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Abstract—This paper aims to analyze mechanisms such as the
Energy management systems approach in industry 4.0. The paper
is a review of techniques for optimizing energy consumption
with energy efficiency, advanced metering infrastructure and
rational and efficient use of energy to reduce the pollution as
well as to strengthen Industry 4.0 models and the monitoring and
management opportunities that exist with the implementation of
this models in Colombia.
Index Terms—Advanced Metering Infrastructure, Data Analysis, Demand Management, Energy Efficiency, Energy Management System, Industrial Users.

I. I NTRODUCTION

T

HE industrial sector has a negative impact because it is
the sector that consumes more than 30% of the energy
produced globally, as well as being a prominent emitter of
greenhouse gases (GHG) such as CO2 [1]. In Colombia, the
demand for energy by industry represents a percentage greater
than 20% of the total consumed throughout the country [2].
Based on the industrial projects of companies to achieve a
correct transition towards industry 4.0, which refers to twoway communication between the assets of a manufacturing
company such as the machinery that compose it and other
equipment, with its operating personnel [3].
Industries 4.0 carry with them the fundamental principle of
to send and receive mass information, through platforms that
make the development of personalized applications for each
of the clients benefiting from the concept a protagonist [4].
Industries 4.0 carry with them the fundamental principle of
sending, receiving and advanced analysis of mass information,
to achieve continuous improvement. The information is continuously obtained and stored to be reprocessed and searches
for actions that must be modified to achieve better energy
efficiency and operational efficiency indicators [5].
The literature analyzed shows that demand management
systems that have industry 4.0 information systems generate
high reductions in consumption and become active users since
they participate in demand response programs. The foregoing
opens possibilities for Colombia to encourage the inclusion
of control and automation devices that collect information
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for decision-making that take full advantage of the energy
potential. In addition, the creation of an energy plan that
manages mining demand could create awareness regarding the
rational and efficient use of energy –(URE).
The plans for the integration of industry 4.0 concepts can
be analyzed from the incentive and promotion of a monitoring
network between the control centers and the consumption
sites, where the necessary tools would be used to make
the optimization effective. of industrial systems with energy
management systems (EnMS acronym in English) and energy
efficiency (EE).
The recognition of the mining industry as a component of a
sector of economic, social, technical and regulatory influence,
generates benefits with the correct implementation of an,
which provides multidisciplinary perspectives for each one of
the aforementioned classifications [6].
Regarding the influence on an economic model, the investment for adaptation processes with energy efficiency principles
within the industry is not low [7], since the trend is focused
on the restructuring of processes such as ”crushing”, which
is generally powered by motor machinery. Some of the financial barriers for the economic coupling are shown as the
discouragement of the initial investment, the magnitude of EE
projects are not sufficiently striking and a perception of risk
in investment [7].
The economy of the industry focuses on the quality of its
products and on the mass generation of these, in this way, the
purposes of EE implementation go to the background [8].
When talking about the incidence in the social context, it is
covered from an edge where the operator and the target user of
EnMS have a common point of view regarding the potential of
climate change, awareness is raised with EE plans, although
EE in the sector improved over the years in industrialized
countries and with the inclusion of Industry 4.0 projects, in
developing countries it has not been in the same way [7].
There are various solutions on the market to capture and
visualize energy consumption, as well as potential savings in
the industrial sector through energy measurements [9].
Measuring the overall energy consumption of a plant is generally the only energy indicator for many industries. Carrying
out consumption measurements on individual production lines
leads to a costly investment in the acquisition of measurement
equipment, storage systems and information processing. How-
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ever, storing records of energy consumption is not the only
challenge, such consumption must be intertwined with multiple existing databases of an industry (financial, production,
maintenance). Some challenges to integrate different databases
in a single platform are: the uniformity of the information, loss
of records, debugging of real information sources, granularity
in the taking of records, among others [10].
This paper presents a methodological proposal for the
implementation of an EnMS in Colombian manufacturing
industries. In section II the state of the art of the transition
of Industry 4.0 and its application in EnMS is presented, in
section III the description of the proposed methodology is presented, in section IV a first description of the implementation
in a mine factory and finally the conclusions of this paper are
presented

Energy consumption in the industrial sector can be seen
described in the behavior of three sections: time section, spatial
section and user section as shown in Fig. 1 [16].

II. BACKGROUND
The fourth industrial revolution, or well known as Industries
4.0, has become the result of the application of emerging
technologies, included in the transition of the new paradigm
for the transformation of the sector [11]. The inclusion of sets
of technicians such as electronic protection devices, generation
sensors, Smart Meters, AMI devices (Advanced Metering
Infrastructure), network analyzers and intelligent information
systems solutions (IoT, Big Data), are implemented in industries 4.0.
Despite the fact that in some industries there are technician
processes, where automation techniques and optimized models
are identified in their production, convergence towards structural changes in operation are typical of modernization and
a specific point, which refers to the transformation towards
industries 4.0, which are characteristic with cyber-physical
systems [12].
The implication of Industry 4.0 makes every effort to
combine smart services, smart products and smart factories,
integrated collectively, where the concept of IoT (Internet of
Things) and services called Internet industrial applied (IIoT),
which lead to companies being sustainable [13].
Industry 4.0 applies three fundamentals: i. digitization and
integration of horizontal and vertical value chains, ii. digitization of the offer of products and services and iii. innovation
in digital business models [14].
One of the changes that are caused by the implementation
of proprietary technologies that represent the structure of
Industries 4.0 is that the systems become more complex
and challenging in operation, causing it to be necessary to
hire operational personnel to solve these aspects, although it
has the value proposition of achieving an increase in safety,
maintainability, and reliability in production processes.
The characterization of the industry in terms of its purchasing power is shown by the industrial processes it has. The
foregoing refers to the fact that each industry is different and
could present automatic or manual manufacturing processes
or a combination of the two, called mixed. In some factories,
manual and automatic intervention is required so that high
quality standards are guaranteed, relative to the market [15].

Fig. 1. Criteria for the characterization of energy consumption in industry.
Adapted from [16].

Fig. 1 shows an identification of the main variables considered to carry out a characterization of energy consumption
in the industrial sector is made, where their own criteria are
evidenced in energy management issues, either optimization,
production time bands or spaces own for the correct operation
of industrial plants [16].
In the user section, key bases are identified, such as the
classification of the industry by sectors, the age of the machinery, which refers to its total wear and tear, as well as
keeping in mind the maintenance programs, whether corrective
or preventive. In the time section, the bands in which the
productive plant of a company would be in operation are
enunciated and the spatial section mentions the environment
on which the industry is centered and its climatic condition.
Then, a method for the analysis and characterization of
energy consumption in the industrial sector is identified, based
on two important aspects; the first refers to EnMS and an
analysis of an ontological model focused on the management
and relationship of energy-related devices, and the second
refers to regulation and international success stories in the
implementation of EnMS that may serve as an example
fundamental for specific cases of the nation and its industrial
subsectors.
A. Energy Management System: A methodology for characterizing demand in the industrial sector
The integration of an EnMS in the industrial subsectors, is
presented as an optimized solution to implement identifiable
technologies in the industry 4.0 models. The main function
for an EnMS is the definition of energy flows in industrial
processes, to have data to make decisions that define energy
efficiency plans to optimize consumption. Within an EnMS,
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the implementation of organizational and information structures with devices, tools and mechanisms necessary for energy
management is included [17].
For an analysis of the possible present problems based on
energy consumption, EnMS are framed within designs with
sensors that capture signals that are transmitted as data, in
order to be analyzed by computer software operated by trained
personnel [18].
In industry, applications for demand management are controlled in intervals or time bands of around fifteen minutes.
The calculation of the common energy KPI (Key Performance
Indicators), expressed as the general energy consumption and
the basic energy predispositions, is due to the granularity of the
data acquisition [19], through devices with specific functions
such as optimizing the collection of information that must then
be processed [20]. The representation of the processed data is
shown in graphical interfaces after the KPIs were calculated,
from data collected by new technological devices such as
network analyzers and power relays [21].
In the systems used for the optimization of consumption,
they include trend analysis functions, generation of diagrams
and key figures that represent the electricity demand company
[22].
The relationship between elements related to energy such as
processes, resources and products can be represented by the
ontologies within the EnMS, to have a comprehensive evaluation of the optimization of consumption with the operators
and the administration of the industrialized entities. Therefore,
solutions inclined towards energy efficiency are given through
product data models and the consumption indicated by each
unit of these. Measured consumption data can be unambiguously assigned to a product through semantics. This enables
the exact resource and energy consumption of a product to
be determined during the production process. In the literature,
multiple methodologies are presented that allow connecting
databases and information sources in real time to perform
multiple analyzes that help optimize production in industries
[23].
In modern information systems, representation through ontologies is used for the representation of a particular knowledge. In this sense, ontologies can integrate the relevant parts
of a reality and the relationship between these parts and in this
way a representation of knowledge is achieved framed within
a particular context. The formal representation of concepts
facilitates the mechanical reading of the knowledge stored
in different databases. In this way, a context is provided
to the information that can be processed with a machine.
This enables man-machine communication and fosters the
interconnection of available knowledge. Therefore, ontologies,
as a standard for the representation of knowledge, are used in
a multitude of fields of application. [23].
In the field of energy, ontologies have been used to relate the
number of energy-related devices, such as machines, sensors,
meters, which are associated with different process lines and
allow obtaining information on the holistic performance of
energy, both for the technical staff as well as administrative
staff [24]. With this approach, it is possible to obtain accurate information on the main factors that can affect energy
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efficiency.
B. Regulation to incentive the implementation of EMS and
successful international experiences
Based on the current regulation in Colombia, a diversity of
criteria is used to offer incentives to users who can access
demand response programs, which are related to the EnMS in
terms of consumption control and optimization of the energy
demanded.
Law 697 of 2001, contemplates programs to incentive
the use of non-conventional energy sources as well as the
rational and efficient use of energy; where it is shown to the
general public that these programs are of collective interest
for the convenience of the nation. In addition to this, the law
determined the creation of a program for rational and efficient
energy use (PROURE for the acronym in Spanish), where it
was evidenced that users comply with the minimum levels of
EE [25].
Law 1715 of 2014 [26] was created to promote demand
response programs (DR for acronym English). The establishment of legal frameworks and instruments for the promotion
of DR was the basic purpose of the aforementioned law,
where the market, economic and legal barriers are gradually
suppressed and overcome, creating beneficial conditions for
the development of DR with EnMS [27].
On the other hand, resolution 025 of 2016 [28], allows
unregulated users such as industries to participate in Voluntary
Disconnectable Demand programs (DDV for the acronym in
Spanish), which refers to disconnecting high consumption
power plants at peak hours, to have a sustainable electrical
system that guarantees the reliability and net stability network
[29].
Among the successful international experiences, cases such
as Spain, Italy, and China can be highlighted with demand
management programs, where load disconnection contract systems were created for times or emergency states, accompanied
by price programs in real-time (Spain) [30].
Also, peak power, load-displacement, load shedding programs, and high penetration of Advanced Metering Infrastructure (AMI for acronym Spanish) in Italy [30]. In China,
schemes were introduced to compensate for decreased consumption in high-demand hours, also accompanied by differences in the prices of energy consumed in peak hours and
off-peak hours [31].
III. M ETHODOLOGY
In this section, the methodology implemented for the development of the research is analyzed. The first step is the
prediction of the demand study of industrial users. This prediction is made based on the amount of data and information
accumulated in local storage units in the industry [32]. Based
on the information collected, the data is managed in such a
way that capture technologies, statistics, machine learning,
pattern recognition, visualization methods and optimization
methods are applied, among others. [33].
With the help of ontologies in the energy field, which refer
to an explicit formal description of concepts within a domain
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of various opportune properties of an industrial subsector (in
the present case), devices such as sensors, meters, and devices
can be related. machinery in general to associate different lines
of processes that allow obtaining information on the holistic
performance of energy, both for technical and administrative
personnel.
In Fig. 2 the basic process for the development of an energy
metadata ontology is presented. This process consists of three
main phases, planning, modeling and implementation, these
phases accompanied by a continuous acquisition of knowledge, tests, and evaluation. The planning phase is important
to analyze the field of interest and to create a complete picture
as an information base on the topic of energy efficiency
data in production environments [23]. The modeling phase
consists of configuring the concept of ontology. The phase
consists of determining tasks, such as finding terms, defining
classes and their properties, and creating a class hierarchy.
Finally, the model is transferred to a representation language
in the implementation phase. Different tools can be used to
represent the ontology, in this paper the ontology web language
(OWL for acronyms English) is used as a standard, which is
compatible with most systems [34].
For the design of a ontology, three fundamental rules are
presented that must be constantly considered [35]:
1) There is no one correct way to model a domain. There
are always multiple alternatives that depend on the
application and the objective of each ontology.
2) The development of an ontology is a necessarily iterative
process.
3) The concepts in an ontology should be as close as
possible to the objects (physical or logical) and their
relationships in the domain of their interest.
Due to the above, it is imperative to establish and identify
the sources of information, the availability of databases and
the degree of technological implementation of industries that
will be selected according to the ease of contact with them in
the region.

correlations can be made and deviations or anomalies in energy
consumption can be analyzed. To achieve an adequate model
of the different actors that are part of a production process,
it is necessary to have the accompaniment of a technical
and administrative staff of the company to reach a consensus
on the modeling. Once the main parameters, problem limits,
operating conditions and objective of the model have been
established, the modeling is carried out using a computational
tool (OWL).
IV. S TUDY CASE : C OLOMBIAN GOLD MINE FACTORY
In Colombia, there is an energy demand from the industry
of 42% and the quarrying and mining sector represents 25% of
the total consumed by unregulated users. With this motivation,
a Colombian mining industry is selected for the proposal to
implement an EnMS. In Fig. 3, the mining exploitation process
of a mine factory called Gold Mine is presented. To propose
an EnMS, it is important to know in detail: (i) the production
process of the industry; (ii) the degree of automation or
technological incorporation; (iii) existing information sources
(maintenance databases, ERP, MES, PLC); (iv) the devices that
deliver information (sensors, energy meters, water meters, gas
meters, digital meters), and (v) field information provided by
plant experts (operators, administrators, and managers).

Fig. 3. Processing plant of a gold mine.

Fig. 2. Development process of an ontology. Adapted from [23].

Through the model of an ontology in an energy management
system in a Mine factory it is possible to incorporate the data
of the energy consumed in a production context. Additionally,

The possibilities of including EnMS that contribute to the
mining industry as well as to the industry in general, are the
adaptive models with EE, where the default definition for this
pattern is to improve productive capacity without increasing
consumption; on the contrary, decrease it [36], [37]. Based
on the generalized definition, it is permissible for the sector
to establish guidelines that encourage constant improvement
in the productive sector of the entities to achieve goals with
lower energy consumption, which represents a greater profit
in the commercial framework [7], [38].
EnMS implementation helps reduce consumptions per derived unit with temporary savings [39], creation of labor and
ecological benefits, since the impact on operators can influence
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the generation of research in the labor field for the planning,
execution and maintenance of EnMS nested with EE programs.
In Fig. 4, it is shown presents the link of the energy data of an
industry with the process data that can normally be obtained.
Additionally, machinery maintenance data and a representation
of expert knowledge are presented.

Fig. 5. Modules of a shredding production line.
Fig. 4. The link of energy data with existing process data and knowledge
pursues various objectives. Adapted from [23].

With regard to the technical field, there may be opportunities
for improvement in terms of the renewal of technologies, since
the problems in EE intensify when there is the presence of old
machinery with high consumption, oversizing of motors, and
energy losses outside the allowed limits [40]; This is how the
implementation of technologies such as AMI, the acquisition
of data through remote devices, monitoring and analysis of
information for decision making, turns out to be a solution that
implements EE through the elaboration of plans for EnMS.
To evaluate the methodology, the proposal is implemented
in a production line. In particular, the selected production line
has characteristics of high energy consumption and a medium
degree of automation of the production process. Fig. 5 shows
the main modules of the crushing production line.
Through line analysis, key tools can be identified when
gathering information for EnMS modeling. Through the implementation of an ontological model, the data sources that
facilitate the analysis in the correlation of the devices that
make up the production line are identified. In this way, a link
is made between sensors, meters and motor machinery, which
strengthen the process and allow information about the holistic
performance of the energy consumed, both for technical personnel and administrative personnel. In this way, it is possible
to obtain detailed information about the optimal processes
necessary to align energy efficiency as a fundamental principle.
V. C ONCLUSIONS
The characteristics of industries 4.0 or the current fourth
industrial revolution have generated a series of new challenges
in the field of data analytics used for the optimization of
manufacturing processes.
To respond to these challenges, the literature proposes the
use of methodologies that make it possible to drive digital

data, connectivity, evaluation the consumption of each industry
separately, that is, to focus on the opportunities that arise
depending on the tools present in each subsector.
In this paper, the case study is a Colombian mine factory,
in order to, reduce electrical consumption used to ontologies
that allow approaching in between multiple intelligent systems,
which include human and artificial agents.
The optimization models for a raw material transformation
subsector such as iron and steel are different from those of
the mining industries, although their production models may
or may not be similar in terms of the type of machinery used.
Based on the ontologies, in the EnMS in the industry, it is
possible to incorporate data on energy consumed in a productive context. In this way, to reach the point of consumption
modeling and propose optimization techniques, correlations
must be made and deviations in consumption analyzed.
Hence, this paper presents criteria and development partial
that we considered important to apply in the study case, to
reach the standardization effort in the factory 4.0 domain and
samples of real-world scenarios.
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los aparatos eléctricos,” tech. rep., Green Climate Fund, 2017.
[37] D. Sevilleja Aceituno, “Eficiencia energética en el sector industrial,”
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Publications,” 2012.
[39] Organización Internacional de Normalización, “ISO 50001: Sistemas de
Gestión de la Energı́a,” 2011.
[40] C. C. Andrés, D. Wim, D. Johan, and P. Jhon, “Determining electrical
loss in electromagnetically-modelled induction motors using the finite
element method,” Ingenierı́a e Investigación, vol. 28, no. 3, pp. 64–74,
2008.

©2021 by the authors. Licensee TESEA, Cartagena, Colombia. This
article is an open access article distributed under the terms and
conditions of the Creative Commons Attribution (CC BY) license
(http://creativecommons.org/licenses/by/4.0/)

