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Abstract

The metering and analysis of energy demands is widely applied in today's manufacturing industry in order to reduce energy costs and 
environmental impacts alike. However, especially on machine level the interpretation of energy data is still challenging due to huge amounts of 
metering data and a lack of methodological knowledge. The presented approach focuses on the evaluation of electric load profiles on machine 
and workgroup level in dependency on available complementing data such as product, scheduling or machine data. The approach aims at 
extracting a maximum degree of information from the available data in order to improve machine operation modes, production scheduling, 
energy cost allocation and factory planning processes. The approach is exemplified by use cases from the automotive industry.
© 2017 The Authors. Published by Elsevier B.V.
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1. Introduction 

Measurability and transparency are two of the most 
important requirements towards the improvement of 
manufacturing systems in the context of energy efficiency [1],
[2]. Holistic approaches that enable the identification of high 
saving potentials to foster energy efficiency on all 
manufacturing levels require adequate energy transparency
[2]. The acquisition of detailed information about the 
production processes, e.g. by recording electrical load profiles 
is one basic requirement to gain transparency and to enable 
the application of specific improvement measures [3].
However, in practice necessary information are often not 
available and require high efforts to be acquired. This lack of 
process related data might end up in applying measures in an 
inappropriate way or at the wrong spot. Against this 
background, this paper presents two methodologies to 
increase the energy transparency of manufacturing systems
with reduced data acquisition efforts. With regard to the 
product life cycle, both methodologies focus on the energy 
demand within the product’s manufacturing phase. Both 
methodologies contribute to a higher degree of energy 
transparency and therefore may help to reduce the energy 
demand in manufacturing, which can amount for a significant 

share of the energy demands as well as related costs and 
environmental impacts over the product’s life cycle. The
paper is structured as follows: Section 2 presents the current 
state of research in the field of load profile analysis on 
machine level. Starting with only load profiles of single 
electrical consumers, complementing production data is 
described and added step by step in order to extract more 
information usable for system improvement. Further, the 
derivation of improvement measures is discussed for each 
stage. In section 3 and 4 the developed methodologies are 
introduced in theory and applied to use cases from the 
automotive industry.

2. Background

2.1. Acquisition of Electrical Load Profiles

As mentioned before, measurability and transparency of 
process related data are crucial for the implementation of 
energy efficiency measures. One widely applied starting point 
for each analysis is to meter electricity demands of machine 
equipment in order to receive their individual, dynamic load 
profiles. Depending on the aspired degree of detail for the 
analysis, the equipment ranges from machine component level 
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over work group level up to a whole production site. In many 
cases, the metering of machines or work groups, e.g. in body 
shops is chosen for improvement, because direct 
interdependencies of electricity demand and value-adding 
activities become visible. Metering can be carried out on the 
shop floor using mobile measurement devices or by gathering 
data with existing energy monitoring and measurement 
systems. The optimal timely resolution of energy meterings
depends on the manufacturing level where the measurement is 
conducted and the targets of the following analyses, ranging 
from (milli)seconds to minutes. A resolution of 1s turned out 
to be sufficient for most use cases presented in literature [4–
6].

2.2. Analysis of Electrical Load Profiles

In Figure 1 a typical load profile of a machining centre as 
single consumer of a manufacturing system is displayed. 
Typical machine states such as off, standby, ready for 
processing and processing as well as the active components in 
each state have been highlighted. The volatility in the 
different states as well as the (average) load levels differ 
widely from each other, while in processing a high volatility
and the highest average load can be observed. Apparently, a 
significant energy share is used in a non value-adding sense in 
standby and ready for processing states, usually urged by
machine ramp-up, maintenance activities, a lack of input 
resources (material, operator) or blocking induced by 
downstream processes.

Figure 1: Typical electrical load profile of a machining centre

Different approaches have been found in literature to 
analyse such an obtained load profile. Depending on 
supplementary inputs used in the analysis, different findings 
can be drawn from the analysis in terms of energy demand 
and efficiency [7, 8]. Starting with standalone load profiles, a
total energy demand of the consumer per time interval can be 
estimated. In addition, the dynamics of the energy demand 
can be assessed, i.e. if the electric load is rather constant or 
highly fluctuating over time. By sorting the load curve
according to the load values, a load duration curve can be 
obtained [9]. It can give first information about the machine 
operation such as the utilization rate. However, direct 
conclusions regarding saving potentials can hardly be drawn 
at this stage without any supplementary data. Through a 
comparison with other machine load profiles, a first 
prioritization of energy consumers is possible, e.g. by sorting 
them according to their average electrical load or total energy 
demand. Hence, a prioritization for deeper analysis can be 
achieved. In addition, conclusions regarding the relative 
energy efficiency of processes can be drawn through 
benchmarking methods [10]. By comparing the single 

consumer load profile with the overall factory load profile,
relevant load peaks for energy billing can then be identified
[11]. If the load profile reveals critical peaks, passive or active 
load management strategies can be applied for the consumer
[12]. When adding a reference load profile, representing the 
ideal load profile for this specific process, deviations from the
ideal process can be identified. Still, specific reasons for 
deviations can only be understood with further input data. By 
adding information about ambient conditions such as 
temperature or humidity data in a next step, correlations of 
observed deviations with climatic factors such as temperature 
or humidity become visible. Hence, the production conditions 
could be adapted to improve the energy efficiency, e.g. by 
changing heating, ventilation, air conditioning and cooling 
(HVAC) facilities or settings [13]. If instead additional 
maintenance protocols are given, a dependency of increased 
energy demands on the consumer’s technical condition can be 
identified. For instance, a higher energy demand may indicate 
a maintenance demand due to higher friction caused by 
missing lubricant [4, 14, 15]. This offers potential for 
predictive maintenance, if deviations from the ideal curves are 
detected early enough. As different product types often 
require different process conditions, relevant process 
parameters such as temperature, cutting parameters etc. can
also be analysed in order to explain deviations. A different 
approach is to combine the acquired load profiles with 
machine scheduling information. This makes it possible to 
distinguish between the value-adding process intervals and 
other nonvalue-adding consumer states such as waiting [14, 
16–20]. This approach is able to reveal saving potentials 
especially regarding organisational factors, for instance by 
changing the production program or definition of ramp-up or 
shut-down rules. In addition, the energy consumed per part 
can be calculated. The energy demands for different product 
variants can then be compared in order to identify energy 
intensive products. This stage also allows for a cause-
dependant accounting of energy costs towards customers. As 
soon as supplementary data regarding the product properties
is available (mass, dimensions, material, mechanical 
properties etc.), substantial conclusions regarding the drivers 
for deviations between different product variants can be 
derived. By providing a process basic step chart, indicating 
the different basic steps during the processing of a product, a 
rather detailed energy breakdown for a workpiece can be 
performed and critical basic steps can be identified [17–19, 
21, 22]. This may help to identify energy wastage for 
nonvalue-adding activities during processing like handling or 
transport. If information about the machine configuration is 
available, i.e. about the components installed and used for the 
different basic steps, the individual contribution of these 
components can be estimated. This approach is helpful to 
identify critical components and the potential of replacing 
them with more efficient ones. Furthermore, the impact of 
adapted control strategies for specific components can be 
estimated. A widespread improvement strategy is the coupling
of auxiliary components with the value-adding processing 
operation, e.g. to shut down exhaust air or filter units in idle 
or standby times [10]. Going a little further, the energetic 
behaviour of the process step can be abstracted to build 
energy prediction models. They can be used to predict or 
benchmark the energy behaviour of other (similar) machines.
Table 1 briefly summarizes, which inputs are typically 
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required to receive a certain result of a load profile analysis. It 
becomes obvious that extensive input data is needed to exploit 
the full potential of a load profile analysis.
Table 1: Required inputs for a load profile analysis on machine level

2.3. Efforts related to Load Profile Analysis

It is obvious that some of the data inputs described are not 
available by default in many companies and the efforts for 
data acquisition might be significant. Expert knowledge may 
be necessary to acquire and exploit the data. Hence, there is a 
motivation to develop specific methods and tools to receive 
the same results either with less or different data, due to 
different data acquisition effort, knowledge and availability.
In Table 2, efforts, costs and the typical level of availability in 
industry for the described input data are assessed. In general it 
can be stated, that the acquisition of inputs for load profile 
analyses require varying amounts of effort and costs, mostly 
moderate to high. In addition, the acquisition of most inputs 
also requires at least moderate expert knowledge.

Table 2: Efforts and expert knowledge to acquire input data and ad-hoc 
availability of input data in industry

One conclusion is that there seems to be a correlation between 
the level of cost and efforts with industrial availability of the 
input data. Hence, it is desirable to reduce the need for data 
acquisition by gaining outputs with less input data. The two 
new methods presented subsequently follow this idea. The 
first method “Load Profile Clustering (LPC)” simplifies the 
calculation of product specific energy demands applying 
cluster analyses on load profiles. Instead of detailed 
information about the machine scheduling during metering, 
only plan processing times are needed, reducing data 
acquisition effort but also effort and knowledge for the actual 
calculations. The second method “Load Profile Prediction 
(LPP)” facilitates a precise estimation of process specific
energy demands by creating an energy database. As a result, 
load profiles for similar existing or future processes can be 

derived without further metering, significantly reducing 
efforts for load profile metering.

3. Identification of Product Related Energy Demands 
Using Load Profile Clustering (LPC)

3.1. Methodology

The first methodology, LPC, targets at an allocation of 
energy shares to products. This analysis can be regarded as 
starting point for the economic and environmental assessment 
and improvement of production processes. Usually, load 
profile and machine scheduling data are needed for this type 
of analysis. However, machine specific information about the 
production program like exact times for product arrival at 
each machine are often not directly available due to the lack 
of MES system data. Motivated by this, the analysis is carried 
out only using electrical load profiles and product related 
processing times. The basic idea is to use an algorithm in 
order to identify processing intervals in the load profile. 
Hence, different load levels in the profile need to be identified
first, which can be done using clustering algorithms. The 
methodology presented here bases upon a basic k-means 
clustering algorithm, which is a very popular data mining 
algorithm, which has been first described in the 1950s [23].
K-means aims at the partitioning of n observations into k 
different clusters while each observation is assigned to the 
cluster with the nearest mean value. Mathematically, the 
variance in each cluster is minimized by the algorithm. In the 
basic algorithm, the number of clusters to distinguish needs to 
be defined in advance. Several authors have used the k-means 
algorithm or modified versions for the analysis of load 
profiles. They aimed at the identification of typical load 
profiles in order to predict future demand patterns [24–27]. In 
contrast to that, the presented methodology rather aims at the 
distinction between different load levels by clustering.
Accordingly, it is applicable as long as the electrical load 
during processing is (significantly) higher than in other states. 
The general approach contains five steps (see Figure 2),
starting with the metering of a load profile. The only 
requirement regarding the metering interval is to include the 
processing of at least one product. In a next step, a clustering 
of metering data is performed in order to distinguish between 
different load levels, using the k-means algorithm. As a result, 
each value is assigned to a specific cluster. In the first 
iteration, a distinction between only two clusters is proposed. 
The number of clusters can be increased later until the results 
of the analysis are regarded as sufficient. After clustering, the 
processing cluster assignment is carried out. In this step, 
each cluster is either assigned to the processing state or other 
states. Based on the assumption that the load level during 
processing is higher than in other times, k-1 different 
assignments are possible. For instance, if two clusters are 
distinguished, the cluster with the higher load values will be 
always regarded as processing. If three clusters are defined, 
either only cluster one or cluster one and two can be assigned 
to processing, thus the number of possible assignments is two. 
In the first iteration, only one cluster is regarded as not 
processing, while different assignments can be made in later 
iterations, if the results are not sufficient. As result, n potential 
processing time intervals I are identified. In the step of 
product identification, the possible processing intervals are 
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matched with the planned processing time. Mathematically, 
the minimal deviation between the duration t of each interval I
and the planned processing time tplan is identified:min = || ||
In order to receive a good matching, additional rules can be 
applied. As an example, short interruptions between 
processing intervals can be skipped, i.e. the intervals are 
merged and allocated to one product only. For instance, this is 
meaningful if the energy of a drive is recovered, typically 
leading to a short drop of energy demand during processing.
The fifth step of the methodology contains a plausibility 
check regarding the accuracy of matching results. This is done 
automatically according to defined rules (e.g. by value of 
deviation d). If the results are not sufficient, the clustering is 
re-performed with a higher number of clusters k. As final 
results, processing intervals and the energy demand for a 
specific product (variant) are obtained, whereby only value-
adding energy demands are allocated to the product. In 
addition, several other performance indicators can be derived,
such as the machine utilization or total energy demand during 
the recorded period. If subsequently the energy demand for 
other products shall be determined, a product identification 
with alternative processing times can be performed, skipping 
a re-clustering of load values.

Figure 2: LPC methodology for product identification in load profiles

3.2. Implementation & Application

The presented LPC methodology aims at a simplification 
of energy allocation to specific products and shall be 
applicable for practical users. Therefore, it was implemented 
into a software tool, automating the clustering and all further 
calculations. The tool features several advantages, such as an
automated data import from, an automated clustering and 
product identification as well as comprehensible result 
visualization. In addition, re-clustering and re-assignment of 
value-adding intervals can be carried out automatically in 
compliance with user-defined settings. In the following, the 
application of the methodology by means of the developed 
tool shall be demonstrated on a use case (see Figure 3). The 
process to be analysed is a real machining process from the 
automotive industry. In the initial step, an electrical load 
profile was metered for a couple of minutes, including the 

processing of two different product variants “A” and “B”. 
Following the methodology presented ahead, a k-means 
clustering was performed. A distinction into three clusters 
turned out to be necessary, since the distinction between two 
clusters did not lead to accurate results. The decision to re-
cluster was taken due to the achieved minimal deviation d, 
which had exceeded a defined threshold value in the first 
iteration. After metering, processing clusters need to be 
assigned, offering two possibilities: Either both cluster one 
and two or only cluster one is assigned as processing. The 
methodology proposes to start with the first option (cluster 
one and two are considered as processing) and to change the 
allocation in a next iteration, if the results are not sufficient.

Figure 3: Application of LPC methodology

As apparent in the figure, the entire dark grey interval in 
the beginning is then assumed to represent the processing time 
interval I1. During product identification in the next step, the 
length of all I is compared to the plan processing time tplan =
30 seconds of product variant A. Here, the deviation d 
between tplan and the only identified processing time t1 = 123 
seconds is obviously very high (93 seconds). By applying a 
threshold rule for d, allowing a maximum relative deviation of 
5 seconds, the plausibility check to allocate this interval to 
product variant A fails. Thus, the processing cluster 
assignment is carried out, following the loop “re-assignment”. 
In this iteration, only cluster one is defined as processing,
resulting in two intervals I1 and I2. Both interval lengths t1

and t2 are then compared to tplan, revealing a deviation d2 of 15 
seconds for t2 but a perfect match for t1. Accordingly, it can be 
concluded that interval I1 shows very likely the processing of 
product variant A (while I2 represents product variant B in 
this case). As the deviation d is zero in this case, the 
methodology finally calculates the value-adding energy per 
part of variant A to be 60 watt-hours. In addition, the total 
energy of the metering period sums up to 199 watt-hours and 
a machine utilization of 36 % during the metering period is
automatically derived.
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4. Load Profile Prediction (LPP) using Basic Step Charts

4.1. Methodology

The second presented methodology focuses on the 
identification of energy critical process basic steps, 
production equipment and load profile prediction. The basic 
idea is to acquire the energy demand for a specific process 
basic step. Since workgroup layouts are usually standardized 
in manufacturing industry, the acquired energy demand for a 
single basic step is often transferable to workgroups with a 
similar process sequence. There are different approaches in 
literature that focus rather on the improvement of an existing
than on a future production process.

As mentioned earlier, the approaches directly focus on the 
improvement of current manufacturing processes in order to 
find the most energy efficient production sequence of basic 
steps to manufacture a certain product. As an example, 
Dietmair et al. predict the energy demand of machine tools by 
measuring the machine state specific energy consumption
which is subsequently adjusted in time and re-combined 
according to the manufacturing process [28]. Mose and 
Weinert analyzed production equipment load profiles in order 
to estimate the process state dependent energy demand. The 
documented energy values are subsequently adjusted in time 
and re-combined to meet the manufacturing process of new 
products and to evaluate the process-sequence with the lowest 
energy demand [18]. Bornschlegl et al. developed the concept 
of methods-energy-measurement, a method derived from the
methods-time-measurement in which the manufacturing 
process is divided into basic steps that have an assigned load
value for different machine states (off, stand-by, ready for 
processing, processing). The collection of basic steps is later 
combined according to the process to be modeled [29].

In contrast to existing approaches, the proposed 
methodology analyses the energy demand of basic steps and
transfers the results to upcoming new production equipment 
and to predict the corresponding load profile (see Figure 4).

Figure 4: LPP methodology for prediction of load profiles

In a first step, a load profile for a complete single process 
sequence according to the basic step chart needs to be
metered, if not available. Subsequently, the load profile is 
matched with the corresponding basic step chart, which

contains the sequence of performed basic steps such as 
handling, tool exchange, welding. The energy demand for 
each basic step is calculated from its average energy value to 
determine the corresponding load levels. These load levels for 
each basic step are documented in a process related energy 
database. However, the acquired load level for basic steps can 
only be used further if information about the machine 
configuration is available. Therefore, each process basic step 
is further combined with additional data on used machinery, 
robots and tools. The result is a process basic step and 
production equipment specific database, allowing to re-
combine different basic steps to a new manufacturing 
process. Depending on the used production equipment, the 
load profile and related process energy demand can be 
predicted and no further metering is required.

4.2. Application

Subsequently, the application of the proposed LPP 
methodology is demonstrated by means of a use case from the 
automotive industry (see Figure 5). The load profile was 
metered in a body shop manufacturing cell of a German 
automotive OEM. The cell contains one robot that performs 
various handling, tool exchange and welding operations. The 
load profile has a resolution of 1 second and a total duration 
of 105 seconds. 

Figure 5: Application of LPP methodology

After the initial metering step, the load profile is combined 
with the available basic process step chart. This chart consists 
of standardized process elements (e.g. handling, tool 
exchange, welding). Accordingly, the average load level for 
each basic step is calculated, identifying the welding as the 
most critical basic step. Next, the load values are documented 
in the energy database, which is enhanced with more details 
of the machine configuration present in the manufacturing 
cell. Now, these elements can be used in the planning phase of 
a new body shop cell when they are re-combined according to 
the new process. Hence, also for varied durations and 
sequences of basic steps, the prediction of the future energy 
demand and load curve is possible. The investigated process 
has a total energy demand of 114 watt-hours. The value-
adding energy share during welding is 41 watt-hours which 
represents 36 % of the total energy demand. However, when 
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recombining basic process steps according to a new basic step 
chart, energy demands of basic steps vary with their duration.

5. Conclusion and Outlook

In this paper, two new methodologies in the context of 
machine and workgroup load profile analysis have been 
presented: LPC and LPP. The advantages of these 
methodologies regarding data acquisition efforts could be 
demonstrated successfully. LPC simplifies the determination 
of the specific energy per product, only using processing 
times as additional information inputs. LPP facilitates the 
prediction of load profiles and energy demands of 
manufacturing processes in the planning phase without 
performing metering on the specific system, using a process 
step based energy database. Further, a (manual) metering of 
load profiles for comparable production equipment is not 
necessary anymore which facilitates the energy data 
acquisition. Accordingly, both methodologies foster a higher 
degree of energy transparency in manufacturing and form a
basis for the reduction of energy demands in the 
manufacturing phase of a product’s life-cycle. This may have 
a positive impact from both the economic but also ecological 
sustainability perspective of manufacturing. In order to enable 
a broad applicability in (industrial) practice, the 
methodologies and accompanying software tools will be 
further developed and extended. For both methodologies,
thorough validations need to be carried out with empirical 
data in order to prove their reliability. Regarding the LPC
methodology, a next evolution step could be to analyze load 
profiles even without processing times as supplementary data.
To achieve this, machine learning algorithms could be 
integrated, learning from historical applications. Other 
clustering algorithms such as fuzzy c-means instead of k-
means could be used to receive higher accuracies regarding 
load level and thus product identification. Concerning the LPP 
methodology, the next steps will comprise a real life 
implementation of a broad energy database. A future 
challenge can be seen in the analysis of aggregated load 
profiles. In a real manufacturing environment not every 
energy consumer or process is metered with a single device. 
Hence, the acquired energy load profiles represent multiple
consumers as well as processes that are operated and metered 
simultaneously. Hence, such aggregated load profiles need to
be divided into single load profiles by suitable algorithms
before they can be further processed.

References

[1] Rahimifard S, Seow Y, Childs T. Minimising Embodied Product 
Energy to support energy efficient manufacturing. CIRP Annals - MT 
2010;59:25-28.

[2] Kara S, Bogdanski G, Li W. Electricity Metering and Monitoring in 
Manufacturing Systems. In: Hesselbach J, Herrmann C, editors. 
Glocalized Solutions for Sustainability in Manufacturing. Berlin, 
Heidelberg: Springer; 2013. p. 1-10.

[3] Spiering T, Kohlitz S, Sundmaeker H, Herrmann C. Energy efficiency 
benchmarking for injection moulding processes. Robotics and 
Computer-Integrated Manufacturing 2015;36:45-59.

[4] Posselt G, Kellens K, Thiede S, RENALDI, Herrmann C, Dewulf W, 
Duflou J. Combining Machine Tool Builder and Operator Perspective 
towards Energy and Resource Efficiency in Manufacturing. In: Nee 
AYC, Song B, and Ong S-K, editors. Re-engineering Manufacturing 

for Sustainability:Singapore: Springer Singapore; 2013. p. 209-214.
[5] Herrmann C, Thiede S. Process chain simulation to foster energy 

efficiency in manufacturing. CIRP JMST 2009;1:221-229.
[6] Hesselbach J, Herrmann C, Detzer R, Martin L, Thiede S, Lüdemann 

B. Energy Efficiency through optimized coordination of production and 
technical building services. 15th CIRP International Conference on 
LCE 2008.

[7] Li W, Alvandi S, Kara S, Thiede S, Herrmann C. Sustainability 
Cockpit. CIRP Annals - MT 2016;65:5-8.

[8] Kellens K, Dewulf W, Overcash M, Hauschild M, Duflou J. 
Methodology for systematic analysis and improvement of 
manufacturing unit process life-cycle inventory (UPLCI)—CO2PE! 
IJLCA 2012;17:69-78.

[9] Herrmann C, Posselt G., Thiede S. Energie- und hilfsstoffoptimierte 
Produktion: Springer Berlin Heidelberg; 2013.

[10] Zein A. Transition Towards Energy Efficient Machine Tools 2012.
[11] Blume S, Kurle D, Herrmann C, Thiede S. Toolbox for Increasing 

Resource Efficiency in the European Metal Mechanic Sector. Procedia 
CIRP 2017;61:40-45.

[12] Shrouf F, Ordieres-Meré J, García-Sánchez A, Ortega-Mier M. 
Optimizing the production scheduling of a single machine to minimize 
total energy consumption costs. JCP 2014;67:197-207.

[13] Dehning P, Thiede S, Mennenga M, Herrmann C. Factors influencing 
the energy intensity of automotive manufacturing plants. JCP 
2017;142:2305-2314.

[14] Bleicher F, Duer F, Leobner I, Kovacic I, Heinzl B, Kastner W. Co-
simulation environment for optimizing energy efficiency in production 
systems. CIRP Annals - MT 2014;63:441-444.

[15] Duflou J, Sutherland J, Dornfeld D, Herrmann C, Jeswiet J, Kara S, 
Hauschild M, Kellens K. Towards energy and resource efficient 
manufacturing. CIRP Annals - MT 2012;61:587-609.

[16] Thiede S, Bogdanski G, Herrmann C. A Systematic Method for 
Increasing the Energy and Resource Efficiency in Manufacturing 
Companies. Procedia CIRP 2012;2:28-33.

[17] Mose C, Weinert N. Energy Efficiency Optimization of Joining 
Processes on Shop Floor and Process Chain Level. Procedia CIRP 
2014;15:86-89.

[18] Mose C, Weinert N. Evaluation of Process Chains for an Overall 
Optimization of Manufacturing Energy Efficiency. In: Azevedo A, 
editor. Advances in Sustainable and Competitive Manufacturing 
Systems:Heidelberg: Springer International Publishing; 2013. p. 1639-
1651.

[19] Weinert N, Chiotellis S, Seliger G. Methodology for planning and 
operating energy-efficient production systems. CIRP Annals - MT 
2011;60:41-44.

[20] Bogdanski G, Schönemann M, Thiede S, Andrew S, Herrmann C. An 
Extended Energy Value Stream Approach Applied on the Electronics 
Industry. Advances in Production Management Systems. Berlin, 
Heidelberg: Springer; 2013. p. 65-72.

[21] Salahi N, Jafari M. Energy-Performance as a driver for optimal 
production planning. Applied Energy 2016;174:88-100.

[22] Schudeleit T, Züst S, Wegener K. Methods for evaluation of energy 
efficiency of machine tools. Energy 2015;93:1964-1970.

[23] Steinhaus H. Sur la division des corp materiels en parties 1956:801-
804.

[24] Ferreira A, Cavalcante C, Fontes C, Marambio J. Pattern recognition of 
load profiles in managing electricity distribution. IJIEM 2013;4.

[25] Akperi B, Matthews P. Analysis of clustering techniques on load 
profiles for electrical distribution. POWERCON 2014. p. 1142-1149.

[26] Benítez I, Lopez A, Delgado I, Diez J. Classification of customers 
based on temporal load profile patterns. Cigre Sc. & Eng. 2017;7:143-
148.

[27] Damayanti R, Abdullah A, Purnama W, Nandiyanto A. Electrical Load 
Profile Analysis Using Clustering Techniques. IOP Conf. Ser.: Mater. 
Sci. Eng. 2017;180:12081.

[28] Dietmair A, Verl A. Energy consumption forecasting and optimisation 
for tool machines. MM SJ 2009:63-67.

[29] Bornschlegl M, Bregulla M, Franke J. Methods-Energy Measurement –
An approach for sustainable energy planning of manufacturing 
technologies. JCP 2016;135:644-656.


