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Abstract: Among the new trends in technology that have emerged through the Industry 4.0, Cyber
Physical Systems (CPS) and Internet of Things (IoT) are crucial for the real-time data acquisition.
This data acquisition, together with its transformation in valuable information, are indispensable
for the development of real-time indicators. Moreover, real-time indicators provide companies
with a competitive advantage over the competition since they enhance the calculus and speed up
the decision-making and failure detection. Our research highlights the advantages of real-time
data acquisition for supply chains, developing indicators that would be impossible to achieve with
traditional systems, improving the accuracy of the existing ones and enhancing the real-time decision-
making. Moreover, it brings out the importance of integrating technologies 4.0 in industry, in this
case, CPS and IoT, and establishes the main points for a future research agenda of this topic.
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1. Introduction

Industry 4.0 is the recent revolution of the industrial environment. This revolution
merges the Internet, and information and communication technologies (ICT) with tradi-
tional manufacturing processes [1]. The aim of Industry 4.0 is the development of smart
factories through the digitalization of manufacturing and assembly process [2]. Cyber Phys-
ical Systems (CPS) stand out from the other technologies of Industry 4.0 due to their high
levels of control, surveillance, transparency, and efficiency in production process [3]. CPS
can be defined as the integration between computation and physical processes [4]. This in-
tegration allows the real-time data acquisition. This acquisition is stored and transmitted
to other devices thanks to the Internet of Things (IoT). Finally, these data can be processed
to obtain valuable information and Key Performance Indicators (KPIs), enhancing the
real-time decision-making in Supply Chains (SC) [5] (see Figure 1).
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Industry 4.0 enhances the quick and flexible reaction of companies to market changes.
Particularly, the use of CPS end with the rigid structures within supply chains [6], enabling
the monitorization and acquisition of real-time information for improving production
scheduling, integrating supply chain partners in real time, reducing environmental un-
certainty, and improving SC efficiency [7]. Moreover, changes can be detected earlier by
observing the profitability development over time [5].

A real-time acquisition means an accurate data acquisition and therefore, a more
accurate calculation of KPIs. For example, CPS enhances the acquisition and use of time
variables to obtain more accurate KPIs than before, given that the use of average times and
ratios are not necessary. This accuracy is interesting for cost indicators, which are usually
calculated from historical data and cannot represent current reality. In the same way, CPS
enables the monitorization of the energy consumption [8,9]. This monitorization can be
used to develop KPIs based on energy efficiency, which are increasing their importance,
since, the 70% of energy consumption in industries belongs to the machines [10]. It can
be also considered as a predictive maintenance indicator; if there is a great increase in
the energy consumption value, it can be alerted in real time and the machine should be
reviewed to check if something is going wrong.

Implementing the real-time KPIs’ calculation in CPS can reduce, or even eliminate,
complex calculus and enable real-time responses to unforeseen failures. Once the KPIs
equations are developed and implemented, thanks to the digitalization, the calculation
in real time is immediate. Furthermore, the systems can be programed to display the
information as visually as possible, informing us at a glance about the current situation of
our machines [11]. This real-time information allows us to generate improvement actions
and evaluate the changes in our supply chain and decision-making in real time.

To highlight the importance of this real-time information, this paper shows a case study
in a Cyber Physical System, which is able to acquire the diary energy consumption per tool
and to show it to the users. It allows the users the analysis of the machine-tools situation
and the detection of energy improvements in regard to machine-tools. Furthermore, it can
be seen what percentage of total energy consumption is associated with machine tools.

This manuscript is organized as follows: Section 2 describes some related works on
this topic; Section 3 presents the case study and how the calculus and KPIs are developed.
Section 4 shows the results of this implementation, which are discussed in Section 5.
The paper ends with conclusions and proposals for future studies.

2. Related Works

Due to the advantages which can be achieved using real-time data, supply chains
and industries are trying to take advantage of the sensors and actuators. Nowadays, these
devices are crucial in supply chains and processes, which are impossible to monitor or
control by humans because of their complexity [12]. The combination of the IoT and CPS is
a key feature of Industry 4.0 [13]. Thanks to these technologies, the systems can accom-
plish their tasks based on information coming from the physical and virtual world [14].
The number of interconnected devices is increasing sharply given the potential application
of these technologies in different industries, i.e., the supply chain of the manufacturing
sector, engineering, finance, health sector, etc. [15]. Some of the applications of real- time
data acquisition in different industries are shown in this section.

Electric Vehicles (EV) can use online environmental data to estimate the real-time
state of charge and the remaining range for the EV while on the road [16]. Another use
related to energy efficiency can be seen in this research, in which a prototype uses real-time
indoor thermal information and real-time weather information together with user’s body
temperature to enhance the energy efficiency in buildings [17]. In terms of transport,
real-time data can be used to correct the estimation made in origin-destination travel
matrices for public transport using real-time and historical data [18]. These technologies
enhance the implementation of advanced control strategies, e.g., it is used in chemical
supply chains to challenge the fermentation processes which are complex and variable [19].
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As can be seen, one of the most used cases is related to the environment and sustainability
in different sectors. However, the development of energy efficiency in industry still
has a generalized lack of awareness, knowledge, and experience on how to implement
these concepts [20]. The energy costs and the huge amount of environmental legislatives
and social requirements highlights that more efficient machine tools are required [21],
particularly, the spindle use must be attended because it has a dominant influence on the
energy demand [22]. For that reason, this research is focused on the energy consumption
per tool, which is allocated in the spindle.

3. Materials and Methods

Our case study has been implemented in a CPS, whose physical system consists
of a five-axis vertical milling machine (HAAS VF-3); two of these 5 axes were added
by the incorporation of a Trunnion 160 double-cradle-table. For the cybernetic system,
an industrial computer, which acquires the system variables, and a CVM-MINI network
analyzer, which can measure, calculate and display the main electrical parameters, were
connected to the machine. This CPS enables the real-time data acquisition of above 100
variables per second, which are stored in the cloud every 15 min. Furthermore, we develop
software using Python. This software turns the real-time data into valuable real-time
information and indicators, which finally are showed on a dashboard app.

Above the real-time acquired data execution, there are variables such as machine time,
number of parts (produced pieces), energy consumption, tool number (number of tool
which is being used), tool change (when is the tool changing), and rpm (spindle rotation).
The last 4 variables mentioned are used in the execution of this case study to obtain the
diary energy consumption per tool in our CPS.

As can be seen in Figure 2 and Table 1, the variable tool number allows us to know
how many tools have been used during the day. Once we know the number of tools, the
combination of variables energy, tool number, tool change, and rpm spindle give us the
energy consumption of each tool per use. Finally, the sum of this consumption for each
tool results in the diary energy consumption per tool.
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Table 1. Description of the variables.

Variable Description

Tool number
It represents the number of each tool which is

associated with the tool position in the tool
carousel

Tool change It is a counter of how many tool changes have
been made

Rpm spindle It shows the rpm of the spindle for each second

Energy It represents the energy consumption (kWh)
per second

One of the main objectives of this research is to highlight the importance of real-time
data acquisition and the valuable information. This can be acquired from the implementa-
tion of devices and sensors in machines. These kind of calculations are almost impossible to
perform in conventional machines, because it is not possible to make a distinction between
the actions that consume energy. The CPS allows this type of calculus, not only in terms of
energy, but also in terms of time. Therefore, it is simpler with a CPS and a good software
development to associate time and energy terms with each machine process in real time.
It can be used to calculate existing indicators in real time and with more accuracy, and to
develop new indicators that could not be contemplated in conventional machines, because
the variables are not available.

In the following section can be seen the results of this implementation.

4. Results

This section shows the results of this implementation for one day, in which the machine
was machining for 2 h. Figure 3 shows the number tool timeline, which has been used to
prove that the developed algorithm detects the tool numbers and the time that each tool is
used properly.
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Figure 3. Tool number timeline.

These times of use can be used to check our algorithm, which sums up for each tool
the time which is really being used, thus the rpm of the spindle is different from zero
and therefore, the tool is machining. In Figure 4 can be seen the times obtained from our
algorithm, which fit with the sum obtained from Figure 3. The x value of Figure 4 refers
to the number of the tool which is being used, because this is how they are numbered,
whereas the y value is the time in which each tool has been used.
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Once we know when each tool is being used, the energy consumption during these
periods of use is collected for each tool, so the developed algorithm prints the total energy
consumption, the percentage consumed by tools, and shows the consumption per tool
in an orderly manner (see Figure 5). During the day when 2361 Wh has been consumed,
95.55% belongs to energy during the use of tools.
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5. Discussion

These real-time calculations enhance the development of predictive maintenance and
the analysis of the machine’s energy consumption.
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The comparison between Figures 4 and 5 shows that time and energy consumption are
proportional. Therefore, a disproportionate level of energy consumption in a tool means
that this tool is not working right and maintenance for reparison or change of this tool is
required. Furthermore, analyzing the percentage of energy consumption—which does not
belong to the use of tools, in this case almost 5%—it can be seen if there is a lot of energy
consumption losses or, on the contrary, almost all the energy consumption is associated
with the machining process, so that the energy efficiency of the machine can be analyzed.

Moreover, knowing the tool life, an alarm can be implemented with the algorithm
which calculates the used time per tool (see Figure 4) when the tool life is near to end,
helping with the maintenance scheduling. This idea involves a reduction of rejects, since
the tool has always changed at the end of its life, avoiding a bad machining process.

6. Conclusions

All things considered, it can be concluded that having real-time indicators is crucial
to decision-making in the business world [23]. Not only are they important for their
immediacy, but also for their accuracy. Thanks to this real-time data acquisition and the
algorithm development, maintenance scheduling is easier and variables that are impossible
to measure in conventional machines can be included in the development of new KPIs or
can accurately determine the calculus of the existed ones. Some developments of new KPIs
can be seen in previous researches [11,23].

Therefore, Industry 4.0, particularly CPS, can provide a competitive advantage over
the competition, e.g., allowing the use of temporal measurements, which were expensive
and complex to measure before it appeared.

To conclude, this research has some limitations, since the results are not yet quantified
because it is necessary to define and analyze more case studies. Thinking about a research
agenda about this topic and for future research, the development and implementation
of real-time indicators should be researched and standardized, since the key for a great
decision-making tool is how to transform the acquired data into valuable information
through the right KPIs.

Author Contributions: Conceptualization, P.M. and M.P.L.; methodology, P.M. and M.P.L.; software,
P.M.; validation, M.P.L.; formal analysis, P.M. and M.P.L.; investigation, P.M. and M.P.L.; resources,
P.M.; writing—original draft preparation, M.P.L.; writing—review and editing, M.P.L.; visualization,
P.M.; supervision, J.A.R.; project administration, J.A.R. and J.C.S. All authors have read and agreed to
the published version of the manuscript.

Funding: This research received no external funding.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Cohen, Y.; Faccio, M.; Pilati, F.; Yao, X. Design and management of digital manufacturing and assembly systems in the Industry

4.0 era. Int. J. Adv. Manuf. Technol. 2019, 105, 3565–3577. [CrossRef]
2. Yao, X.; Lin, Y. Emerging manufacturing paradigm shifts for the incoming industrial revolution. Int. J. Adv. Manuf. Technol. 2016,

85, 1665–1676. [CrossRef]
3. Ghobakhloo, M. The future of manufacturing industry: A strategic roadmap toward Industry 4.0. J. Manuf. Technol. Manag. 2018,

29, 910–936. [CrossRef]
4. Lee, E. Categories and Subject Descriptors. In Proceedings of the 47th Design Automation Conference (DAC), Anaheim, CA,

USA, 13–18 June 2010; pp. 737–742. [CrossRef]
5. Jabbour, A.B.L.d.; Jabbour, C.J.C.; Foropon, C.; Filho, M.G. When titans meet—Can industry 4.0 revolutionise the environmentally-

sustainable manufacturing wave? The role of critical success factors. Technol. Forecast. Soc. Change 2018, 132, 18–25. [CrossRef]
6. Bayhan, H.; Meißner, M.; Kaiser, P.; Meyer, M.; Hompel, M.T. Presentation of a novel real-time production supply concept with

cyber-physical systems and efficiency validation by process status indicators. Int. J. Adv. Manuf. Technol. 2020, 108, 527–537.
[CrossRef]

7. Li, G.; Yang, H.; Sun, L.; Sohal, A.S. The impact of IT implementation on supply chain integration and performance. Int. J. Prod.
Econ. 2009, 120, 125–138. [CrossRef]

http://doi.org/10.1007/s00170-019-04595-0
http://doi.org/10.1007/s00170-015-8076-0
http://doi.org/10.1108/JMTM-02-2018-0057
http://doi.org/10.1145/1837274.1837462
http://doi.org/10.1016/j.techfore.2018.01.017
http://doi.org/10.1007/s00170-020-05373-z
http://doi.org/10.1016/j.ijpe.2008.07.017


J 2021, 4 153

8. Ma, S.; Zhang, Y.; Lv, J.; Yang, H.; Wu, J. Energy-cyber-physical system enabled management for energy-intensive manufacturing
industries. J. Clean. Prod. 2019, 226, 892–903. [CrossRef]

9. Nouiri, M.; Trentesaux, D.; Bekrar, A. Towards Energy Efficient Scheduling of Manufacturing Systems through Collaboration
between Cyber Physical Production and Energy Systems. Energies 2019, 12, 4448. [CrossRef]

10. Unnikrishnan, A.; Rao, P.V.M. An improved predictive model for energy estimation in milling. Smart Sustain. Manuf. Syst. 2017,
1, 204–231. [CrossRef]

11. Morella, P.; Lambán, M.P.; Royo, J.; Sánchez, J.C.; Corrales, L.d.N. Development of a New Green Indicator and Its Implementation
in a Cyber–Physical System for a Green Supply Chain. Sustainability 2020, 12, 8629. [CrossRef]

12. Lelli, F. Interoperability of the time of Industry 4.0 and the Internet of Things. Future Internet 2019, 11, 36. [CrossRef]
13. Recommendations for Implementing the Strategic Initiative INDUSTRIE 4.0 April 2013 Securing the Future of German Manufac-

turing Industry Final Report of the Industrie 4.0 Working Group. Available online: https://www.din.de/blob/76902/e8cac883f4
2bf28536e7e8165993f1fd/recommendations-for-implementing-industry-4-0-data.pdf (accessed on 21 April 2021).

14. Hermann, M.; Pentek, T.; Otto, B. Design principles for industrie 4.0 scenarios. In Proceedings of the Annual Hawaii International
Conference on System Sciences, Koloa, HI, USA, 5–8 January 2016; pp. 3928–3937. [CrossRef]

15. Dev, N.K.; Shankar, R.; Gupta, R.; Dong, J. Multi-criteria evaluation of real-time key performance indicators of supply chain with
consideration of big data architecture. Comput. Ind. Eng. 2019, 128, 1076–1087. [CrossRef]

16. Sarrafan, K.; Muttaqi, K.M.; Sutanto, D.; Town, G.E. A real-time range indicator for EVs using web-based environmental data and
sensorless estimation of regenerative braking power. IEEE Trans. Veh. Technol. 2018, 67, 4743–4756. [CrossRef]

17. Birgonul, Z. A receptive-responsive tool for customizing occupant’s thermal comfort and maximizing energy efficiency by
blending BIM data with real-time information. Smart Sustain. Built Environ. 2021. [CrossRef]

18. Zúñiga, F.; Muñoz, J.C.; Giesen, R. Estimation and prediction of dynamic matrix travel on a public transport corridor using
historical data and real-time information. Public Transp. 2021, 13, 59–80. [CrossRef]

19. Cabaneros Lopez, P.; Udugama, I.A.; Thomsen, S.T.; Roslander, C.; Junicke, H.; Iglesias, M.M.; Gernaey, K.V. Transforming data to
information: A parallel hybrid model for real-time state estimation in lignocellulosic ethanol fermentation. Biotechnol. Bioeng.
2021, 118, 579–591. [CrossRef] [PubMed]

20. Narciso, D.A.C.; Martins, F.G. Application of machine learning tools for energy efficiency in industry: A review. In Energy Reports;
Elsevier Ltd.: Amsterdam, The Netherlands, 2020; Volume 6, pp. 1181–1199. [CrossRef]

21. Liu, P.; Tuo, J.; Liu, F.; Li, C.; Zhang, X. A novel method for energy efficiency evaluation to support efficient machine tool selection.
J. Clean. Prod. 2018, 191, 57–66. [CrossRef]

22. Denkena, B.; Abele, E.; Brecher, C.; Dittrich, M.A.; Kara, S.; Mori, M. Energy efficient machine tools. CIRP Ann. 2020, 69, 646–667.
[CrossRef]

23. Morella, P.; Lambán, M.P.; Royo, J.; Sánchez, J.C.; Latapia, J. Development of a new kpi for the economic quantification of six big
losses and its implementation in a cyber physical system. Appl. Sci. 2020, 10, 9154. [CrossRef]

http://doi.org/10.1016/j.jclepro.2019.04.134
http://doi.org/10.3390/en12234448
http://doi.org/10.1520/SSMS20170008
http://doi.org/10.3390/su12208629
http://doi.org/10.3390/fi11020036
https://www.din.de/blob/76902/e8cac883f42bf28536e7e8165993f1fd/recommendations-for-implementing-industry-4-0-data.pdf
https://www.din.de/blob/76902/e8cac883f42bf28536e7e8165993f1fd/recommendations-for-implementing-industry-4-0-data.pdf
http://doi.org/10.1109/HICSS.2016.488
http://doi.org/10.1016/j.cie.2018.04.012
http://doi.org/10.1109/TVT.2018.2829728
http://doi.org/10.1108/SASBE-11-2020-0175
http://doi.org/10.1007/s12469-020-00255-9
http://doi.org/10.1002/bit.27586
http://www.ncbi.nlm.nih.gov/pubmed/33002188
http://doi.org/10.1016/j.egyr.2020.04.035
http://doi.org/10.1016/j.jclepro.2018.04.204
http://doi.org/10.1016/j.cirp.2020.05.008
http://doi.org/10.3390/app10249154

	Introduction 
	Related Works 
	Materials and Methods 
	Results 
	Discussion 
	Conclusions 
	References

