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Abstract: To achieve its climate goals, the German industry has to undergo a transformation toward
renewable energies. To analyze this transformation in energy system models, the industry’s electricity
demands have to be provided in a high temporal and sectoral resolution, which, to date, is not the
case due to a lack of open-source data. In this paper, a methodology for the generation of synthetic
electricity load profiles is described; it was applied to 11 industry types. The modeling was based on
the normalized daily load profiles for eight electrical end-use applications. The profiles were then
further refined by using the mechanical processes of different branches. Finally, a fluctuation was
applied to the profiles as a stochastic attribute. A quantitative RMSE comparison between real and
synthetic load profiles showed that the developed method is especially accurate for the representation
of loads from three-shift industrial plants. A procedure of how to apply the synthetic load profiles to
a regional distribution of the industry sector completes the methodology.

Keywords: electrical load profiles; industry; industrial load profiles; energy system modeling

1. Introduction

In 2021, the German government tightened its climate targets; greenhouse gasses
were to be reduced by at least 65% by 2030 (55% previously) and at least 88% by 2040,
and Germany was to become climate neutral by 2045 (2050 previously) [1]. To achieve
these goals, a comprehensive cross-sectoral transformation of the German energy system
is necessary. It is generally agreed that greenhouse gas reductions can work only with
massive expansions of renewable energy systems [1–4], with solar and wind energy playing
the key roles [5–7]. However, decarbonization within the energy economy is not enough.
All sectors need to achieve climate neutrality by 2045. In the industrial sector especially,
an electrification and thereby coupling with the energy sector is foreseen to be the most
economical path to climate neutrality [8,9]. The industry sector consumes more than 40%
of the total final energy in Germany, making it the second-largest demand sector after
transportation [10]. In terms of electricity, industry even has the highest consumption rate
at 45% [11]. As it has already made big contributions toward reducing CO2 emissions [12],
many easy-to-tap efficiency potentials have been exhausted [9]. Nevertheless, apart from
sector coupling and the electrification of heat supplies, savings can be achieved through
flexibility measures, such as load shifting and demand responses [2].

Future energy systems will be characterized by time-of-day-, weather- and location-
dependent renewable-energy supplies. To analyze Germany’s whole energy system for
future scenarios, the demand sectors should be provided for energy system models at high
resolutions in terms of time, areas and industry sectors for energy system analyses. This is
not yet the case in many models.

Most energy system models depict the energy supply sector at a high level of de-
tail [13]. The demand sectors (household, transportation, trade and commerce) are mostly
modeled in spatiotemporal resolutions as well [13]. In contrast, the industry sector is often
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represented in only rudimentary ways [13]. While high-quality load data are potentially
available, as most of the industrial consumers are power-metered customers, companies
consider their energy consumption data confidential [14], and high spatiotemporal load
data are scarce. At the same time, the modeling of industrial energy consumption is
showing an increased complexity since consumption tends to show lower dependencies
on exogenous influencing factors (e.g., weather) and partly tends to show very weak
patterns [13].

This research gap, given the lack of detailed industrial load profiles for energy-system
analyses, is to be addressed in this publication with the proposal of a methodology for gen-
erating synthetic load profiles for different industry types. The methodology is described,
published as an open source as well as evaluated with respect to real available load data.

2. Literature Overview

The numerous energy system models that are currently available use electricity de-
mands quite differently in terms of temporal, spatial and sectoral resolutions [15]. Some
energy system models, e.g., Calliope [16], COMPETES [17], EMMA [18], NEMO [19],
SAM [20] and Renpass [21], bypass the disaggregation of the different demand sectors
by using a total electrical demand [15]. The total cross-sectoral electricity demand can be
obtained from the European Network of Transmission System Operators for Electricity
(ENTSO-E) [22]. With Urbs [23], a linear-energy system-optimization model, the demand
can be separated into commodities, such as electricity, space heat and process heat, but
not into the demand sectors industry or households. In HOMER [24], the industrial load
is integrated into the primary load along with lights, radio and household appliances,
among others. In SWITCH [25], load zones are defined, which can represent either a local
area or an electric bus to which one aggregated electrical load is associated, respectively.
A number of models prefer to divide the demand into several sectors and integrate the
industrial sector separately. Oemof [26] is a Python toolbox for energy-system modeling
and optimization, which uses the demandlib library [27] to create load profiles for electricity
and heat by using the annual demand. In this library, the industrial electricity demand is
modeled by using a step function. The simulation and optimization model REMod-D [28]
is used to calculate the transformation of today’s German energy system into a target
system in the year 2050. The base electricity load (consumption for original electricity
applications) is modeled via load profiles based on data from the ENTSO-E. The electricity
demand of the whole industry sector is captured in the base electricity load. PRIMES [29]
provides detailed projections of the energy demand, supply, prices and investments that
may occur in the future, covering the entire energy system, including emissions for each
individual European country and for the European-wide trade of energy commodities.
In PRIMES, the industry consists of the ten most energy-intensive branches, split further
into 31 sub-branches. Each sub-branch includes a series of industrial processes and en-
ergy uses totaling 235 uses. In terms of regional distribution, PRIMES and REMod-D lack
spatial information and representation (at a level below that of countries), so they do not
fully capture issues about trading infrastructure for fuel and electricity distributions [29].
MyPyPSA-Ger [30] is a model further developed from PyPSA-Eur and has been trans-
formed into a myopic approach. The original PyPSA-Eur [31] model, an open optimization
model of the European transmission system, takes the hourly electricity demand profiles
for each country from the ENTSO-E [22]. The load time series is distributed to each regional
unit by 60% as industrial demand and by 40% as residential demand [31]. With regard
to the temporal demand, it is assumed that the top-down load time series shape is the
same at each regional node, ignoring local differences and demand sectors. GCAM [32],
ReMIND [33], LIBEMOD [34], RETScreen [35] and GENeSYS-MOD v2.0 [36] represent the
industrial sector as one aggregated time series as well, while TIMES-D [37], a dynamic
intersectoral optimization model, represents the German industrial sector on the basis of
14 predominantly energy-intensive industries, which are modeled as either process- or
application-oriented but without further spatial distributions [38].
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None of these examples nor, to the best of our knowledge, any other energy system
models that deal with the German power system integrate the industrial demand at high
spatiotemporal and sectoral resolutions. The lack of data availability in the industry
sector is the main obstacle to this goal [14]. A high spatial resolution would mean a
NUTS-3 level with regard to spatial disaggregation. A high temporal resolution would
mean hourly to 15-min intervals with regard to time steps. With the increase in the
fluctuating electricity supply from renewable sources, the time steps of demand series must
decrease in energy-system models in order to model the use of storage technologies and
demand-side management. Finally, a high sectoral resolution would mean three- or four-
digit-level industry types of the common classification systems, such as the NAICS (the
North American Industry Classification System) [39], the ISIC (the International Standard
Industrial Classification of all economic activities) [40] and the WZ 2008 (the German
classification of economic sectors ) [41]. Most projects that analyze the energy balances
of industries or generate load profiles remain at the two-digit classification level and do
not disaggregate further [13,42,43]. The representation of industrial electricity demands
on this level is by nature aggregated over very heterogeneous structures. This most likely
leads to rough inferences about economic relationships and consumer behaviors [44]. For
a valid econometric demand analysis, it is important to aim for a homogeneous group of
consumers. This implies that energy-demand studies should be conducted with the data
in industry fields classified into the smallest possible scale. Only a sectoral and spatially
resolved energy-demand model makes it possible to answer current questions, such as the
need for the expansion and optimization of electricity grids and the technical and economic
potential of functional electricity storage systems [45].

The DemandRegio [13] project identified this gap and provides a program code that
models temporal, spatial and industry branch-specific electricity and gas demands. Load
profiles are generated at hourly intervals. For industry branches, for which no real data
are available, a step function on the bases of shift patterns is applied. With this approach,
however, there is a risk that since several step profiles are added up to cover a region, an
oversized peak can be built up and demand will abruptly increase and fall at certain points
in time. A regional breakdown is realized on the basis of fixed energy-demand-determining
variables, such as the number of employees per industrial sector. The industry is clustered
into 24 branches according to the second hierarchy of the classification system WZ 2008 [41],
also called two-digit levels or divisions.

The dsgrid [46] model explores the future energy system of the United States. It
models industrial consumption using the IGATE-E program [47]. This is an industrial load
generator that uses historical plant-level load data, the Manufacturing Energy Consumption
Survey (MECS) [48] and the load shapes from the EPRI load-shape library [49]. This library
provides representative hourly load shapes by using five end-use applications (HVAC,
lighting, mechanical drive, process heat and other) and various scenarios, e.g., weekday
versus weekend and peak season versus off-peak season, for the sectors commercial,
residential and industry for 13 different regions in the U.S.

In fact, the DemandRegio project and EPRI load-shape library are the only accessible
load generators presenting hourly time patterns for industry types and industrial end-
use applications.

This paper aims to bridge the gap between the industrial sector and the need for a
resolved electricity demand for power system analyses. Since there are hardly any freely
available industrial load data, the following chapters propose how this gap can be closed
by means of a methodology for generating industrial synthetic load profiles.

3. Generating Industrial Synthetic Load Profiles

Like the dsgrid project [46], this method was built on the assumption that similar
industrial applications have similar electricity demand patterns regardless of the industrial
sector in which these applications are used. Based on this assumption, eight electrical
end-user categories (e.g., space cooling, lighting and mechanical drive processes) were set,
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to which daily normalized load profiles were assigned. These eight profiles were the only
exogenous data input into the methodology and generated in Step 0. The methodology for
generating synthetic load profiles for different industry types was structured into four steps,
which were carried out successively. In the first step, certain industry types were specified.
In the second step, the electricity consumption of end-use appliances was quantified for
each industry type, and basic load profiles were generated top-down. Thereafter, the
profiles were further sharpened bottom-up in the third step. There, the typical mechanical
drive processes were classified into continuous and discontinuous processes and the load was
separated according to their shares. In the fourth step, a synthetic fluctuation was applied
to the profile as a stochastic attribute. The individual steps are described in the following
chapters and summarized in Figure 1.
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Figure 1. Methodology overview for generating synthetic load profiles exemplary of the industry
type 25.62, mechanic.

Up to this point, the method was limited to the generation of synthetic load profiles
for one typical working day since the focus of the method was on the information content
and the systematic construction of the load profile.

3.1. Step 0: Normalized Load Profiles for Eight End-Use Appliances

The eight selected end-use categories (referred to in the following sections as end users)
are space heating [SH], hot water [HW], process heat [PH], space cooling [SC], process cool-
ing [PC], lighting [L], information and communications technologies [ICT] and mechanical
drives [MD] (based on the end-use appliances of the AGEB [5]). Every end-user is assigned
to one daily load profile (Figure 2). The EPRI load profiles mechanical drive and process
heat show nearly identical patterns and differ by less than 2% of their absolute values [49].
Therefore, the EPRI load profile mechanical drive, for the scenario of an off-peak season, an
average weekday (Monday to Friday) and the region Mid-Atlantic Area Council (a similar
climate to Germany) was extracted by using the web-based tool WebPlotDigitizer [50].
The resulting time series was recorded in 15-min intervals and normalized to an average
consumption of 1. The resulting load profile xPro (production) was assigned to the end-users
process heat and mechanical drive. The remaining three EPRI load profiles were also almost



Energies 2022, 15, 3683 5 of 29

identical and differed from the first two by stretching in the y direction by a factor of 2. This
characteristic was adopted to the second load profile infrastructure,

xInf, i = 2× xPro, i − 1 (1)

which is generated out of the load profile production, where xInf, i is one value of the load
profile infrastructure at time i via Equation (1). The whole timeseries xInf is normalized to an
average consumption of 1 and assigned to the end-users space heating, water heating, space
cooling, lighting and ICT. The third load profile constant xCon has a value of 1 at all times.
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3.2. Step 1: Clustering into Industry Types

The companies were clustered into industry types according to the systematic clas-
sification WZ 2008 of the German Federal Statistical Office [41], which classifies all of
the 45,000 German manufacturing companies [51] via five sub-sector levels (Table 1) by
using their end products, their final purposes and their production processes. It claims
that for some industries, such as food and machinery, these three criteria correlate quite
strongly [41] (p. 20), so it is assumed that companies that have similar products and
processes also have similar electricity-demand patterns.

Table 1. Hierarchy of the WZ 2008 classifications [41,51].

Sub-Sectors WZ 2008 Code Number of Sub-Sectors in Section C

Sectors C: Industry (1-digit code)
Divisions C: 10–33 (2-digit code) 24

Groups C: 10.x–33.x (3-digit code) 92
Classes C: 10.xy–33.xy (4-digit code) 187

Sub-classes C: 10.xy.z–33.xy.z (5-digit code) 260

In this paper, industry types out of the divisions (2-digit codes) with the highest
numbers of companies in Germany in the year 2019 were defined, which are: food products
(WZ 2008 Code: 10 food products) with 4915 companies, metal products (WZ 2008 Code:
25 (metal products)) with 7429 companies and machinery (WZ 2008 Code: 28 (machinery))
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with 5485 companies [52]. To select the industry types of the lowest possible levels of
sub-sectors, the three divisions were examined regarding the following questions:

• Does the end-product diversity decrease with the branching from divisions to sub-classes?
• Are data available with regard to the end-user electricity demands (for Step 2)?
• Are data available with regard to the machine-drive processes (for Step 3)?
• Does the sub-sector contain more than 100 companies in Germany?

3.2.1. Industry Types of 10 Food Products

The corporate landscape of the food industry is highly heterogeneous (it has a high
product diversity) [41], whereas companies at the group or class level (the production of
a specific food product) are homogeneous to a high degree [42,53–55]. In addition, data
availabilities in literature with respect to electricity demands and machine drive processes
are relatively high. Therefore, the four industry types highlighted in Figure 3 were selected
from the food division. Group 10.5 (dairy products) with 229 companies was separated
into only two classes, 10.51 (dairy processing) and 10.52 (ice cream), and as there were
only 14 ice cream producing companies in Germany, a further disaggregation was not
applied. The companies of 10.71 (bakery products) accounted for 96% of the companies of
the higher-level group 10.7 (baked goods), and since the classes 10.72 and 10.73 accounted
for fewer than 100 companies [52], 10.7 (baked goods) was defined as one industry type.
These four industry types contained 75% of the companies and consumed 48% of the
electricity of the food products industry [56].
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3.2.2. Industry Types of 25 Metal Products

Out of the metal products division, six industry types located at the 3- and 4-digit levels
(Figure 4) were selected. They covered 97% of the German metal product companies [51].
Apart from the 2-digit level [57], end-user demands for the metal product industry were
hardly published for the lower sub-sectors. Nevertheless, the division was further clustered
in this work because, on the one hand, the Austrian Energy Institute of the Economy [58]
claimed that “the metalworking companies are a relatively heterogeneous group in terms
of their products, their production processes and facilities and their company sizes and
structures. However, the companies have (irrespective of their products) similar energy
consumptions and key figures, energy source distributions and energy inputs are readily
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comparable”. Considering this argument, the shares of the end-user electricity of the whole
division were applied to each of the chosen industry types in Step 2 (Section 3.3). On the
other hand, the data availability for mechanical drive processes is relatively high, and with
a consumption of 73% of the electricity [57], it is by far the most important end user.
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3.2.3. Industry Types of 28 Machineries

For the machinery division, a finer disaggregation will not always result in more
uniform industries than for the food and metal products. This is because the product range
is broader than that of any other branch of industry [59]. Additionally, a lot of companies in
the machinery sector cover only one link of the whole process chain from raw materials to
end products. Still, the companies of one chain are classified as one common class [41]. In
contrast to the food industry, there are hardly any representative companies in this sector
that can be used to map groups or classes. Thus, the machinery division presented itself
as a large diverse accumulation of process technologies. In addition, the data landscape
for the classes and groups included in this division is very small. For these reasons, the
machinery sector was not disaggregated further and the entire division was defined as one
industry type (Figure 5).
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3.3. Step 2: Generating a Basic Load Profile

In this step, the percentage of the electricity demand of the eight end users was first
gathered for each industry type. Table 2 summarizes the collected data. As mentioned
in Section 3.2.2, for the six industry types of the metal product industry, the electricity
distribution of the division [57] was applied.
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Table 2. Distribution of yearly electricity demand per end user and industry type.

WZ 2008 Code Name of Industry Type
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p%SH
in %

p%HW
in %

p%PH
in %

p%SC
in %

p%PC
in %

p%L
in %

p%ICT
in %

p%MD
in %

10.11 Slaughtering, excluding poultry 0.00 0.00 0.00 0.00 51.00 9.00 0.00 40.00 [60]
10.13 Meat processing 6.70 1 0.00 4.80 0.00 39.90 3.90 17.80 26.90 [61]
10.5 Dairy products 9.00 2 3.00 6.00 0.00 31.00 9.00 3.00 40.00 [53]
10.7 Baked goods 2.00 2 0.00 45.00 0.00 30.00 5.00 1.00 17.00 [42]

25.1 Steel and light metal production

0.53 0.36 9.61 3.91 0.00 8.01 4.45 73.13 [57]

25.5 Prod. of forgings, etc.
25.61 Surface finishing and heat treating
25.62 Mechanics
25.7 Manufacturing of cutlery, tools etc.
25.9 Manufacturing of other products

28 Machinery 0.73 0.73 9.54 4.40 1.71 13.20 15.16 54.52 [57]

1 Ventilation classified as space heating. 2 HVAC classified as space heating.

For the generation of the basic load profile, each end user’s profile from the first step
(Figure 2) was multiplied with the end user’s respective percentage of the total electricity
demand p%{end-user} (Table 2) according to Equations (2)–(9):

ySH, i = xInf, i ∗ p%SH ∗ 100 kW (2)

yHW, i = xInf, i ∗ p%HW ∗ 100 kW (3)

yPH, i = xPro, i ∗ p%PH ∗ 100 kW (4)

ySC, i = xInf, i ∗ p%SC ∗ 100 kW (5)

yPC, i = xCon, i ∗ p%PC ∗ 100 kW (6)

yL, i = xInf, i ∗ p%L ∗ 100 kW (7)

yICT, i = xInf, i ∗ p%ICT ∗ 100 kW (8)

yMD, i = xPro, i ∗ p%MD ∗ 100 kW (9)

where y{end−user},i is the normalized end-user profile in kW at time point i. Finally, these
eight partial loads were summed up to the total load ytotal as follows:

ytotal, i = ySH,i + yHW,i + yPH,i + ySC,i + yPC,i + yL,i + yICT,i + yMD,i (10)

The time series of the total load profile was automatically normalized to an average
consumption of 100 kW. One exemplary basic load profile for industry type 10.5 (dairy
products) is shown in Figure 6.

3.4. Step 3: Classifying Mechanical Drive Processes

In the German industry, 72% of the industry’s electricity demand was used for me-
chanical drive processes in 2019 [57], which made this end user by far the most dominant
one. That is why the end user mechanical drive was selected for further characterizations.
In this step, for every industry type, the time series of mechanical drive yMD was separated
into the two new time series: continuous and discontinuous mechanical drives, i.e., yMD_conti
and yMD_disconti. To calculate the shares of these two categories, the typical mechanical
processes of each industry type were classified according to their features listed in Table 3,
and their individual power consumptions were quantified (Table 4).
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Table 3. Descriptions of the load types continuous and discontinuous mechanical drives based on [43].

Continuous Mechanical Drives Discontinuous Mechanical Drives

Description
Manufacturing equipment that applies a constant

force to a moving medium, such as a fluid
or conveyor.

Manufacturing equipment that applies an abruptly
changing mechanical force or electrical charge to a

raw material during a defined cycle time.

Machine examples Mechanical drives, such as pumps, fans, blowers
and air compressors.

Mechanical and hydraulic presses, forging presses,
grinding machines, chipping machines, etc.

Process examples Cooling, dewatering pressing, compressing,
mixing, final assembly, etc.

Packing, winding, weaving, sawing, planning,
chipping, grinding, milling, crushing, classifying,

metal cutting, etc.
Power-demand shape Constant Fluctuating

DSM potential Can be modulated Can be turned on/off

The categorization was done for two reasons. First, continuous and discontinuous pro-
cesses deliver different types of demand-side management (DSM) products, e.g., regulation,
flexibility, contingency, energy and capacity [43]. Second, a fluctuation factor was applied to
the proportion of the discontinuous load in Step 4 of this method as this load represents the
power consumption of devices with abruptly changing mechanical forces and is therefore
mainly responsible for the fluctuating characteristics of load profiles.

The electricity demand of typical processes in food companies is addressed in several
publications, such as energy consumption guides [61–63] and audits [64]. The processes
and their electricity consumptions are listed in Table 4. The processes are also weighted in
terms of their power consumptions, their shares of continuous and discontinuous processes
related to mechanical drives and to the total demand. For industry type 25.62 (mechanics),
we had access to the electricity meters of all machines in the production hall of one company.
The mechanical drive devices were first categorized according to their main processes,
and the electricity consumption (of the year 2019) of each process was determined. The
production processes of the five remaining industry types from 25 metal products were
relatively transparent, but there were hardly any data published regarding their electricity
consumptions. In this case, assumptions had to be made on one’s own. From the preceding
industrial types, it was found that that there was mostly one dominant process (underlined
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for each industry type in Table 4), consuming between 25% (mixing for 10.5 (dairy products))
and 57% (packaging for 10.13 (meat processing)) of the total electricity for mechanical drive
processes. On average, the dominant process consumed approx. 40% of the electricity
for mechanical drive applications. For this purpose, one process was defined as the main
process to which 40% of the electricity consumption was allocated. The remaining 60% was
distributed evenly among the remaining processes. For 28 (machinery), process analysis
was complicated because of the heterogeneous consumption structures [12] and a lack of
statistical records [65]. That is why Step 3 was skipped for this industry type and Step 4
was followed.

Table 4. Mechanical-drive [MD] processes of the industry types classified into continuous and
discontinuous processes and their shares of electricity demands from the end-user mechanical drives
and from the total demand. The dominant process of each industry type is underlined.

WZ 2008
Code Name of Industry Type Continuous

Processes
Power

Consumption
Discontinuous

Processes
Power

Consumption Source

p%MD_conti in % p%MD_disconti in %

10.11 Slaughtering, excluding poultry Pumping
Air compressing

37.5
12.5

Processing
Packaging
Conveying

25
12.5
12.5

[62]

Share of MD demand 50 50
Share of total demand 20 20

10.13 Meat processing Air compressing 25

Packaging
Filling

Cutting
Conveying

57
8
8
3

[61]

Share of MD demand 25 75
Share of total demand 7 20

10.5 Dairy products

Pumping
Mixing

Homogenizing
Air compressing

22
25
17
22

Packaging
Separating

3
11 [64]

Share of MD demand 86 14
Share of total demand 34 6

10.7 Baked goods Pumping
Air compressing

42
16 Mechanically treating 42 [63]

Share of MD demand 58 42
Share of total demand 10 7

25.1 Steel and light metal
construction

Surface cleaning
Straightening,
bending and

rolling
Finishing

12
12
12

Cutting
Fitting and reaming

Fastening

40
12
12

[66]

Share of MD demand 36 64
Share of total demand 26 47

25.5 Production of forgings, pressed,
drawn and stamped parts . . . Shot blasting 15

Cutting
Forging

Machining
Packaging

15
40
15
15

[67]

Share of MD demand 15 85
Share of total demand 11 62

25.61 Surface finishing and heat
treating

Assembling
Cleaning
Mixing
Coating
Drying

10
10
10
40
10

Unpacking
Packaging

10
10 [68]

Share of MD demand 80 20
Share of total demand 59 15
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Table 4. Cont.

WZ 2008 Code Name of Industry Type Continuous
Processes

Power
Consumption

Discontinuous
Processes

Power
Consumption Source

25.62 Mechanics Air compressing 50

Cleaning
Grinding
Milling
Cutting
Turning

35
2
5
4
3

Own calcu-lations

Share of MD demand 50 50
Share of total demand 37 37

25.7 Manufacturing of tools Rolling
Polishing

15
15

Blanking
Cutting
Forming

15
15
40

[69]

Share of MD demand 30 70
Share of total demand 22 51

25.9 Manufacturing of other
fabricated metal products

Thread rolling
Coating

Finishing

9
9
9

Casting
Forging
Facing

Rooving
Grinding

9
9
9
9

40

[70]

Share of MD demand 26 74
Share of total demand 19 54

28 Machinery - -

The load mechanical drive yMD was replaced by the two new loads, continuous me-
chanical drive,

yMD_conti, i = yMD,i ∗ p%MD_conti (11)

and discontinuous mechanical drive,

yMD_disconti, i = yMD,i ∗ p%MD_disconti (12)

where p%MD_conti and p%MD_disconti are the shares of continuous and discontinuous mechani-
cal processes (Table 4) and add up to 100%. One exemplary result for industry type 25.1
(steel and light metal construction) after the third step is shown in Figure 7.
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3.5. Step 4: Applying a Fluctuation Rate

Electrical load demand is hardly ever constant. With an increasing number of devices
that are switched on and off constantly, the load profile fluctuates to varying degrees. In in-
dustrial plants, discontinuous operated mechanical devices especially cause these fluctuations
due to their definition in Table 3. In this work, standard deviations of fluctuating real load
data (confidential and therefore only described in general terms) were first calculated and
then applied as synthetic fluctuations on the partial load of a discontinuous mechanical drive.

In total, 31 real load datasets are available, but only 11 of them correspond to the
industry types investigated in this paper (Table 5). Each dataset consists of a time series of
the total electricity demand of the company (active power at the transfer meter) in kW over
a period of one to three years with a resolution of 15 min. In Figure 8, weekly real load
profiles are plotted from four exemplary industries.

Table 5. List of available datasets of real industrial load profiles, their associated industry types and
the numbers of shifts applied in the company.

Dataset No. Industry Type Number of Shifts

1 10.13 (meat processing) 3

2 25.61 (surface finishing and heat treating) 3
3 25.61 (surface finishing and heat treating) 1–3
4 25.62 (mechanics) 3
5 25.62 (mechanics) 2
6 25.62 (mechanics) 3
7 25.62 (mechanics) 1–2
8 28 (machinery) 2
9 28 (machinery) 2
10 28 (machinery) 2

11 28 (machinery) 3

12–31 Other industry types

To calculate the standard deviation of each dataset, first the non-working days (Sat-
urdays, Sundays, holidays and “bridging days”) were excluded from the total time series
because load profiles of non-working days differ from working days, as can be observed in
Figure 8.

Additionally, production periods differ with the different shift patterns of companies.
Therefore, the standard deviation was calculated for the load only during production times.
The daily time window for analysis was narrowed down to one hour after the start of the
shift until one hour before the end of the shift, as summarized in Table 6. Of all industries
analyzed, eight ran their production in one shift, nine ran their production in two shifts, 13
ran their production in three shifts and one alternated between one- and two-shift patterns.

Table 6. Time periods for determining the standard deviation of the power demand.

1 Shift
8:00 to 16:00

2 Shift
6:00 to 22:00

3 Shift
00:00 to 24:00

Monday–Thursday 9:00 to 15:00 7:00 to 21:00 00:00 to 24:00
Friday 9:00 to 15:00 7:00 to 14:00 00:00 to 21:00

Saturday, Sunday,
holidays, bridging days No analysis No analysis No analysis
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Figure 8. Weekly load profile patterns of a real dataset of the following industry types: (a) no. 1: 10.13
(meat processing); (b) no. 3: 25.61 (surface finishing and heat treating); (c) no. 7: 25.62 (mechanics)
and (d) no. 8: 28 (machinery).

By default, the standard deviation is related to the mean value of all considered values.
However, since the trend of the load profiles was not constant, this approach would have
resulted in a standard deviation not only reflecting the fluctuation but also being influenced
by the trend itself. To avoid this, the standard deviation was related to the trend, which was
generated by smoothing the original load curve by using LOWESS (the weighted linear
least squares regression) over the span of 0.5.

Figure 9 shows an example of the 24 h electricity consumption of a 2-shift mechanic
company and the smoothed profile for the examined time range between 7:00 and 21:00.
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Figure 9. Original 24-h power consumption of a mechanic company (industry type: 25.62 (mechanics))
and the smoothed profile within the working shift (highlighted area).

The relative standard deviation was calculated for each working day j with

sj =

√
1

N−1 ∑N
i=1(xi − xi, smoothed)

2

xj
× 100% (13)

where sj is the relative standard deviation of one working day j in %, N is the number of
values of time windows, i is one time point, xi and xi,smoothed are the original and smoothed
power demands of the real dataset in kW, respectively, and xj is the average power of
the time windows. As the standard deviations are not directly proportional to the power
consumption, the sj was converted into

sre f , j = sj ×
√

xj

100 kW
(14)

by relating the standard deviation to a fixed average consumption of 100 kW.
Equation (14) is based on the central limit theorem of Lindberg–Lévy [71]. Finally, the

median sref of all sref,j was calculated. For the industry types with more than one dataset, the
average of all sref was calculated, which represented the fluctuation height of the associated
industry type. For the industry types without any real load datasets, the average fluctuation
height of all 31 available datasets was calculated and applied. Table 7 shows the fluctuations
for four industry types and the average fluctuation for the remaining industry types.

Table 7. Fluctuation heights of industry types.

WZ 2008 Code Name of Industry Type Fluctuation Height

sref in %

10.13 Meat processing 14
25.61 Surface finishing and heat treating 19
25.62 Mechanics 13

28 Machinery 11
All other industry types 19
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To apply the standard deviation to the synthetic profiles, first, a series of 96 random
numbers of a Gaussian normal distribution was generated (one value for every 15 min of
one day; mean value = 0 and standard deviation = sref). Although the standard deviation
was calculated from the total active power consumption of the plant, for a graphical
representation of the synthetic load profiles, the fluctuation was applied to only the profile
of the discontinuous mechanical drive (Figure 10). Therefore, the series of random numbers
ri with the unit kW was added to the time series of the discontinuous mechanical drive
yMD_disconti, resulting in a new time series for discontinuous mechanical drive:

yMD_disconti+ f luc, i = yMD_disconti,i + ri (15)
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3.6. Model Development

The tool was written in Python and was released in the GitHub repository: https:
//github.com/asandhaa/SyntheticLoadProfiles (accessed on 1 May 2022).

Figure 11 shows the structure of the model. The Python scripts for the generation of
synthetical load profiles can be applied to any industry type. The input data was collected
in two Excel files. The first file contains the time series for the normalized end-user profiles
and the second file contains all the data collected for the 11 industry types defined so far. For
the addition of further industry types (defined by using Step 1), only the corresponding data
(Steps 2–4) for this industry type were added to the second Excel file, and with the help of
the code Python, a synthetic load profile was created. We would appreciate if other scientists
would contribute to the data collection in order to cover the industry sector completely.

https://github.com/asandhaa/SyntheticLoadProfiles
https://github.com/asandhaa/SyntheticLoadProfiles
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4. Benefits and Limits of the Presented Methodology

The time span of the load profiles was intentionally restricted to one typical working
day as the focus was on generating the profiles with precise data contents and a character-
istic course. For the generation of longer time spans, normalized end-user profiles (Step 0)
would have had to first be generated for further types of days, such as weekends and
closing days, and seasonal effects would have also had to be included for entire years.

4.1. Step 0: Normalized Load Profiles for Eight End-Use Appliances

Unlike most published synthetic load profiles for which only the absolute demand
is modeled, the synthetic load profiles in this study were further separated into loads for
different end users in industries. The AGEB [57] publishes the energy balances of the whole
German industry classified into 14 categories on a yearly basis by using similar end-use
categories. The shares of the end users are shown in Figure 12. The energy demands of
the different end users will gain importance in the future as the integration of more and
more renewable energies into the German energy system with a simultaneous reduction
of fossil fuels will cause an increasing electrification of industrial applications [2,9,72,73].
As a result, the shares of the end users will change significantly as the electrification of
the heat supply will increase more strongly than that of other applications [9]. Dividing
the total electricity demand into end users is a major advantage of this method because
the individual end users can be adapted independently to different scenarios of future
energy supply. Therefore, the presented load profiles are optimal to represent the industry
demands for energy system analyses with regard to electrification, flexibility (DSM) and
storage technology studies. In the year 2019, the dominating electrical end users in the
German industry were mechanical drive (72%) followed by process heat (13%) [57]. The
end-user categories space heating and hot water consumed, respectively, less than 1%
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of the electricity in most industries and can theoretically be neglected in this method.
Alternatively, hot water can be merged with process heat and space heating, and space
cooling can be combined into an aggregated end user, such as HVAC, as a lot of literature
sources publish space climatization as HVAC anyway. The advantage of using an HVAC
end user is that in a future step, the user’s normalized load profile could be related to the
outside temperature profile for one day and/or over one year.
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Figure 12. Distribution of electrical energy consumptions of end users and industry branches.

As far as the course of the profiles is concerned, it was assumed that this depended
on the application and not on the industry type. This generalization may certainly not
apply to every industry type, but on the one hand, it ensures that the final profiles of the
industries differ slightly in their courses, and on the other hand, it gives us the possibility
of adjusting the end-user profiles individually at any time based on new findings.

4.2. Step 1: Clustering into Industry Types

The biggest advantage of clustering the industry types according to the WZ 2008
system is that the energy data, application balances and locations of companies refer to this
classification. In addition, the sub-sectors are transferable to other classification systems
if data from outside Germany are used. International energy data are often published
with regard to the International Standard Industrial Classification of all economic activities
(ISIC) Rev. 4 [40], and the corresponding ISIC code is given for each sub-sector in the WZ
2008 classification.

4.2.1. Industry Types out of the Division 10 Food Products

In the food industry, a wide variety of different production processes is encountered,
corresponding to the range of different products that are produced. Companies at the 3-
and 4-digit levels are homogeneous to a high degree because food companies often produce
only one or a few specific food products. This, together with a good availability of energy
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balances for individual plants, is in favor of defining industry types at the 3- and 4-digit
levels. Therefore, numerous studies of individual food sector plants [53,60,61,63,64,74] are
scaled up to their corresponding industry types.

To determine the benefits of classifying the industry types of the 3- and 4-digit levels,
the four generated profiles were to be compared to the synthetic load profile of the parental
2-digit-levels 10, 11 and 12 (food, beverages and tobacco) [57]. The synthetic profile was
generated by using Steps 1, 2 and 4. Step 3 requires homogenous processes in companies,
which was not given in this level. Comparing the load profiles of Figure 13, it can be seen
that the distribution of the end users differs a lot between the four selected industry types
as well as compared to the profile of the division level. For example, process cooling is
needed in all of the regarded industry types, but slaughterhouses need more than half of
their electricity consumptions for this purpose. However, process heat plays a much bigger
role for bakeries than for the other branches. The amount of the discontinuous processes
varies between 5.6% for 10.7 (baked goods) and 20.2% for 10.13 (meat processing). These
differences in the load profiles clearly prove the need for a widely branched food industry.
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Figure 13. Synthetic load profiles for (a) 10, 11 and 12 (food, beverages and tobacco); (b) 10.11
(slaughtering, excluding poultry); (c) 10.13 (meat processing) and (d) 10.5 (dairy products) and
(e) 10.7 (baked goods).

4.2.2. Industry Types out of the Division 25 Metal Products

If the biggest end-user mechanical drive was excluded, the six synthetic load profiles
of the metal product division were similar (Figure 14) as the share of electricity for the
end users was obtained from the same source (Table 2). However, the different shares
of discontinuous mechanical drives (30% for 25.61 (surface finishing) up to 90% for 25.5
(production of forgings, etc.)) and the applied fluctuations ensured individual load profiles
for the different industry types. For this reason, it was advantageous in this case to split
the department into further industry types even though the data situation for the end users
was poor.
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Figure 14. Synthetic load profiles for (a) 25.1 (steel and light metal construction); (b) 25.5 (production
of forgings, pressed, drawn and stamped parts . . . ); (c) 25.61 (surface finishing and heat treating);
(d) 25.62 (mechanics); (e) 25.7 (manufacturing of cutlery, tools, locks and fittings from base metals)
and (f) 25.9 (manufacturing of other fabricated metal products).
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4.2.3. Industry Type 28 (Machinery)

For the mechanical engineering sector, the research revealed that on the one hand, the
heterogeneous industrial landscape calls for a very finely separated industrial sector, but
on the other hand, this sector lacks the data basis for actually implementing this separation.
Therefore, the machinery sector was not disaggregated further and the entire division was
represented by one aggregated profile (Figure 15). However, the advantage of generating a
synthetic load profile for a division was a good data availability for the end-user shares in
the second step [57] and a regional energy demand at the NUTS-3 level [75].
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4.3. Step 2: Generating a Basic Load Profile

After the second step, a base load profile had already been generated, the surface
of which had been roughened in the final step by imposing fluctuations with the help
of real data, but the overall characteristic curve remained the same. These base profiles
were therefore well suited for quantitative comparisons with the courses of smoothed real
profiles. To check the accuracies of the resulting synthetic load profiles, the root mean
square error (RMSEs) between synthetic and real loads (cf. the datasets listed in Table 5)
were calculated. In the case of the synthetic profiles, the absolute daily load yi after Step 2
was taken before the fluctuation was applied. In the case of the real load profiles, the
datasets were smoothed as follows: First, only the total power consumption of the working
days Tuesday, Wednesday and Thursday (excluding holidays) was isolated from the entire
time series. Since these days were embedded between other working days, their base loads
were not affected by preceding or succeeding production breaks and their load patterns
were quite similar, as can be observed in Figure 8. The time series xj for each day j were
normalized to an average consumption of 100 kW by using

xij, norm =
xij

xj
× 100 kW (16)

where i (i = 1, . . . ,n; n = 96 values) is a time point in 24 h, and then the series were plotted on
top of each other (Figure 16). To smooth the fluctuating curve, the method from Section 3.5
(LOWESS) could not be applied for the whole day as the abrupt increase and decrease of
power consumption at the beginning and end of a shift would not be correctly displayed
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by using this method. Therefore, the median of all values at time point i was calculated.
The resulting time series xi, smoothed represented the profile of the smoothed curve.
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Figure 16. Real and synthetic daily load profiles plotted on top of each other for qualitative compar-
isons: (a) daily real load profiles (original and smoothed) of the industrial dataset no. 4 (black) and
the synthetic load profile (fluctuated and smoothed) of industry number 25.62 (mechanics; orange)
and (b) daily real load profiles (original and smoothed) of industrial dataset no. 7 (black) and the
synthetic load profile (fluctuated and smoothed) of industry number 25.62 (mechanics; orange).

The RMSE between the synthetic load profile yi and the smoothed real load profile
xi,norm was calculated by using

RMSE =

√
∑n

i=1(xi,smoothed − yi)
2

n
(17)

The resulting RMSE values are shown in Table 8 and graphed in Figure 16.
The values of the calculated RMSE were distributed quite independently of the in-

dustrial types between 3 kW and 43 kW of the absolute value. Above all, one correlation
was obvious: the quality of the synthetic profiles was particularly good and had a low
RMSE when a plant operated in 3 shifts for datasets 1, 2, 4, 6 and 11. This correlation
can be seen especially in the comparison of the course of the real profile of dataset 4 with
the synthetic profile of the corresponding industry type 25.62 in Figure 16a, which had
the lowest RMSE of 2.75. The load profiles of dataset 7 show a particularly high RMSE
(Figure 16b). Outside the shift times, the base load dropped to about 10% of the production
load. For a more accurate representation of the profiles, the applied shiftwork times of
the industry types had to be integrated into the methodology. For this, the resulting load
profiles had to be stretched vertically at the times of the shift starts and shift ends. The
factor between the peak load during the work shift and the baseload outside the production
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time could be determined from the real data and applied across the board for all industry
types or calculated individually from the respective datasets for the different industry types.
However, it is important to note that the companies of an industry type did not all use the
same shift times (see Table 8), and in order to model the regional electricity demand of an
industry type, it was therefore essential to also specify the distribution of one-, two- and
three-shift companies of the particular industry type.

Table 8. RMSE between real and synthetic industrial profiles and the number of shifts of the
investigated companies.

Dataset No. Industry Type Number of Shifts RMSE in kW

1 10.13 (meat processing) 3 7.19
2 25.61 (surface finishing and heat treating) 3 4.73
3 25.61 (surface finishing and heat treating) 1 14.13
4 25.62 (mechanics) 3 2.75
5 25.62 (mechanics) 2 5.84
6 25.62 (mechanics) 3 6.48
7 25.62 (mechanics) 1.2 42.62
8 28 (machinery) 2 11.34
9 28 (machinery) 3 19.55
10 28 (machinery) 3 6.63
11 28 (machinery) 1 5.84

4.4. Step 3: Classifying Mechanical Drive Processes

The classification of mechanical drive processes into continuous and discontinuous
process types was, unlike the previous steps, done by using a bottom-up approach by
analyzing representative companies and applying the result to a whole industry type. The
energy demands of the typical processes of the food industries could all be covered by the
literature. Although numerous processes of the metal product industries are listed in large
numbers in the literature and on specific websites [68–70,76,77], their proportions of energy
consumption have hardly been published at all. For all but one industry type, our own
assumptions about the processes’ energy demands had to be made in this approach. For
industry type 25.62 (mechanics), access to the electricity meters of all the machines of one
company was available, and the classification and quantitative power demands could be
determined with high accuracies. For industry type 28 (machinery), which unified more
than 6000 companies [51], one company could not represent the whole division. Therefore,
Step 3 was skipped for this industry type.

For analyzing flexibility potentials for future energy systems, the continuous and
discontinuous mechanical drive profiles could be handled differently based on their demand-
side management products (Table 3). This allows the use of different flexibility products to
be directly linked to the corresponding shares of the total loads; e.g., a sudden switching
on and off can be realized only by using the load of a discontinuous mechanical drive. This
categorization is the first step for separating loads for the purpose of a flexibility evaluation.
In the future, Step 3 can be applied to the second-largest electricity consumer process
heat as well. Up to now, its main energy source has been natural gas at almost 50% [57],
but due to the predicted electrification of process-heat applications [9], e.g., for certain
low-temperature energy needs, such as curing and drying [77], its electricity demand is
about to increase. The classification of process-heat applications can be performed, e.g., on
technologies or temperature levels.

4.5. Step 4: Applying a Fluctuation Rate

Applying a synthetic fluctuation made the profiles more realistic. The fluctuations
increased the complexity of the demand and challenged the model to adapt the power
supply to the fluctuations or to use batteries for balancing. Additionally, the applied
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fluctuation served as a stochastic attribute in the method. Every time a load profile was
generated, the random numbers ensured a unique synthetic load profile per industry type.

The resulting profiles in Figures 13 and 14 show that although the calculated share of
discontinuous mechanical drives and the range of fluctuation were obtained from different
sources, in all cases in which real data were available, the fluctuation range was smaller
than the partial load. For some of the profiles, e.g. 10.5 (dairy products; Figure 13d) and
10.7 (baked goods; Figure 13e), the imposed fluctuation did not only remain within the load
of the discontinuous mechanical drive but also immersed into the underlying end users. This
was because the average fluctuation range of 19% was higher than the electricity demands
of the discontinuous mechanical processes (Table 4). This observation did not occur for the
four profiles out of the metal production industry to which the 19% fluctuation was applied
(Figure 14). This was because the proportions of the discontinuous mechanical processes
were bigger (min. 46% of the total electricity demand) than the applied fluctuation. Step 4
should be modified in a future work so that for those profiles without any real datasets, the
fluctuation height is not calculated from the average of all fluctuations but is proportional
to the amount of the discontinuous mechanical drives.

An important property of white noise must be considered, especially when scaling the
load profiles to a given power level: the fluctuation range is not proportional to the power
level. That is why the calculated standard deviation of the real load profiles was further
modified by using Equation (14) in order to adjust the fluctuation to a reference mean
power demand of 100 kW. In this study, a reference value of 100 kW was used because
in that case, the absolute and relative fluctuation have the same values, and conversions
of one unit to the other are simplified. With an increasing absolute power consumption,
the relative fluctuation becomes smaller according to the central limit theorem [71] by
Lindberg–Lévy. For example, if a company’s power consumption of one day is twice that
of the previous day, the relative standard deviation is lower by the root of two. This effect
is shown in Figure 17. In Figure 17a, the average daily power consumption of a meat
processing company of one year is plotted against the number of days. It clearly shows
the increased power demand during the summer. The relative fluctuation in Figure 17b
exhibits a contrary course, with low values during the summer months. However, if the
daily standard deviations were normalized to a daily average consumption of 100 kW
by using Equation (14), the values would not be influenced by the power, as can be seen
in Figure 17c. Without this step, the standard deviations of different days or different
companies could not be compared with each other.
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5. Regional Representation of Industrial Electricity Demand

The goal of our research was to evaluate a method for generating detailed spatial,
temporal and sectoral industrial load profiles for energy system modeling. Up to now,
the presented methodology has covered only the temporal and sectoral aspects. However,
since in this method, the application of synthetic fluctuations is used, in this chapter, some
words should be said about the correct dimensioning of this quantity for the regionally
adjusted load profiles. To integrate the generated load profiles in energy-system models
for the representation of spatial industrial electricity demands, the normalized profiles
have to be dimensioned for the specific region. First, the regional electricity demand of
one industry type has to be researched from the company registers of the federal statistical
office [78] or state offices and the average weekday power demand x has to be evaluated
in kW. As the partial loads were adjusted to a total average electricity consumption of
100 kW, the quotient of the resulting value and 100 kW had to be multiplied with each time
series of the end-user loads. As for the fluctuation range, it has to be adapted to the real
consumption by using the inverse equation of Equation (14):

s = sre f ×
√

100 kW
x

(18)

and applied to the discontinuous mechanical drive load, where s is the regional fluctuation
range for industrial load and sref is the calculated fluctuation range relative to 100 kW
(Table 7). After the dimensioning of the individual load profiles, the whole industrial
electricity demand of the region in question can be reflected by using a simple summation
of all the industry types occurring in this region. Since the fluctuations were generated
using random numbers, the addition caused the relative fluctuation of the regional profile
to decrease, like it does in reality.

Unfortunately, the availability of energy data for industrial types at the four-digit
level were publicly available for only Germany as a whole. For the two-digit sectors,
however, data were available down to the NUTS-3 level, and the regional distribution
could be realized by using the method of DemandRegio [13]. However, to map highly
decomposed industries, such as the food industry, to small regions, assumptions had to be
made top-down or by researching the local companies and classifying them in four-digit
sectors. The highly resolved spatial mapping of the demand with the integration of the
correct scaling of the fluctuation ranges is a task for upcoming work.
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6. Conclusions and Future Work

In this paper, a methodology was described for generating industrial electrical load
profiles for different industry sectors in a high temporal and sectoral resolution. The
method was structured in four consecutive steps. In addition to a characteristic daily load
shape, the final synthetical load profiles included information about the electricity demands
of end-use appliances and mechanical drive processes.

Industry types were selected from different levels of the classification system WZ
2008 [41]. The goal was to generate synthetic load profiles for as homogeneous industry
types as possible. It was proven that this clustering process is necessary for the food industry
as the defined industry types differ greatly from each other and from the aggregated food
industry with regard to end products and electricity applications. However, it also became
clear that this approach reaches its limits when a highly heterogeneous industry, such as
mechanical engineering, cannot be disaggregated down further due to scarce data.

Eight electrical end-user categories (space heating, hot water, process heat, space cool-
ing, process cooling, lighting, information and communications technologies and mechanical
drives) were defined to which one of three modeled daily normalized load profiles was
assigned. The basic daily profile of one industry type was created by stacking the eight
end-user profiles with their industry-type-specific proportions. A quantitative comparison
of the basic load profiles with real load profiles was done by calculating the RMSE of the two
profiles. It was found that the RMSE is particularly low when the real profiles are obtained
from 3-shift operating companies. This means that the method is very well suited for the
representation of loads from 3-shift operations, but the profiles have to be adapted for 1- or
2-shift operations. For this purpose, the base load profiles are to be modified on the basis of
the typical number of working shifts of the respective industry type.

Furthermore, the mechanical drive processes were classified into continuous and dis-
continuous categories, and the load was separated according to the shares of these two
categories. These two categories deliver different DSM potentials, and flexibility evaluation
can be performed in energy-system models. The classification of the processes requires
ample data, which is abundantly given for the food sector; is mostly available in a qualita-
tive form for metal products, although the electricity requirements of the processes have
to be estimated for the most part, and proves to be rather complex for the mechanical
engineering sector.

In the last step, a fluctuation range was calculated from a real load data and applied
to the synthetic load profile as white noise. This application made the profiles more
realistic, and short-time flexibility modeling could be realized in an energy system analysis.
Additionally, the applied fluctuation served as a stochastic attribute in the method. Every
time a load profile is generated, the random numbers ensure a unique synthetic load profile
per industry type.

This methodology is particularly well suited for reflecting the demands of different
industry types in power system modeling and adjusting them according to specified
future scenarios. Due to the high temporal resolution, the use of renewable energies
can be optimized more precisely. The sectoral clustering of the industry sector allows a
precise locational positioning of the industry; it can therefore reflect the regional demand
more accurately and can thus optimize the expansion of renewable energy regionally in
system modeling. By separating the total load into different end users, and especially the
mechanical drive, into continuous and discontinuous processes, it is possible for flexibility
products, such as load regulation, to be applied to only those end-user loads that are eligible
for it. For example, a sudden switching on and off can be applied only to the discontinuous
mechanical-drive load. The applied fluctuation adds a stochastic component to the demand
and increases the complexity of the model.

The method was applied to the divisions of WZ 2008 C:10 food products, 25 metal
products and 28 machineries, which were broken down into a total of 11 industry types.
These generated load profiles are already used in the energy system mode MyPyPSA-
Ger [30]. The code for creating the profiles with its input data can be accessed openly in
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GitHub. The synthetic load profiles for industry types from the remaining 21 divisions
will be gradually implemented. We are grateful for any contributions from the scientific
community to help us finalize the compilation of the data.

Author Contributions: Methodology, H.K.; Project administration, N.H.; Writing—original draft,
A.S.; Writing—review & editing, H.K. and N.H. All authors have read and agreed to the published
version of the manuscript.

Funding: This research was funded by the German Federal Ministry for Economic Affairs and
Climate Action (BMWK). The work in this paper was carried out as part of the project GaIN; FKZ
0EI6019E, BMWK 2019-2022. The article processing charge was funded by the Baden-Württemberg
Ministry of Science, Research and Culture and the Offenburg University of Applied Sciences in the
funding programme Open Access Publishing.

Data Availability Statement: The model can be accessed under https://github.com/asandhaa/
SyntheticLoadProfiles (accessed on 1 May 2022).

Acknowledgments: We thank our project partners from ENIT (Energy IT Systems GmbH) and MVV
Energie AG, who provided us with the industrial load data. We thank our colleagues César De Jesus
Tabora, Meritxell Domènech Monfort und Simone Schede for the proofreading.

Conflicts of Interest: The funders had no role in the design of the study; in the collection, analyses,
or interpretation of data; in the writing of the manuscript, or in the decision to publish the results.

Nomenclature

Abbreviation Description
DSM Demand-side management
ENTSO-E European Network of Transmission System Operators for Electricity
HVAC Heating, ventilation and air conditioning
HW Hot water
ICT Information and communications technologies
ISIC International Standard Industrial Classification of all economic activities
L Lighting
LOWESS Weighted linear least-squares regression
MD Mechanical drives
NAICS The North American Industry Classification System
PC Process cooling
PH Process heat
RMSE Root mean square error
SC Space cooling
SH Space heating
WZ 2008 German classification of economic sectors
Symbol Description
i Time of day
j Day of year
p%{end-user} End user’s share of the total electricity demand in %
r Random number in kW
s Relative standard deviation in %
sj Relative standard deviation for day j in %
srel,j Relative standard deviation related to an average consumption of 100 kW for day j in %
x Real power demand of industrial dataset in kW
xsmoothed Smoothed power demand of industrial dataset in kW
xPro Time series of the daily load profile production in 15-min intervals
xInf Time series of the daily load profile infrastructure in 15-min intervals
xCon Time series of the daily load profile constant in 15-min intervals
y{end-user} Time series of the end user’s daily load profile in kW
ytotal Total daily load profile for one industry type in kW

https://github.com/asandhaa/SyntheticLoadProfiles
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