
warwick.ac.uk/lib-publications

Manuscript version: Author’s Accepted Manuscript 
The version presented in WRAP is the author’s accepted manuscript and may differ from the 
published version or Version of Record.

Persistent WRAP URL: 
http://wrap.warwick.ac.uk/169136

How to cite: 
Please refer to published version for the most recent bibliographic citation information. 
If a published version is known of, the repository item page linked to above, will contain 
details on accessing it.

Copyright and reuse: 
The Warwick Research Archive Portal (WRAP) makes this work by researchers of the 
University of Warwick available open access under the following conditions. 

Copyright © and all moral rights to the version of the paper presented here belong to the 
individual author(s) and/or other copyright owners. To the extent reasonable and 
practicable the material made available in WRAP has been checked for eligibility before 
being made available.

Copies of full items can be used for personal research or study, educational, or not-for-profit 
purposes without prior permission or charge. Provided that the authors, title and full 
bibliographic details are credited, a hyperlink and/or URL is given for the original metadata 
page and the content is not changed in any way.

Publisher’s statement: 
Please refer to the repository item page, publisher’s statement section, for further 
information.

For more information, please contact the WRAP Team at: wrap@warwick.ac.uk.

http://go.warwick.ac.uk/lib-publications
http://go.warwick.ac.uk/lib-publications
http://wrap.warwick.ac.uk/169136
mailto:wrap@warwick.ac.uk


Energy Saving in Lithium-Ion Battery
Manufacturing through the Implementation of

Predictive Maintenance
Rohin Titmarsh, Fadi Assad, Robert Harrison

Automation Systems, Warwick Manufacturing Group (WMG)
University of Warwick

Coventry, UK
rohin.titmarsh@warwick.ac.uk

Abstract—With digitalisation changing the way manufacturing
activities are conducted, maintenance practices and systematisa-
tion are expected to go through a major change. For the battery
module and pack assembly spaces in the electrification industry,
which witnesses a significant growth, more effort has to be put
into the development of “digital maintenance” strategies. Against
this background, the current work inspects the identified research
gap in this domain, this being that DES models can play a
greater role to implement predictive maintenance, and energy
consumption varies greatly and is not reported in a standard
way. Monitoring process data and logging corresponding energy
consumption, can provide a vision of conducting predictive
maintenance for a flexible battery module assembly line. Using a
configurable DES model also makes the most practical use for a
flexible design which can be modified to suit different cases, both
in terms of battery structure and components in use from cell
to welding. A case study is presented in order to exemplify the
implementation of the proposed methodology. In the case study
used in this paper, results show a 3% energy consumption drop,
but could be different depending on the module configuration
and assembly process.

Index Terms—Predictive maintenance, battery manufacturing,
digitalisation, battery assembly

I. INTRODUCTION

Lithium-Ion batteries constitute a major energy source for
various products and machines, with a great potential of spread
in the near future. This explains the expected rise of their
market from 41.1$ billion in 2021 to 116.6$ billion by 2030
[1]. For battery manufacturers to guarantee their market com-
petitiveness, the elements of waste have to be reduced across
the value creation chain, and the essential aspects of product
quality have to be maintained so that customer satisfaction is
met. As manufacturing activities and resources allocation face
a major change that results from the digitalisation revolution,
further value creation innovation and resource conservation are
to be targeted.

Considering the sustainability of battery manufacturing in
general, and energy consumption in particular, the figures
pertaining to the actual energy consumption in production are
ambiguous. The ambiguity can be attributed to the fact that dif-
ferent battery production processes will result various amounts
of energy consumption, in addition to the outdatedness of data

as they were collected from old production plants [2]. In other
words, the manufacturing processes and their connected chains
are still unstandardised, therefore, there is a high variability
and uncertainty when it comes to assessing the forecasted
energy demand [3]. To this end, once scaling-up production,
or considering the expansion options, decision makers face a
significant challenge. To rise to this challenge, modern Smart
Manufacturing technologies have to harnessed to to provide
the support necessary for adding value sustainably, and the
wise planning of production activities.

Industry 4.0 is changing the face of modern manufactur-
ing and leading to more data that may contribute to the
improvement of the current production scenarios. Research
has identified four areas, which are of major importance in
the context of the digitalisation of industrial processes [4]:
inter-connectivity, cyber-physical production networks, smart
logistics, and predictive maintenance (PdM). As a matter of
fact, simulation can utilise the available data from different
disciplines, whether to solve single- or multiple-objective
problems, depending on the complexity of the problem. The
advantages of smart manufacturing are the abundance of
data, and their transferability. Thus, simulation models can
be developed easily and defectively. Simulation falls into the
following [3]:

• Discrete Event Simulation (DES).
• Agent-based simulation (AB)
• Dynamic Systems (DS).
• System Dynamics (SD)

Due to its common use in businesses and its ability to
represent complex systems, DES is chosen in this work. A
Discrete Event Simulation (DES) model is meant to repre-
sent a digital image of the actual manufacturing system, by
having the essential data that would be delivered in reality.
Thus, various manufacturing activities, including predictive
maintenance can be planned [5]. The vision of this work
is to make use of DES interdisciplinary by reducing energy
consumption through choosing the suitable combination of the
production and predictive maintenance. DES usually outcomes
processes’ cycle time, i.e, the productivity. However, the



outcome is further invested in maintenance decision-making
and production’s energy consumption reduction.

The remainder of this paper is structured as follows: Sec-
tion II presents a review of the relevant literature, then a
methodology is proposed in Section III. The application of the
proposed methodology is demonstrated in Section IV. Finally,
Section V concludes the paper.

II. RELATED WORK

A. Digitalisation of Battery Manufacturing and Predictive
Maintenance

The “technology assessment” method is applied to the
processes of electrical filling and formation of the pouch cells
in order to assess their technology readiness level in [4].
Among the proposed digitalisation measures is the inclusion
of predictive maintenance in terms of building wear models
of the production machines. A method that relies on Virtual
Engineering (VE) and discrete event simulation of the battery
assembly line is introduced in [6], where the conditions of
two levels of the manufacturing system, namely component
level and process level, are monitored. The built DES and VE
models contribute to the digitalisation of maintenance. Ayerbe
et al [7] refer to a possible standardisation of the digital twin
of the battery cell manufacturing. For PdM at the levels of
machinery, process and product, it is recommended to use
accurate, and efficient physics-based and data-driven models.

Aiming to analyse the transformation of maintenance in the
era of Industry 4.0, a comprehensive study is introduced by
Silvestri et al [8]. According to this study, PdM is regarded
as the evolution of condition-based monitoring. Nevertheless,
there is an absence of energy consumption consideration
as a monitored condition. Sénéchal [9] proposes to extend
the condition-based maintenance to a Sustainable Condition-
based Maintenance (SCBM) by considering Performance In-
dicators (PIs) for the assessment of the Remaining Sustain-
able Life (RSL) and the Critical Sustainable Level (CSL).
According to [10], in an intelligent battery manufacturing
workshop, a data exchange between the information models
of the production management and equipment management
will take place. Thus, equipment maintenance decisions are
governed by these models.

Recently, in the context of Industry 4.0, there is a significant
interest in the involvement of Machine Learning, Big Data
and Ontology in PdM solutions [11]. Nevertheless, various
challenges still rise such as the computation time (computa-
tional cost), the quality of data, and the need for specialists
etc. Although the aforementioned aspects cover a wide range
of manufacturing activities, energy consumption is not given
enough attention.

B. Discrete Event Simulation and Predictive Maintenance

Based on a literature survey, Alrabghi and Tiwari [12] found
that PdM occupies 70% of the total maintenance strategies
reported in the reviewed literature. Moreover, they underlined
the fact that simulation-based optimisation can be effectively
used to solve complicated maintenance problems. Given the

description of the status of the manufacturing system in the
form of a DES model, Engbers et al [5] propose a model
to automatically select the suitable prognostic method, i.e.,
to plan maintenance and harmonise it with the production
planning. In [13], data sent by the machine sensors are sent to
a Microsoft Azure cloud, to predict their Remain Useful Life
(RUL) using machine learning algorithms, then the predicted
PdM time slots are integrated to the production plans DES
models. Fischer et al [14] aimed to analyse the operational and
economic influence of PdM on the supply chain. Consequently,
a DES model of the manufacturing system is built and a set
of parameters were varied in order to decrease the down time
of production machines. Considering PdM as a viable main-
tenance strategy, a DES-based approach is introduced in [15].
Witness DES tool is used, and a single objective optimisation
of the maintenance system is utilised by means of a Witness
plug-in which support various optimisation methods (e.g.,
Simulated Annealing). The FIT concept (Flexible Integrated
Technology), which combines the aspects of Agile, Lean and
Sustainable, is used in [16] in corporation with a DES model to
control various breakdowns (e.g., bearing failure, motor failure
etc.). As a result, breakdown patterns for the machines were
identified and included in the model.

In their qualitative and quantitative analysis of the use
of DES in smart maintenance, Mammadli and Abbasli [17]
concluded that DES has the potential to improve availability,
cost, and various maintenance strategies. Furthermore, DES
can support data-driven decision making, however, most of
DES models are based on historical data, not a real-time ones.
To compare the performance of daily conducted preventive
maintenance and corrective maintenance, a DES model built
using Witness software tool is utilised in [18]. The comparison
base considered in this study is the machines and system
availability, where it is found that conducting PdM yields an
improved availability.

In the field of battery manufacturing particularly, a data-
driven method that takes into account the impact of predictive
maintenance on the system’s performance is introduced in
[19], where the predictive maintenance decision is modelled
as a Markov decision process. In the process of identifying
the potential scale-up scenarios for battery module assembly,
DES is utilised by Chinnathai et al [20] so that the data avail-
able from the pilot lines can support predictive maintenance
strategies planning.

C. Research Gap

As the literature on the predictive maintenance for Lithium-
Ion battery manufacturing lines is still limited and evolving,
it is necessary to develop further implementation methods of
PdM. Additionally, to contribute to the sustainability of the
whole production process, the reduction of energy consump-
tion can go hand-in-hand. Reviewing the literature reveals
that DES models are getting more popular and demonstrating
further advantages as their accuracy increases in data-rich
manufacturing environments.
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Fig. 1: Future research topics and potential impact on energy consumption in battery module assembly

Therefore, a DES-based solution is proposed for conduct-
ing predictive maintenance in the EV battery manufacturing
industry. The criteria used to evaluate the success of PdM
may include reduced cost, productivity and machine/system
availability. As the solutions presented in literature rarely take
machines’ energy consumption into account to schedule the
predictive maintenance, a solution is proposed and structured
in the following methodology section.

III. METHODOLOGY

The longer term objective is to look at a holistic energy
saving strategy for battery module manufacturing through
the implementation of technology and how that compares
with and can compliment incoming or potential legislation in
manufacturing industries. Figure 1 shows a phased approach
to this goal, where this paper describes the work of phase
one by looking at simulating the Flexible Module Build Lab.
This should form the building blocks of an energy focused
digital twin, phase two, meaning reducing energy consumption
is the main objective of the model. This can be built with the
manufacturing processes in mind at first, then expanded to
include energy information and data such as power sources,
whether that be the national grid or on-site renewable energy
generation. The configurability of the model should then mean
that any legislative changes, for example, the amount of energy
consumed from the grid/local renewable generation can be
implemented.

Energy consumption for battery assembly operations ranges
across the industry, different researchers and different studies.
There is also a lack of standardisation in reporting or recording
of how energy consumption related to the product output. An

aspect of this is to be expected, as different cells are used,
different module and pack configurations are assembled and
various manufacturing technologies are employed. However,
it raises an issue around the lack of a standard reporting
method. Several studies, such as Yuan et al calculate 0.3 GJ
or approximately 83 kWh is embedded in the pack assembly
process [21], or Dunn et al reference several packs with
energy consumption between 108.3 kWh and 2199.4 kWh,
however, these being for different methodologies highlighting
the variance in reported figures and lack of standardisation
[22]. Other methods include a kWh consumed/kWh produced
method, with Kurland putting consumption between 50 to 65
kWh consumed for every kWh produced [23] and Weeber
et al 56 to 694 kWh/kWh produced, but again highlighting
the difference between top-down models and bottom-up [24].
Whichever method is used, this is obviously not an ideal place
to be when trying to de-carbonise the transport system, and
create a cleaner manufacturing process.

Due to these factors, a configurable model was decided as
the better option, as it is then possible to change and adapt the
simulation depending on energy supply factors, module design,
processes and components in the assembly steps, tooling and
the energy consumption for each of these. As a strategy,
PdM is known as condition-based maintenance [25]. Based
on this basic assumption, energy is treated as a monitored
condition whose readings are frequently reported and stored
in the database.

Several approaches of simulating the manufacturing system
exist depending on the targeted level of abstraction. Using DES
(Witness Horizon) to simulate the assembly process for battery
modules before pack assembly, automated assembly stations
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Fig. 2: Weld energy control chart

and manual operated equipment are set in the Flexible Module
Build layout for greater automation and flexibility of assembly,
which has seen rising popularity amongst Original Equipment
Manufacturers (OEMs) as their electric vehicles (EV) product
lines expand.

Energy consumption data are included into the model in two
ways. The first to simulate a standard preventative maintenance
schedule and the second to show the PdM system employed.
For the preventative maintenance version, the energy con-
sumption is totalled for all operations, including all tooling
changeovers, consumables’ replacements and assembly oper-
ations according to the schedule, which is once per operating
week, apart from the pulsed-arc welding process which is
twice per operating week.

The PdM system version is monitoring production for early
signs of process deviation, process failure and tooling or con-
sumables wear based on logging process data and the energy
consumption data in tables over the duration of the simulation
within the model, simulating the databases in the physical
manufacturing system. The process is measured using control
charts, with signals triggering the PdM system. These can
also indicate impending process failures where consumable
parts, for example the electrode, insulating ceramic tube or
gas shield of the weld head, have worn outside their scheduled
replacement schedule and consequently will start producing
products requiring re-work, thus, consuming more energy. Fig-
ure 2 shows an example of a control chart in use, highlighting
signals that the process has become unstable, circled in red.
With just a preventative maintenance schedule, these poor
quality welds will now have to be reworked, whereas using
the PdM system, the first signal can act as the indicator for
required maintenance, and the consumables for the welding
system can be replaced, preventing more unacceptable quality
welds requiring re-work.

Consequently, the reduction of the requirement to re-work
parts or run a re-work station is one of the primary drivers

in reducing energy consumption, including an industry princi-
ple of right-first-time/no-faults-forward. The implementation
of the aforementioned proposal is demonstrated in the next
section.

IV. CASE STUDY

A. Description

Using the Flexible Module Build lab at Warwick Manufac-
turing Group (WMG), the successor of the AMPLiFII projects,
shown in Figure 3, and a generic simple module design
consisting of cylindrical cells in a 4S25P configuration, a top
and bottom cell carrier, wiring loom, and using a pulsed-arc
welding process, the stations and assembly steps simulated are
listed below. Those denoted with an (M) are manual processes,
whilst those denoted with an (A) are automated:

• MOS1 - Cell case/carrier assembly (bottom layer) (M)
• CLS - BOL testing - Cell level (A)
• CLS - Cell pick and placement (A)
• MOS1 - Module sensors wiring loom assembly (M)
• MOS1 - Cell case/carrier assembly (top layer) (M)
• MOS2 - Top side Busbar assembly (M)
• RPAW - Top side welding (A)
• MOS3 - Bottom side Busbar assembly (M)
• RPAW - Bottom side welding (A)
• Test - EOL testing - Module level (A)
• Re-work stations (A)/(M)
The re-work station is a mixture of automated and manual

processes available to the operator depending on the nature of
the work required and stage in assembly of the product. For
example, a cell carrier may need adjustment, using manual
or power tools, or tabs may require re-welding to create the
connection. Energy consumption per process as a percentage
of the energy supply - to keep configurability and scalability
as a feature of this model - is as follows. Manual processes
where no powered tooling is required have been excluded:
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Fig. 3: The DES model of the Flexible Module Build

• BOL testing - 5%
• Cell pick and placement - 22.5%
• Cell case/carrier assembly (top layer) - 1.5%
• Top side welding - 20%
• Bottom side welding - 20%
• EOL testing - 25%
• Re-work station - 5%

B. Modelling

The model was built with a configurable front-end to enable
meeting the objectives of a configurable and scalable model
that will meet future phases of this program of work. This
also provides immediate benefits to low-volume manufacturers
using similar assembly technologies to input the parameters as
shown in Table I. The model output will be an estimate of the
energy saving. Table 1 is populated as an example, using the
module referred to in the methodology. The manual operations
cycle times are obtained from a csv file.

Cells/Module Weld Type Welds/Cell Manual Ops Cycle Times
100 Pulsed-arc 4 4S25P m ct.csv
150 Pulsed-arc 4 6S25P m ct.csv
125 Wire-bonded 6 5S25P m ct.csv

TABLE I: Configurable variables in the DES model

The impact on cycle times is minimal, and the impact on
takt time has been ignored for the pure purpose of energy
consumption monitoring. Welding is the most energy intensive
process due to the power requirements and energy to create
the welds. Different material thicknesses and types can also
influence this factor. The automated processes are parameter-
driven to consider the different types of cells and module
configurations in mind. Input and output logic is simply driven
by the load and unload function of the autonomous mobile
robots. The PdM system works using real variables to record
the first instance of a signal from process monitoring using
control charts. Within the function blocks of the stations an IF

statement monitors these variables, and triggers a breakdown
and repair when a signal is generated. Due to how the signals
are generated using control charts, it is not unreasonable to
trigger a predictive maintenance event from 1 signal, as 1
signal is the result of a run of 8 data points consecutively
above or below the average, or a data point falling outside the
control limits of the process.

C. Results & Discussion

The model shows that in the PdM case energy consumption
is reduced by 3% in the operating week, the operating week
in this case study being a single 8 hour shift. The largest
energy reduction was through the automated pulsed-arc weld-
ing, with weld energies being more stable when looking at
the control chart, particularly the moving range, showing the
difference from result to result, so spikes and large variances
are highlighted through this tool. There are areas that can
be addressed to improve the accuracy of the model to the
real world scenario, for example, the amount or severity of
rework required for a product sent to the Rework station may
not be fully accurate, particularly when dealing with differ-
ent product variants. Therefore it would benefit the model’s
validation to have a larger availability of parts to run a larger
production batch to have a larger data set to compare with.
It is reminded that results would also differ where different
module types are produced, as also illustrated by the wide
ranging energy consumption data found in the literature. The
method of transporting the products from process to process
has been modelled using autonomous mobile robots (AMRs),
but the energy consumption for charging the batteries has not
been included in the PdM system, as there is not currently
enough data to determine the trigger point, but pending further
investigation this could be included as an addition or update
to aid scaling to an industrial setting instead of a prototype
lab context.
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V. CONCLUSION

Seeking to digitalise maintenance in EV battery manufac-
turing, a DES model could be used as a pretext to industrial
planning scenarios, though with some small modifications to
make it more applicable for packs using pouch or prismatic
cells. Concerning the AMRs, the charging of the batteries is
potentially easier to reduce energy consumption by the use
of solar cells charged throughout the day, and that energy
stored being directed to charge the AMRs overnight, whereas
the other processes that run during daylight hours can not
necessarily run solely on solar power. The first phase has
succeeded in showing that predictive maintenance can be
applied to this scenario, enabling the second phase of work,
i.e., building a digital twin that can monitor live data as well
as compare to the simulated results of the DES model. Further
refinements to the model can be made to address the concerns,
as well as addressed in the second phase of this proposed
program shown in Figure 1.

The next phase of the research topics and work outlined
in Figure 1 involves building a digital twin around energy
consumption as the core focus, and using live manufacturing
energy consumption data as well as tracking manual operation
energy consumption, validating against the DES model from
phase one and improving it where possible. Where the first
phase succeeded the second and third phases, investigating a
holistic and system view of energy consumption in battery
module and pack assembly for EVs with the use of different
Industry 4.0 technologies, can now take place. This will be
through a combination of the digital twin, DES model and
on-site renewable energy pilot.
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[9] O. Sénéchal, “Performance indicators nomenclatures for decision mak-
ing in sustainable conditions based maintenance,” IFAC-PapersOnLine,
vol. 51, no. 11, pp. 1137–1142, 2018.

[10] Y. Han, Y. Hu, Y. Wang, G. Jia, C. Ge, C. Zhang, and X. Huang,
“Research and application of information model of a lithium ion battery
intelligent manufacturing workshop based on opc ua,” Batteries, vol. 6,
no. 4, p. 52, 2020.

[11] J. Dalzochio, R. Kunst, E. Pignaton, A. Binotto, S. Sanyal, J. Favilla, and
J. Barbosa, “Machine learning and reasoning for predictive maintenance
in industry 4.0: Current status and challenges,” Computers in Industry,
vol. 123, p. 103298, 2020.

[12] A. Alrabghi and A. Tiwari, “State of the art in simulation-based optimi-
sation for maintenance systems,” Computers & Industrial Engineering,
vol. 82, pp. 167–182, 2015.

[13] E. Azab, M. Nafea, L. A. Shihata, and M. Mashaly, “A machine-
learning-assisted simulation approach for incorporating predictive main-
tenance in dynamic flow-shop scheduling,” Applied Sciences, vol. 11,
no. 24, 2021.

[14] D. Fischer, P. Moder, and H. Ehm, “Investigation of predictive mainte-
nance for semiconductor manufacturing and its impacts on the supply
chain,” in 2021 22nd IEEE International Conference on Industrial
Technology (ICIT), vol. 1. IEEE, 2021, pp. 1409–1416.

[15] A. Alrabghi and A. Tiwari, “A novel approach for modelling complex
maintenance systems using discrete event simulation,” Reliability Engi-
neering & System Safety, vol. 154, pp. 160–170, 2016.

[16] M. S. Packianather, S. Soman, A. Davies, and J. White, “Predictive
maintenance in a manufacturing environment through fit manufacturing
and discrete event simulation,” in 2018 World Automation Congress
(WAC). IEEE, 2018, pp. 1–6.

[17] A. Abbasli and J. Mammadli, “Discrete-Event Simulation in Smart
Maintenance: Use of Discrete-Event Simulation in Manufacturing Main-
tenance Applications and Smart maintenance dimensions,” Master’s
thesis, Chalmers University of Technology, Gothenburg, Sweden, 2020.

[18] S. Tan, J. Hwang, and H. Ab-Samat, “Witness simulation of preventive
and corrective maintenance for surface mounted technology (smt) line,”
in IOP Conference Series: Materials Science and Engineering, vol. 505,
no. 1. IOP Publishing, 2019, p. 012047.

[19] P.-H. Cui, J.-Q. Wang, and Y. Li, “Data-driven modelling, analysis
and improvement of multistage production systems with predictive
maintenance and product quality,” International Journal of Production
Research, pp. 1–18, 2021.

[20] M. K. Chinnathai, B. Alkan, D. Vera, and R. Harrison, “Pilot to full-scale
production: A battery module assembly case study,” Procedia CIRP,
vol. 72, pp. 796–801, 2018.

[21] C. Yuan, Y. Deng, T. Li, and F. Yang, “Manufacturing energy
analysis of lithium ion battery pack for electric vehicles,” CIRP
Annals, vol. 66, no. 1, pp. 53–56, 2017. [Online]. Available:
https://www.sciencedirect.com/science/article/pii/S0007850617301099

[22] J. B. Dunn, L. Gaines, J. Sullivan, and M. Q. Wang, “Impact of
recycling on cradle-to-gate energy consumption and greenhouse gas
emissions of automotive lithium-ion batteries,” Environmental Science
& Technology, vol. 46, no. 22, pp. 12 704–12 710, 2012, pMID:
23075406. [Online]. Available: https://doi.org/10.1021/es302420z

[23] S. D. Kurland, “Energy use for GWh-scale lithium-ion battery produc-
tion,” Environmental Research Communications, vol. 2, no. 1, p. 012001,
dec 2019.

[24] M. Weeber, J. Wanner, P. Schlegel, K. P. Birke, and A. Sauer,
“Methodology for the simulation based energy efficiency assessment
of battery cell manufacturing systems,” Procedia Manufacturing,
vol. 43, pp. 32–39, 2020, sustainable Manufacturing - Hand
in Hand to Sustainability on Globe: Proceedings of the 17th
Global Conference on Sustainable Manufacturing. [Online]. Available:
https://www.sciencedirect.com/science/article/pii/S2351978920307654

[25] V. C. Sai, M. V. Shcherbakov, and V. P. Tran, “Data-driven framework
for predictive maintenance in industry 4.0 concept,” in Conference on
Creativity in Intelligent Technologies and Data Science. Springer, 2019,
pp. 344–358.

6

https://www.researchandmarkets.com/reports/5359627/lithium-ion-battery-market-with-covid-19-impact
https://www.researchandmarkets.com/reports/5359627/lithium-ion-battery-market-with-covid-19-impact
https://www.sciencedirect.com/science/article/pii/S0007850617301099
https://doi.org/10.1021/es302420z
https://www.sciencedirect.com/science/article/pii/S2351978920307654

	Introduction
	Related Work
	Digitalisation of Battery Manufacturing and Predictive Maintenance
	Discrete Event Simulation and Predictive Maintenance 
	Research Gap

	Methodology
	Case Study
	Description
	Modelling
	Results & Discussion

	Conclusion
	References

