 0.071978 0.071425 0.071219 0.068466 0.069933 0.07305 0.078956 0.084607 0.087918 0.088191 0.088179 0.08784 0.087626 0.087784 0.089948 0.095283 0.095298 0.091907 0.086354 0.080408 0.076042

Apr

a 0.06661 0.064661 0.063655 0.063297 0.064595 0.070231 0.089939 0.12309 0.155517 0.174609 0.180235 0.182738 0.182559 0.177173 0.169787 0.155127 0.139909 0.127653 0.116019 0.108873 0.104604 0.090996 0.079 0.072045

b 0.06844 0.065851 0.06415 0.063103 0.063117 0.063745 0.066532 0.073889 0.085982 0.099553 0.108719 0.112243 0.110511 0.10545 0.097684 0.091481 0.087335 0.085154 0.084066 0.084189 0.08827 0.083144 0.076253 0.070443

c 0.0669 0.064654 0.062966 0.06182 0.061201 0.059017 0.056218 0.058406 0.062557 0.0685 0.07421 0.077963 0.078748 0.078719 0.078424 0.077728 0.076877 0.076096 0.075634 0.076994 0.081338 0.077621 0.071273 0.066575

May

a 0.06529 0.062923 0.061707 0.061157 0.060336 0.061991 0.083824 0.117134 0.151001 0.172372 0.17962 0.183976 0.185415 0.181293 0.174422 0.158967 0.142862 0.129599 0.116438 0.105558 0.097656 0.090398 0.078445 0.070992

b 0.06693 0.06413 0.062189 0.061195 0.059389 0.056454 0.062138 0.070548 0.08331 0.097079 0.107255 0.111726 0.110839 0.106786 0.09989 0.09395 0.089853 0.087584 0.08618 0.083935 0.084167 0.083643 0.07664 0.070654

c 0.06591 0.063197 0.061255 0.060077 0.057741 0.05259 0.053659 0.057454 0.062902 0.07007 0.077089 0.081595 0.082868 0.082925 0.082336 0.081887 0.080758 0.079691 0.078734 0.077453 0.076963 0.078222 0.07177 0.066507

Jun

a 0.06445 0.061804 0.060297 0.059507 0.056598 0.058571 0.079651 0.111372 0.143607 0.165796 0.17501 0.180498 0.183272 0.180633 0.175036 0.161279 0.145858 0.132217 0.11763 0.105829 0.094743 0.088317 0.078467 0.07062

b 0.06766 0.064493 0.062275 0.060745 0.05663 0.054457 0.061515 0.070529 0.084156 0.099377 0.110793 0.115784 0.1155 0.111626 0.104329 0.097737 0.092831 0.089677 0.087428 0.084656 0.082244 0.082084 0.077182 0.070927

c 0.06643 0.063396 0.061453 0.059758 0.055098 0.050714 0.052074 0.055643 0.060993 0.068521 0.076308 0.081225 0.083132 0.083784 0.084086 0.083334 0.082899 0.081062 0.079278 0.077438 0.074419 0.076025 0.071334 0.065883

Jul

a 0.06347 0.060971 0.059521 0.058879 0.057455 0.057816 0.07415 0.101597 0.129979 0.150478 0.161319 0.167875 0.170109 0.169641 0.165336 0.154777 0.140527 0.126867 0.11307 0.101975 0.092474 0.087555 0.077086 0.06975

b 0.06577 0.062733 0.060873 0.059597 0.056869 0.053616 0.059741 0.06839 0.081593 0.097355 0.109296 0.114301 0.114205 0.110298 0.10318 0.096382 0.091887 0.088989 0.086682 0.083725 0.08123 0.081687 0.075579 0.069532

c 0.06487 0.061978 0.060135 0.058633 0.055383 0.050099 0.050704 0.053851 0.058588 0.066376 0.074219 0.079244 0.081186 0.081566 0.081852 0.081644 0.080684 0.07937 0.078018 0.076548 0.073595 0.076122 0.071114 0.06561

Aug

a 0.06473 0.062186 0.060779 0.060056 0.06058 0.062374 0.076525 0.103796 0.133237 0.154998 0.167158 0.174818 0.177337 0.176531 0.172038 0.160823 0.145988 0.131988 0.117747 0.107056 0.101564 0.091127 0.078304 0.07096

b 0.06835 0.065394 0.063417 0.06204 0.061462 0.060331 0.064051 0.072094 0.085094 0.100051 0.111727 0.116774 0.115926 0.111923 0.104734 0.098765 0.094357 0.091271 0.088857 0.086961 0.088761 0.08528 0.077014 0.070876

c 0.06618 0.063435 0.061547 0.060224 0.059175 0.055164 0.053043 0.055537 0.060229 0.067495 0.074804 0.079594 0.081583 0.082629 0.08283 0.082251 0.081055 0.07992 0.078776 0.077439 0.079527 0.077441 0.070356 0.064834

Sep

a 0.06259 0.060539 0.059341 0.058996 0.060136 0.066622 0.08656 0.118435 0.151924 0.172246 0.178157 0.181732 0.183 0.178718 0.171615 0.155638 0.139692 0.126585 0.116316 0.112558 0.101613 0.086742 0.074865 0.067923

b 0.06524 0.062695 0.060952 0.059879 0.059895 0.06178 0.065425 0.071448 0.083796 0.097356 0.106474 0.110854 0.109592 0.105641 0.098689 0.092832 0.088692 0.086302 0.086324 0.089946 0.088206 0.081063 0.07385 0.06857

c 0.06417 0.061678 0.059844 0.058602 0.057851 0.057683 0.055347 0.055386 0.059102 0.065317 0.071648 0.075964 0.077418 0.077883 0.077886 0.077608 0.07699 0.076331 0.077403 0.082366 0.080316 0.07461 0.068238 0.063744

Oct

a 0.06626 0.06441 0.063377 0.063142 0.064651 0.072494 0.098729 0.134418 0.170792 0.190062 0.193525 0.194841 0.194151 0.18841 0.180436 0.164018 0.148364 0.137705 0.131948 0.120457 0.105351 0.090255 0.078449 0.071754

b 0.06932 0.066813 0.065063 0.063914 0.063962 0.066834 0.074514 0.079654 0.090422 0.104362 0.1141 0.117632 0.115924 0.112129 0.104596 0.097734 0.093498 0.093738 0.099025 0.097252 0.092314 0.085032 0.077624 0.072331

c 0.06774 0.065328 0.063764 0.062547 0.061961 0.062622 0.063817 0.063179 0.066357 0.073194 0.079553 0.083423 0.084282 0.084509 0.084028 0.083556 0.083297 0.084517 0.089189 0.089318 0.084352 0.078871 0.072375 0.067797

Nov

a 0.07189 0.069897 0.068871 0.068604 0.070386 0.079227 0.107154 0.144809 0.185481 0.207144 0.212679 0.214147 0.21361 0.208878 0.203448 0.19006 0.179785 0.164074 0.145668 0.128619 0.112185 0.096282 0.084196 0.077678

b 0.07295 0.070489 0.068809 0.068073 0.068055 0.071699 0.078928 0.084438 0.097766 0.111801 0.121456 0.1248 0.123541 0.118186 0.110396 0.105804 0.108484 0.108287 0.105044 0.100781 0.095534 0.088668 0.081787 0.076321

c 0.07214 0.069755 0.068051 0.066966 0.0663 0.067205 0.068584 0.067198 0.070643 0.076846 0.083543 0.087778 0.089403 0.089719 0.089498 0.090824 0.097463 0.098734 0.096494 0.094032 0.088645 0.082979 0.076378 0.071749
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Table A1. Cont.

M D 01 02 03 04 05 06 07 08 09 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

Dec

a 0.07775 0.075634 0.074372 0.074247 0.075955 0.084896 0.113934 0.155943 0.197126 0.220434 0.226999 0.229373 0.227998 0.222858 0.215806 0.202083 0.190094 0.171688 0.152562 0.134612 0.11822 0.103163 0.090623 0.083503

b 0.07972 0.076971 0.074983 0.073886 0.073861 0.07765 0.086813 0.094528 0.106442 0.122639 0.134311 0.137989 0.136749 0.130956 0.121932 0.118127 0.119299 0.116657 0.1131 0.107642 0.102147 0.095114 0.087444 0.081393

c 0.07846 0.075768 0.074136 0.072646 0.072143 0.073203 0.076765 0.078597 0.079307 0.086882 0.094839 0.098563 0.099641 0.099694 0.099886 0.102878 0.108619 0.10787 0.105897 0.102219 0.096512 0.090421 0.083592 0.078721

Appendix B

Table A2. Assumed profile in a one-year period with 1-hour resolution, as representative of a B23 consumer: M—month; D—day type; a—working day; b—Saturday;
c—Sunday or holiday.

M D 01 02 03 04 05 06 07 08 09 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

Jan

a 101.01 98.50 97.29 97.10 99.22 110.03 146.90 201.14 251.03 278.83 286.29 287.19 285.21 277.82 267.69 248.17 231.26 212.50 188.71 167.58 148.54 129.92 115.33 107.42

b 103.96 100.72 98.47 97.48 97.54 101.85 113.76 123.06 137.26 158.16 171.40 176.40 173.37 163.98 151.19 143.89 145.22 147.48 144.17 137.98 131.49 122.24 113.72 107.59

c 101.60 98.58 96.42 95.20 94.28 95.24 99.31 100.71 101.09 109.52 117.89 121.97 123.16 122.31 121.55 122.74 128.90 133.78 132.42 127.85 121.58 114.92 107.11 101.69

Feb

a 108.25 105.60 104.39 104.24 106.71 119.02 156.88 208.79 260.74 289.07 295.63 296.37 293.24 283.82 272.34 251.04 231.27 221.37 202.62 180.19 159.48 138.81 123.33 114.86

b 109.91 106.78 104.77 103.89 104.06 109.07 120.15 127.50 145.26 166.34 179.52 183.55 179.76 170.39 156.90 148.41 145.14 151.98 153.13 146.36 139.57 129.77 120.60 113.59

c 108.32 105.03 102.71 101.37 100.48 101.52 104.07 103.22 106.67 114.97 124.07 129.25 129.79 128.73 127.52 127.65 129.01 137.50 139.85 135.97 129.16 121.50 113.59 107.56

Mar

a 97.60 95.00 93.73 93.62 95.90 106.01 136.18 183.98 232.47 259.51 266.66 269.06 268.35 260.53 249.73 227.92 206.71 192.65 184.05 166.91 147.69 127.59 112.26 103.63

b 101.04 97.69 95.66 94.58 95.13 97.90 102.85 112.29 128.75 147.18 159.01 162.91 160.19 152.35 140.92 132.81 128.44 128.58 136.03 133.73 127.88 118.76 110.01 103.44

c 98.66 95.78 94.44 92.85 92.14 91.87 88.32 90.21 94.23 101.85 109.14 113.41 113.76 113.75 113.31 113.04 113.24 116.03 122.91 122.93 118.56 111.40 103.72 98.09

Apr

a 79.62 77.29 76.09 75.66 77.21 83.95 107.51 147.13 185.90 208.72 215.44 218.43 218.22 211.78 202.95 185.43 167.24 152.59 138.68 130.14 125.04 108.77 94.43 86.12

b 81.81 78.71 76.68 75.43 75.45 76.20 79.53 88.32 102.78 119.00 129.96 134.17 132.10 126.05 116.77 109.35 104.39 101.79 100.49 100.63 105.51 99.39 91.15 84.20

c 79.97 77.28 75.27 73.90 73.16 70.55 67.20 69.82 74.78 81.88 88.71 93.19 94.13 94.10 93.74 92.91 91.89 90.96 90.41 92.03 97.23 92.78 85.20 79.58

May

a 66.99 64.56 63.31 62.75 61.91 63.60 86.00 120.18 154.93 176.86 184.29 188.76 190.24 186.01 178.96 163.10 146.58 132.97 119.47 108.30 100.20 92.75 80.49 72.84

b 68.67 65.80 63.81 62.79 60.93 57.92 63.75 72.38 85.48 99.60 110.04 114.63 113.72 109.56 102.49 96.39 92.19 89.86 88.42 86.12 86.36 85.82 78.63 72.49

c 67.62 64.84 62.85 61.64 59.24 53.96 55.05 58.95 64.54 71.89 79.09 83.72 85.02 85.08 84.48 84.02 82.86 81.76 80.78 79.47 78.96 80.26 73.64 68.24

Jun

a 51.04 48.94 47.75 47.13 44.82 46.38 63.08 88.20 113.73 131.30 138.59 142.94 145.14 143.05 138.62 127.72 115.51 104.71 93.15 83.81 75.03 69.94 62.14 55.93

b 53.58 51.07 49.32 48.11 44.85 43.13 48.72 55.85 66.65 78.70 87.74 91.69 91.47 88.40 82.62 77.40 73.52 71.02 69.24 67.04 65.13 65.00 61.12 56.17

c 52.61 50.20 48.67 47.32 43.63 40.16 41.24 44.07 48.30 54.26 60.43 64.32 65.83 66.35 66.59 65.99 65.65 64.20 62.78 61.33 58.93 60.21 56.49 52.17

Jul

a 74.07 71.15 69.46 68.71 67.05 67.47 86.53 118.56 151.68 175.60 188.25 195.91 198.51 197.97 192.94 180.62 163.99 148.05 131.95 119.00 107.91 102.17 89.96 81.40

b 76.75 73.21 71.04 69.55 66.36 62.57 69.72 79.81 95.22 113.61 127.55 133.39 133.27 128.71 120.41 112.47 107.23 103.85 101.16 97.70 94.79 95.33 88.20 81.14

c 75.70 72.33 70.18 68.42 64.63 58.46 59.17 62.84 68.37 77.46 86.61 92.48 94.74 95.19 95.52 95.28 94.16 92.62 91.04 89.33 85.88 88.83 82.99 76.56

Aug

a 77.10 74.07 72.39 71.53 72.15 74.29 91.15 123.63 158.69 184.61 199.10 208.22 211.22 210.26 204.91 191.55 173.88 157.21 140.24 127.51 120.97 108.54 93.27 84.52

b 81.41 77.89 75.53 73.89 73.21 71.86 76.29 85.87 101.35 119.17 133.07 139.09 138.08 133.31 124.74 117.64 112.39 108.71 105.83 103.58 105.72 101.57 91.73 84.42

c 78.82 75.56 73.31 71.73 70.48 65.70 63.18 66.15 71.74 80.39 89.10 94.80 97.17 98.42 98.66 97.97 96.54 95.19 93.83 92.23 94.72 92.24 83.80 77.22

Sep

a 47.43 45.88 44.97 44.71 45.57 50.49 65.60 89.75 115.13 130.53 135.01 137.72 138.68 135.44 130.06 117.95 105.86 95.93 88.15 85.30 77.01 65.74 56.74 51.47

b 49.44 47.51 46.19 45.38 45.39 46.82 49.58 54.15 63.50 73.78 80.69 84.01 83.05 80.06 74.79 70.35 67.21 65.40 65.42 68.16 66.85 61.43 55.97 51.96

c 48.63 46.74 45.35 44.41 43.84 43.71 41.94 41.97 44.79 49.50 54.30 57.57 58.67 59.02 59.02 58.81 58.35 57.85 58.66 62.42 60.87 56.54 51.71 48.31
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Table A2. Cont.

M D 01 02 03 04 05 06 07 08 09 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

Oct

a 57.47 55.87 54.97 54.77 56.07 62.88 85.63 116.59 148.13 164.85 167.85 168.99 168.39 163.42 156.50 142.26 128.68 119.44 114.44 104.48 91.38 78.28 68.04 62.24

b 60.12 57.95 56.43 55.44 55.48 57.97 64.63 69.09 78.43 90.52 98.96 102.03 100.55 97.25 90.72 84.77 81.09 81.30 85.89 84.35 80.07 73.75 67.33 62.74

c 58.75 56.66 55.31 54.25 53.74 54.31 55.35 54.80 57.55 63.48 69.00 72.36 73.10 73.30 72.88 72.47 72.25 73.30 77.36 77.47 73.16 68.41 62.77 58.80

Nov

a 77.31 75.17 74.06 73.77 75.69 85.20 115.23 155.72 199.46 222.76 228.71 230.29 229.71 224.62 218.78 204.39 193.34 176.44 156.65 138.31 120.64 103.54 90.54 83.53

b 78.45 75.80 74.00 73.20 73.18 77.10 84.88 90.80 105.13 120.23 130.61 134.21 132.85 127.09 118.72 113.78 116.66 116.45 112.96 108.38 102.73 95.35 87.95 82.07

c 77.58 75.01 73.18 72.01 71.30 72.27 73.75 72.26 75.97 82.64 89.84 94.39 96.14 96.48 96.24 97.67 104.81 106.18 103.77 101.12 95.33 89.23 82.13 77.16

Dec

a 77.17 75.06 73.81 73.69 75.38 84.26 113.08 154.77 195.64 218.78 225.29 227.65 226.28 221.18 214.18 200.56 188.66 170.40 151.41 133.60 117.33 102.39 89.94 82.87

b 79.12 76.39 74.42 73.33 73.31 77.07 86.16 93.82 105.64 121.72 133.30 136.95 135.72 129.97 121.01 117.24 118.40 115.78 112.25 106.83 101.38 94.40 86.79 80.78

c 77.87 75.20 73.58 72.10 71.60 72.65 76.19 78.01 78.71 86.23 94.13 97.82 98.89 98.94 99.13 102.10 107.80 107.06 105.10 101.45 95.79 89.74 82.96 78.13

Appendix C

Table A3. Assumed profile in one-year period with 1-hour resolution, as representative of a B23 consumer: M—month; D—day type; a—working day; b—Saturday;
c—Sunday or holiday.

M D 01 02 03 04 05 06 07 08 09 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

Jan

a 93.57 91.25 90.12 89.95 91.91 101.92 136.08 186.32 232.53 258.29 265.20 266.04 264.20 257.36 247.97 229.89 214.23 196.84 174.81 155.24 137.60 120.35 106.84 99.51

b 51.84 50.23 49.10 48.61 48.64 50.79 56.73 61.37 68.45 78.87 85.47 87.97 86.45 81.77 75.40 71.75 72.42 73.55 71.89 68.81 65.57 60.96 56.71 53.65

c 51.52 49.99 48.90 48.27 47.81 48.30 50.36 51.07 51.26 55.54 59.78 61.85 62.45 62.02 61.64 62.24 65.37 67.84 67.15 64.83 61.65 58.27 54.32 51.57

Feb

a 96.09 93.73 92.66 92.52 94.72 105.65 139.25 185.32 231.44 256.59 262.41 263.07 260.29 251.93 241.74 222.83 205.28 196.49 179.85 159.94 141.56 123.21 109.47 101.95

b 52.26 50.78 49.82 49.40 49.48 51.86 57.13 60.63 69.07 79.10 85.37 87.28 85.48 81.02 74.61 70.57 69.02 72.27 72.81 69.60 66.37 61.71 57.35 54.01

c 52.22 50.63 49.52 48.87 48.44 48.94 50.17 49.76 51.42 55.42 59.81 62.31 62.57 62.05 61.47 61.54 62.19 66.28 67.42 65.54 62.26 58.57 54.76 51.85

Mar

a 122.36 119.11 117.51 117.38 120.24 132.91 170.73 230.66 291.45 325.35 334.31 337.33 336.43 326.64 313.09 285.74 259.15 241.53 230.75 209.25 185.16 159.96 140.74 129.92

b 68.45 66.18 64.80 64.07 64.45 66.32 69.67 76.07 87.22 99.70 107.72 110.36 108.52 103.20 95.46 89.97 87.01 87.10 92.15 90.59 86.63 80.45 74.52 70.07

c 67.99 66.01 65.08 63.98 63.49 63.31 60.86 62.17 64.94 70.19 75.21 78.15 78.40 78.39 78.09 77.89 78.04 79.96 84.70 84.71 81.70 76.76 71.48 67.60

Apr

a 123.59 119.97 118.11 117.44 119.85 130.31 166.87 228.38 288.55 323.97 334.41 339.06 338.72 328.73 315.03 287.83 259.59 236.85 215.26 202.00 194.08 168.84 146.58 133.67

b 68.83 66.23 64.51 63.46 63.48 64.11 66.91 74.31 86.47 100.12 109.34 112.88 111.14 106.05 98.24 92.00 87.83 85.64 84.54 84.67 88.77 83.62 76.69 70.84

c 68.83 66.52 64.78 63.60 62.96 60.72 57.84 60.09 64.36 70.47 76.35 80.21 81.01 80.99 80.68 79.97 79.09 78.29 77.81 79.21 83.68 79.86 73.32 68.49

May

a 79.21 76.34 74.87 74.20 73.20 75.21 101.70 142.11 183.20 209.13 217.93 223.21 224.96 219.96 211.62 192.87 173.33 157.24 141.27 128.07 118.48 109.68 95.17 86.13

b 44.06 42.21 40.94 40.28 39.09 37.16 40.90 46.44 54.84 63.90 70.60 73.54 72.96 70.29 65.75 61.84 59.15 57.65 56.73 55.25 55.40 55.06 50.45 46.51

c 43.53 41.74 40.46 39.68 38.14 34.74 35.44 37.95 41.55 46.28 50.92 53.90 54.74 54.77 54.38 54.09 53.34 52.64 52.01 51.16 50.84 51.67 47.41 43.93

Jun

a 79.40 76.14 74.28 73.31 69.72 72.16 98.12 137.20 176.91 204.25 215.60 222.36 225.78 222.53 215.63 198.68 179.69 162.88 144.91 130.37 116.72 108.80 96.67 87.00

b 43.91 41.86 40.42 39.42 36.75 35.34 39.92 45.77 54.62 64.50 71.91 75.14 74.96 72.45 67.71 63.43 60.25 58.20 56.74 54.94 53.38 53.27 50.09 46.03

c 44.12 42.11 40.82 39.69 36.59 33.68 34.59 36.96 40.51 45.51 50.68 53.95 55.21 55.65 55.85 55.35 55.06 53.84 52.65 51.43 49.43 50.49 47.38 43.76

Jul

a 82.33 79.09 77.21 76.38 74.53 75.00 96.19 131.79 168.61 195.20 209.26 217.76 220.66 220.05 214.47 200.77 182.29 164.57 146.67 132.28 119.95 113.57 99.99 90.48

b 43.36 41.36 40.13 39.29 37.49 35.35 39.38 45.09 53.79 64.18 72.05 75.35 75.29 72.71 68.02 63.54 60.58 58.67 57.14 55.20 53.55 53.85 49.83 45.84

c 43.94 41.98 40.73 39.71 37.51 33.93 34.34 36.47 39.68 44.96 50.27 53.67 54.99 55.25 55.44 55.30 54.65 53.76 52.84 51.85 49.85 51.56 48.17 44.44
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Table A3. Cont.

M D 01 02 03 04 05 06 07 08 09 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

Aug

a 80.87 77.69 75.93 75.03 75.69 77.93 95.61 129.68 166.46 193.65 208.84 218.41 221.56 220.55 214.93 200.92 182.39 164.90 147.11 133.75 126.89 113.85 97.83 88.65

b 43.47 41.59 40.34 39.46 39.09 38.37 40.74 45.85 54.12 63.64 71.06 74.27 73.73 71.19 66.61 62.82 60.01 58.05 56.52 55.31 56.46 54.24 48.98 45.08

c 43.93 42.11 40.86 39.98 39.28 36.62 35.21 36.87 39.98 44.81 49.66 52.84 54.16 54.85 54.99 54.60 53.81 53.06 52.30 51.41 52.80 51.41 46.71 43.04

Sep

a 76.51 74.00 72.54 72.12 73.51 81.44 105.81 144.77 185.71 210.55 217.78 222.15 223.70 218.46 209.78 190.25 170.76 154.73 142.18 137.59 124.21 106.03 91.51 83.03

b 42.97 41.29 40.14 39.44 39.45 40.69 43.09 47.05 55.19 64.12 70.12 73.01 72.18 69.57 64.99 61.14 58.41 56.84 56.85 59.24 58.09 53.39 48.64 45.16

c 43.67 41.98 40.73 39.88 39.37 39.26 37.67 37.70 40.23 44.45 48.76 51.70 52.69 53.01 53.01 52.82 52.40 51.95 52.68 56.06 54.66 50.78 46.44 43.38

Oct

a 91.10 88.55 87.13 86.81 88.88 99.67 135.74 184.80 234.81 261.30 266.06 267.87 266.93 259.03 248.07 225.50 203.98 189.32 181.41 165.61 144.84 124.09 107.85 98.65

b 51.62 49.75 48.45 47.59 47.63 49.77 55.49 59.31 67.33 77.71 84.96 87.59 86.32 83.50 77.89 72.78 69.62 69.80 73.74 72.42 68.74 63.32 57.80 53.86

c 51.34 49.52 48.33 47.41 46.96 47.46 48.37 47.89 50.30 55.48 60.30 63.23 63.88 64.05 63.69 63.33 63.14 64.06 67.60 67.70 63.94 59.78 54.86 51.39

Nov

a 89.36 86.89 85.61 85.28 87.49 98.48 133.20 180.00 230.56 257.49 264.37 266.20 265.53 259.65 252.90 236.25 223.48 203.95 181.07 159.88 139.45 119.68 104.66 96.56

b 50.86 49.14 47.97 47.46 47.44 49.98 55.02 58.87 68.16 77.94 84.67 87.00 86.13 82.39 76.96 73.76 75.63 75.49 73.23 70.26 66.60 61.81 57.02 53.21

c 50.96 49.27 48.07 47.30 46.83 47.47 48.45 47.47 49.90 54.28 59.01 62.01 63.15 63.38 63.22 64.16 68.85 69.75 68.16 66.42 62.62 58.62 53.95 50.68

Dec

a 90.74 88.27 86.80 86.65 88.65 99.08 132.97 182.00 230.06 257.27 264.93 267.70 266.09 260.09 251.86 235.85 221.86 200.37 178.05 157.10 137.97 120.40 105.76 97.46

b 50.89 49.14 47.87 47.17 47.15 49.57 55.42 60.34 67.95 78.29 85.74 88.09 87.30 83.60 77.84 75.41 76.16 74.47 72.20 68.72 65.21 60.72 55.82 51.96

c 50.07 48.36 47.31 46.36 46.04 46.72 48.99 50.16 50.61 55.45 60.53 62.90 63.59 63.62 63.75 65.66 69.32 68.84 67.58 65.24 61.59 57.71 53.35 50.24
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