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Data-Driven Decision-Support for Maintenance Operations in Stacking Battery
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SOURAV UDAY JANNU & YADHUNANDAN MALLOHALLI JAGADISH
Department of Industrial and Materials Science
Chalmers University of Technology

Abstract
In the contemporary landscape of battery production, the integration of data-driven
predictive maintenance strategies stands out as a pivotal enhancement to opera-
tional efficiency and equipment reliability. This study focuses on the predictive
maintenance of the stacking process in lithium-ion battery (LiB) production, a crit-
ical phase with a significant impact on total productivity of the organisation, due
to frequent downtimes associated with the stacking cutting module. Utilizing a
CRISP-DM framework within the mixed methods research methodology , this the-
sis examines the practical implementation of predictive maintenance by analyzing
historical data and conducting qualitative research through workshops and literature
review. The research highlights the critical role of data quality and availability in
the successful application of machine learning models for enabling predictive main-
tenance. Key findings suggest that while the potential for data-driven maintenance
to improve operational efficiency is substantial, significant challenges remain in data
collection, system integration, and aligning technological advancements with orga-
nizational goals. This study contributes to the body of knowledge by outlining a
structured approach in implementing predictive maintenance in battery manufactur-
ing and providing insights into the technical considerations necessary for leveraging
Industry 4.0 technologies effectively. The thesis supports industry practitioners in
transitioning towards data-driven decision-support for enabling predictive mainte-
nance models, thereby enhancing the sustainability and competitiveness of battery
production facilities.

Keywords: Battery manufacturing, Predictive maintenance, Data-driven approach,
Sensor data, Machine learning, Stacking.
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1
Introduction

This chapter provides the context for the master’s thesis. The thesis begins with a
problem statement, outlining the key issues to be addressed. It then presents the
purpose and aim of the research, followed by three specific research questions that
guide the investigation. The limitations of the study are also discussed to clarify the
scope and boundaries. Finally, the structure of the thesis is outlined to help readers
understand the organization and flow of the content.

1.1 Background
Lithium-ion batteries (LiBs) play a crucial role in the mobility and energy sectors.
Despite their significance, the manufacturing of LiB cells is plagued by high produc-
tion costs, significant process variability, elevated scrap rates, and substantial energy
demands (Turetskyy et al., 2021a). Addressing these challenges requires the inte-
gration of cutting-edge technologies such as Big Data, the Internet of Things (IoT),
and Cyber-Physical Systems (Alcácer & Cruz-Machado, 2019). The adoption of ad-
vanced, data-driven systems and high-level sensors in recent years has revolutionized
manufacturing. This revolution extends to maintenance tasks, necessitating more
predictable and efficient practices, especially in complex production environments
like battery manufacturing, where multiple parameters influence the creation of a
single product.

The ‘Smart Maintenance’ as described in Bokrantz (2019), encapsulates how techno-
logical advancements and new organizational methods are being incorporated. The
evolution of maintenance practices is increasingly driven by data-based approaches
that ensure the integrity of components, products, and systems by analytically and
prognostically identifying issues that could negatively impact production processes,
such as in battery manufacturing. The field of machine learning in predictive main-
tenance is rapidly expanding, enhancing production standards and organizational
profitability (Theissler et al., 2021). Nevertheless, effective implementation of pre-
dictive maintenance in the industry demands a thorough examination of all factors
from data sources to data quality that influence the outcomes of machine learning
algorithms.

Reflecting broader trends in the battery industry, Northvolt, with its gigafactories, is
advancing digitalization initiatives and aims to integrate data-driven systems across
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1. Introduction

its entire battery production process. Currently, Northvolt’s practices are setting the
groundwork for achieving significant advancements in maintenance. Although the
potential for these innovations is widely recognized, efforts towards implementing
predictive maintenance are progressing in phases. This thesis contributes to these
efforts by focusing on the predictive maintenance of the stacking process in battery
production, thereby laying the foundation for future developments in this area.

1.2 Context of study
The research context of this thesis will be at Northvolt in Sweden. As Northvolt is
involved with the research project MATTER@SCALE and the project being highly
relevant for this thesis, both Northvolt and MATTER@SCALE are presented in this
section.

1.2.1 Northvolt
Northvolt AB was founded in 2016 and is the largest battery developer and man-
ufacturer in Sweden specialising in lithium-ion technology (European Investment
Bank, 2020). It was founded with the aim of supplying batteries to automotive
industry but has eventually grown to producing cells for the purpose of storage sys-
tems and other applications. With investments coming from various stakeholders
such as BMW Group, Volkswagen Group, Goldman Sachs and others, the company
has expanded its presence in multiple countries. In accordance with the European
Commission, the company has established Northvolt Ett, its first gigafactory in
Skellefteå, Sweden with the intention of producing the batteries that have the least
impact on the environment and also enabling sustainability. In these changing times,
it also aims to redirect the supply chain from the dominant Asian markets back to
Europe increasing transparency, credibility and dependability.

At Northvolt Ett, the manufacturing of LiBs can be categories into three steps;
upstream, downstream and formation and ageing. The upstream involves all the
process for slurry preparation of electrodes. Followed by, it moves into downstream,
encompassing stages until the cells stack is assembled. Finally, it goes to formation
and ageing where they undergo performance evaluation. With the growing demand
for LiB batteries, the Ett aims for battery output of 16 gigawatt hours (GW) by
the end of 2024, for which, it is constantly scaling up its operations and output
(Mukherjee & Soderpalm, 2021). To reach these goals, the production at Ett needs
to be optimized where maintenance is a key enabler that can be improved by utilizing
the data generated to enable data-driven solutions.

1.2.2 MATTER@SCALE
MATTER@SCALE standing for Maintenance of Battery Production at Industrial
Scale is an ongoing research co-ordinated by Chalmers University of Technology
involving industrial stakeholders. It aims to develop circularity principles regard-
ing the maintenance organisations particularly in battery manufacturing companies.

2



1. Introduction

It’s goal is to enable the maintenance organisations in reaching the targets set for
Swedish battery industry and also to equip them for scaling up their operations.
Along the pathway for reaching its goals, the project identifies four categories of
capabilities for industrial maintenance: competence, organization, supplier collab-
oration, and data analytics (Vinnova, 2023). This thesis is a part of the MAT-
TER@SCALE project and addresses the data analytics aspect of maintenance in
battery production.

1.3 Problem description

Northvolt Maintenance acknowledges the importance of predictive maintenance in
their future role in battery production. However, requires a clearer understanding of
how to integrate these advancements into their organization to minimize downtime
and enhance efficiency. Recognizing the complexities and uncertainties inherent in
battery production, particularly in the stacking process, aims to incorporate predic-
tive maintenance to optimize productivity.

1.4 Purpose and Aim

Purpose

The primary purpose of the thesis is to gain a deeper comprehension of how a data-
driven approach can enhance maintenance strategies and boost efficiency regarding
production in the battery manufacturing field.

Aim:

To identify the root causes of downtimes in the stacking process, specifically focusing
on the stacking cutting module, which is a contributor to downtime, thereby reducing
efficiency of production.

1.5 Research questions

The objective of the thesis can be specified by the following research questions:

1. How can data-driven solutions be effectively implemented in battery stacking
production to enhance predictive maintenance outcomes?

2. What are the critical data required to develop robust predictive maintenance
models in battery manufacturing?

3. What design considerations are necessary for optimizing the implementation of
predictive maintenance in battery manufacturing, specifically in the stacking
cutting module?

3



1. Introduction

1.6 Limitations
Due to time constraints, some limitations have been made. The focus level has
been only towards the stacking cutting module and not any other component of the
stacking machine. Firstly the thesis will only look at one battery plant, namely
Northvolt Ett located in Skellefteå, Sweden. This is due to Ett currently being the
only operational gigafactory in Sweden. The decision to use this level of abstraction,
where we focus on specific machine component ensures the results are as useful as
possible for the industry. A broader focus might render the results too general,
while a narrower focus could streamline the applicability and value. By limiting the
scope, unique characteristics and requirements of the stacking cutting module can
be better acknowledged. Furthermore, the technical suggestions and methodology
provided for solving the problem is independent to each production facility and
machine specific.

1.7 Structure of the thesis
Chapter 1 introduces the rationale for the thesis, covering background, problem
statement, purpose, aim, research questions, limitations, and overall structure. Chap-
ter 2 provides a theoretical framework on battery production processes, including
cutting and stacking, maintenance, its evolution, predictive maintenance, and smart
maintenance aspects. Chapter 3 describes the mixed method reasoning used, outlin-
ing the research approach, design, techniques, and procedures. Chapter 4 details the
results from the research, such as statistical predictive maintenance analysis, data
analysis, workshops, and a secondary literature review, along with further techni-
cal development for predictive maintenance implementation. Chapter 5 discusses
the implementation of condition-based predictive maintenance in the battery man-
ufacturing industry, addressing research questions and methodological reflections,
along with limitations, future work, and ethical, societal, and ecological considera-
tions. Finally, Chapter 6 summarizes the thesis’s major outcomes and presents its
conclusions.

4



2
Frame Of Reference

In this chapter the theoretical framework, outline of the battery production process,
battery stacking, maintenance policies and the application of a data-driven approach
in maintenance will be discussed. Lastly, the literature findings regarding relevant
data-driven solutions in the industry will be presented in table 2.1.

2.1 Industrial Production

Historically, humans crafted their methods to refine raw materials into products of
added value. The added value for the finished product deemed a profitable venture
which paved way for the development of the production domain (Kenton, 2020). In a
manufacturing context, production refers to the process of converting raw materials
into finished products (Esmaeilian et al., 2016). In other words, it can be stated
as a process to convert the inputs into outputs with the involvement of human,
material, machine and methods. The industrial processes could be divided into
primary and secondary operations. Primary operations are value-adding processes
whereas secondary operations are process to support the functioning of primary
operations. In order to obtain valuable output, the synergy between these operations
is necessary (Porter, 1985).

Over the time, the nature and method for producing products i.e outputs have
changed. The customer and industry requirements have constantly driven and aided
in the development of products. The evolution of products involves the co- develop-
ment of production processes. Today, automation has revolutionised the traditional
production process by making it more efficient. The new shift also brings in the chal-
lenges of displacing human labour and the need for workers to constantly adapt to
the advancing environment through constant learning. But nevertheless, the impact
of integrating technologies into processes in production outweighs the challenges. By
investing in the cutting edge technologies, industries can reach their ultimate poten-
tial which is important to stay competitive and relevant in the market (ElMaraghy
et al., 2021).

5



2. Frame Of Reference

2.2 Overview of Battery Manufacturing
In the present situation, battery production has an important role in supporting
the advancement of electric vehicles (EVs) and renewable energy storage systems.
The growing ambition towards sustainability and renewable energy has driven the
demand for efficient and long lasting batteries. It is particularly automotive in-
dustries that depend on the advancement in the battery technology since they are
transitioning to e-mobility. Battery performance determines the range and charg-
ing times which is directly related to the performance of EVs and thereby having
an influence on the customer (Nykvist & Nilsson, 2015). The demand of batteries
for EVs crossed 750 gigawatt-hours (GWh) in 2023. This marked a 40% increase
compared to an year earlier (IEA, 2024). Also, at the end of the current decade it
is projected that the demand for LiB would scale up to around 4.7 terawatt-hours
(TWh) (Jakob Fleischmann & van de Rijt, 2023). The forecasts have reiterated the
importance of LiB and also signals the significance of robust method for battery
production in a sustainable way in order to meet the industrial demands.

The LiBs’ manufacturing process is a complex and multi-faceted ordeal involving
several sub stages. It is an intricate sequence of operations critically controlled to
ensure the utmost performance, safety and reliability. Among manufacturers, the
technique employed and equipment used for the battery manufacturing processes
differ at each phase since each of them have tailored the practices to meet their own
requirements. According to (Lombardo et al., 2022), the whole LiB manufacturing
process can be divided into three stages: electrode manufacturing, cell assembly, and
cell finishing as shown in figure 2.1. Also, it’s important to note that certain process
steps, such as those for anode and cathode electrodes, are performed separately to
prevent cross-contamination.

Slurry Mixing Coating Drying
Calendering 

& Slitting

Electrode 
Cutting

Tab Welding

Electrolyte 
Filling

Formation Aging Testing

Vaccum 
Drying

Stacking 
\Winding

Case 
insertion & 

closure

Pre-charging

Electrode 
production

Cell 
assembly

Cell 
finishing

Figure 2.1: Battery manufacturing process

During electrode manufacturing, the electrode rolls for battery are prepared. This
phase commences with the preparation of slurry that is consistent and homogenous.
The constituents for the slurry include the active materials of electrode, conductive
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2. Frame Of Reference

additives, binders, and solvents (Duffner et al., 2021). The nature and type of
constituents depend on the electrode type. Then, the slurry is applied onto metallic
current collector utilizing methods such as slot-die coating. The coated electrode
web are sent to the drying station to get rid of excessive moisture and remove the
solvent (Ahmed et al., 2016). This follows the calendaring where the electrodes are
compressed to the desired thickness depending on the desired density. Depending on
the type of cell, the electrode is slit accordingly and further vacuum dried to remove
moisture and leftover solvent (Lombardo et al., 2022; Brodd & Tagawa, 2002).

After this, the cell assembly stage commences. Here, the slit electrode rolls undergo
processes that are meant for further shaping which is also determined by the type
of cell. Typically there are three cell types i.e pouch, cylindrical and prismatic. The
pouch and cylindrical cells have lower production costs but the prismatic cell have
leverage over energy density (Lombardo et al., 2022). The primary focus of this
study are prismatic cells, wherein the electrodes undergo notching process where
they are further cut leaving the uncoated tabs which constitute the electrical con-
nections for the cell and then wound. After notching, the electrode roll is further
cut into individual sheets of dimensions predetermined according to the customer.
These shaping processes are carried out through punching or laser cutting. These
processed electrodes are then stacked alongside the separator alternatively (i.e cath-
ode, separator and anode) to form cell stack. The uncut electrode tabs are then
welded usually using ultrasonic or laser welding (Liu et al., 2021) to the current
collectors forming the electrical connections within the cell. Subsequently, the cell
stack is enclosed into a protective case housing (Brodd & Tagawa, 2002).

Cell finishing phase starts with filling of electrolyte under a weak vacuum, extremely
dry and controlled environment. This process is monitored to control the homoge-
nous distribution of electrolyte (Lombardo et al., 2022) after which it is pre-charged
to prevent internal corrosion using pre-charge channels bringing the cell to safe min-
imal voltage. After this, the cells undergo a critical process called formation where
they are charged and discharged cyclically in a controlled manner (Tan et al., 2023a).
This process is significant in formation of solid-electrolyte interphase (SEI) which
impacts battery performance and life cycle. After formation, the process of aging
starts where cells are stored in controlled environments at elevated temperature to
identify micro-short circuits and stabilize the SEI layer. Aging requires a devoted
storing space and is an indispensable process determining the stability and reliabil-
ity of cells (Wood, Li, & An, 2019). Finally, the cells undergo tests and evaluations.
Once graded based on performance metrics, the ones passing the set standard are
supplied to the clients (Lombardo et al., 2022).

2.2.1 Cutting and Stacking Process
Cutting and stacking is one of the crucial processes in lithium-ion battery man-
ufacturing having an impact on the performance of the battery. Once the elec-
trode undergoes notching to remove bare foil and only retaining tabs necessary for
electrical connections, they enter the cutting and stacking machine. According to
Baumeister and Fleischer (2014), there are several competitive stacking methods.
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2. Frame Of Reference

Popular among them are single sheet stacking, z-folding with one sided coating and
z-folding with single sheets.

In the single sheet stacking as shown in figure 2.2, the electrodes and separator
sheets are individually cut from the material web and then stacked in a pick and
place manner one over the other. Although this process caters to high quality cells,
it is complex in nature and resource oriented. In the z-folding process with one-
sided coating, electrodes are folded back and forth with an intermediate separator
in a zigzag manner. Although this is a continuous process, it has disadvantages in
terms of power to weight and energy to weight ratio reducing cells performance.
Conversely, as seen in figure 2.3, during z-folding with single sheets, an extensively
used industrial method (Kurfer et al., 2012), only the separator is continuously
processed, while the pre-cut electrode sheets are inserted between the layers of the
folded separator wherein the handling of individual separator sheets is completely
avoided.

A

C

S

Figure 2.2: Single sheet stacking
(Baumeister & Fleischer, 2014)

S
C

A

Figure 2.3: z-folding with single
sheets (Baumeister & Fleischer,

2014)

The individual functional layers (electrode and separator), which start as separate
material webs, need to be combined to create a complete cell stack. This involves
sequentially layering the extremely thin and flexible anodes, cathodes, and separa-
tors in an alternating pattern. The total number of electrodes layered is determined
by the desired cell capacity (Baumeister & Fleischer, 2014).

At Northvolt, both cutting and stacking is carried out by a single equipment that has
two channels for cutting electrode rolls (anode and cathode) and a unified stacking
area. The cut electrode sheets are checked for quality issues using manual and auto-
matic methods and are conveyed to the stacking section where they are alternatively
placed in the separator web and stacked using robot arms.

The primary focus of this study revolves around the cutting of electrode sheets for
stacked cell designs, such as prismatic cells, where the notched electrode sheets are
further cut into individual pieces of the necessary dimensions. Here, the stacking
cutting module is responsible for electrode cutting and it splices the incoming elec-
trode sheets into single sheets of the required dimensions for various types of EV

8



2. Frame Of Reference

batteries. The cutting module assembly works on principles comparable with sheet
metal cutting dies and houses the blades (upper and lower), a punch plate, guide
rods, and a mechanical driver. The punching action reciprocates and is mediated
by the servo drive wherein the speed of punching is matched with the conveyor that
is feeding the die.

Generally, tool-related problems account for approximately 7% to 20% of machine
downtime (Drouillet et al., 2016). Likewise, at Northvolt, the cutting die breakdown
is causing disturbances at the production line. Currently, the company practices
a scheduled maintenance strategy for the equipment which is established by the
supplier. But much before reaching the threshold set by supplier, the cutting die is
causing unplanned changeovers and there is a need for improving the maintenance
strategy. There is a need to predict the changeover to improve the productivity and
reduce the downtime. With the futuristic approach, having the intention of enabling
predictive maintenance , this thesis focuses on understanding the failures of cutting
dies and uses a data-driven approach to figure out the improvements in maintenance
actions.

2.3 Production disturbances

Production disturbances are the undesirable disruptions that deviate the normal
functioning of production systems (Frizelle et al., 1998). These disruptions can be
caused due to a variety of reasons such as human errors, equipment error, material
inaccuracies and others (Bokrantz et al., 2016).

A disturbance consists of a cause and an effect and its timeline can be divided into
two phases i.e the latent phase and the manifest phase. The latent phase starts with
the occurrence of the fault cause and ends with the onset of the disturbance effect.
Following the effect the manifest phase starts that lasts until the resolution of the
disturbance. Here, the latent phase refers to a buffer period, preventing immediate
noticeable deviations. But soon after the buffer’s exhaustion, this phase manifests
as a disturbance effect. In a way, the latent phase determines the reaction time
available before the disturbance effects are realized (Heil, 2013).

More importantly, these disturbances have a direct negative impact on productivity,
efficiency, and overall equipment effectiveness, resulting in production losses and
increased operational costs. The disturbances cause a loss in production capacity
and according to Ylipää et al. (2017) it is around 50%. More importantly, these can
impact the environmentally and socially thereby causing potential worker safety
issues. These disturbances cause overall loss in the resources and hence diagnosis is
necessary to efficiently manage them. By addressing these issues, an industry can
retain efficiency and mitigate risks thereby profiting from the benefits. But even
with best efforts, some disturbances are unavoidable implying the significance of
maintenance practise to ensure the ongoing functionality (Ito et al., 2021).
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2.4 Maintenance

During production, equipment and operations fail due to numerous disturbances.
The production is responsible for operations producing the products whereas the
maintenance is accountable for ensuring the capacity of the production. It helps
to retain and extent the life of equipment thereby assist in preventing asset losses
to the industry. With the advancements in industries over the years, maintenance
has adapted itself to the changing production environment and transitioned from a
supportive operation to an indispensable element of operational efficiency. It can
be considered as a parallel organisational function and can be defined as "The com-
bination of all technical and administrative actions, including supervision actions,
intended to retain an item in, or restore it to, a state in which it can perform a
required function" (International Electrotechnical Commission, 2006).

Production system having inadequate maintenance suffer from speed losses, avail-
ability and quality issues which causes inefficiencies. According to Al-Najjar and
Alsyouf (2004), in the current generation, with the increasing awareness of mainte-
nance and its impact, maintenance has grown significantly due to its influence on
various operational areas wherein effective maintenance improves machine availabil-
ity and enhances product quality. Hence, with its control over both quality and
quantity of output, it has an overarching impact on overall organisational perfor-
mance (Ben-Daya & Duffuaa, 1995).

2.4.1 Evolution of Maintenance

Maintenance has significantly evolved over the decades and now has now become
an integral strategic functionality of organisations. Historically, maintenance was
reactional meaning it addressed the equipment failures only after they occurred
(Dhillon, 2002a).

It was during the early 20th century that the industrial revolution gave way for
complex machinery and brought the understanding of productivity in an industrial
realm. In the mid-20th century, the concept of planned maintenance emerged that
scheduled timely maintenance activities to prevent untimely failure of machinery
and equipments. However, this practise doesn’t take into consideration about the
assessment of condition of equipment rather follows a plan. As the technologies
advanced in the industries during the late 20th century, a new approach of targeted
maintenance emerged capable of predicting failures ahead of time to plan the correc-
tive actions and thereby reducing unnecessary maintenance tasks and costs (Mobley,
2002).

Comparing with the traditional method, the current generation presents a huge
leap that relies on analysis of real time data for monitoring the tools and being
able to predict failures accurately thereby enabling prescriptive maintenance to take
proactive curative actions (Pintelon & Parodi-Herz, 2008; Ahmad & Kamaruddin,
2012).
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Over the years, the maintenance strategies have evolved and likewise, there are
several maintenance policies whose classification are varied but according to Susto
et al. (2015), the different maintenance policies include:

Corrective Maintenance: Here, the maintenance is carried out only after the
breakdown occurs. It follows the approach of Run-to-Failure and is the most basic
form of maintenance. It is applicable in instances which are non-critical and where
the cost of downtime is low. It lacks any planning resulting in unexpected downtimes.
It leads to potential deterioration of equipment health and could also pose safety
risks (Dhillon, 2002b).

Preventive Maintenance: Maintenance carried out at regularly at predetermined
intervals. It follows the Time-based-Maintenance and aims at preventing unexpected
downtime and assists in preserving the life of asset. Mitigates the risks of safety
issues but does not asses the exact condition of machinery. It is implemented in
sectors of manufacturing, transportation, construction etc (Dhillon, 2002b).

Predictive Maintenance: Maintenance is pro-actively scheduled by predicting the
breakdown using real-time data. It employs the data analysis techniques to establish
the prognosis of equipment failure by monitoring machinery. It leads to increased
availability compared to other maintenance practises but the implementation is time
and resource consuming.

Evolution of maintenance policies

Downtime cost 
Corrective 

maintenance 

Preventive 
maintenance 

Predictive 
maintenance 

Figure 2.4: Evolution of maintenance

2.4.2 Predictive Maintenance
Predictive maintenance (PdM) utilises data models to predict potential equipment
failures, enabling proactive maintenance actions. This assists foresee failure and
take proactive curative steps. Some researchers often use it interchangeably with
Condition-based Maintenance (CBM), wherein, CBM relies on the real-time con-
dition monitoring systems to asses the equipment condition to guide maintenance
decisions (Gouriveau et al., 2016; Mobley, 2002).
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Condition-based Maintenance relies on continuous or periodic monitoring of
equipment. Using various data collection techniques to obtain data it analyses the
data with the help of advanced algorithm, machine learning or artificial intelligence
to identify patterns that indicate the degradation limit. Once the monitoring reaches
set threshold, it sends an alarm for maintenance actions.

Apparently, PdM is an overarching method focusing on prognostics to predict the
breakdown well before it occurs to take proactive steps. Here, the Tool Condition
Monitoring (TCM) system plays a vital role by keeping a check on tools’ operations
and thus assists in upholding productivity and quality. The means of TCM can
be divided into two types; direct and indirect measurements. Direct measurement
techniques involves assessment at the point of wear providing accurate evaluations.
However, they are not without practical limitations. On contrast, indirect measure-
ment methods assess the tool’s condition by monitoring signals correlated with tool
wear. Each technique has its own merit and demerit and its applicability depends
on the user’s requirement (Drouillet et al., 2016).

Direct methods are practically less feasible for online monitoring due to the harsh
machining environment, such as the presence of coolant and machining. It di-
rectly quantifies by determination of the volume of material lost for tool wear using
laser, optical sensors and more recently, vision systems enabled by neural networks
(Drouillet et al., 2016; Sari et al., 2017). Indirect methods are better equipped for
real-time monitoring and are less intrusive. These techniques utilise the sensors
with high accuracy that are adept at detecting various wears. It uses sensors for
parameters such as cutting force, acoustic emission, motor current, vibration etc..
After obtaining this data, they are processed and combined with algorithms, ma-
chine learning or artificial intelligence methods to obtain degradation information.
But the challenge is that this method requires repeated validations and iterations
during modeling which is time and resource consuming (Y. Zhang, Qi, Wang, & He,
2023).

Predictive maintenance has been successfully implemented across a wide range of
industries, including manufacturing, healthcare, automotive, oil and gas, construc-
tion etc. Implementing predictive maintenance strategies can lead to a 5% - 10%
reduction in overall maintenance costs and it would also enhance equipment uptime
by 10-20% in manufacturing settings (Deloitte, 2017).

2.4.3 Digitalization and Smart Maintenance
Over the decades, the landscape of production sector has advanced with the devel-
opment of technology. With the time, the customer needs have evolved and in order
to match the requirements the industries have undergone tremendous transforma-
tions. This motive has resulted in four industrial revolutions with the current being
Industry 4.0 (Yin et al., 2018). According to Dalmarco et al. (2019), every indus-
trial revolution that occurred corresponds to a unique characteristic and that can
be attributed to mechanization, electrification, computerization, and digitalisation
respectively in chronological order.
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Industry 4.0 is the fourth industrial revolution denoting the emergence of cyber-
physical systems, internet based solutions and smart systems. This evolution brings
about a transformation in the industry regarding the interconnectivity, energy effi-
ciency, modularity, autonomous capability and other phenomenon. To cope up with
these ever advancing production environment, there is a need for parallel advance-
ment in maintenance sector to sustain the production (Kans, 2019). There is an urge
for the advancement in the sector and likewise, in context to digitalization, new age
concept e.g ‘Smart Maintenance’ has emerged. It is defined as “an organizational
design for managing maintenance of manufacturing plants in environments with
pervasive digital technologies” (Bokrantz et al., 2020). Bokrantz et al. (2020) has
presented Smart maintenance with four dimensions as Data driven decision making,
Human capital Resources, Internal integration and External integration :

Data-Driven Decision-Making: It is a pivotal aspect emphasizing the utiliza-
tion of data to equips decision-making processes. This involves harnessing data
from diverse sources such as sensors, condition monitoring systems, and historical
event records. It involves leveraging data analytics and employing machine learning
algorithms to provide predictive and prescriptive maintenance strategies.

Human Capital Resource: This dimension focuses on enhancing maintenance
personnel’s competencies in smart technologies, and innovative approaches through
knowledge management, training programs, and fostering a culture of continuous
learning, particularly in developing analytical and information and communication
technology proficiency.

Internal Integration: It put emphasis on robust inter-connections among organi-
sational departments and systems. This is crucial in terms of information exchange
over the functional boundaries to enhance the findings and understandings.

External Integration: It underscores the importance of collaboration with exter-
nal stakeholders. This involves external information flow, strategic partnerships, op-
erational co-ordination etc. The external stakeholders refer to suppliers, customers,
service providers and such others (Bokrantz et al., 2020).

It is imperative to recognize the interdependent nature of these core dimensions,
necessitating a holistic approach towards enhancing smart maintenance practices.
In this thesis, the approach for the dimension of data- driven decision making was
focused and worked upon, and in the process, the impact of External Integration
was realised and being reflected.

2.4.4 Data-Driven approach for Maintenance
The exploration in information technology has made manufacturing intelligent by
making it data-driven. Due to the advancement of computational power and acces-
sibility to large amount of data, data models are getting popular (Ma, Ren, Xiang,
& Turk, 2020). The modern systems employed in production constantly monitor
and record a range of operational parameters suitable for data models. This data-
driven approach leveraging advanced analytics is used to enhance efficiency in the
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maintenance domain. Montero Jimenez et al. (2020) has categorized data-driven
models into three main types:

Statistical Models: They identify the degradation pattern and are capable of
diagnostic and prognostic assessment of the production assets and systems. It is
employed by conducting a comparative study between current behaviour of random
variables and behaviours showcased by data series. As with other data models, data
cleaning is the necessary preliminary task required before analysing the degradation
trend. The only pressing need is for the availability of sufficient historical data.
Examples include regression analysis, autoregressive models and bayesian models.

Stochastic Models: These are probabilistic models that focus on random variable
evolution over time. Stochastic models are built upon stochastic process such as
Gaussian process, Markov process, levy process etc. These models are equipped
for degradation modelling and estimation of remaining useful life. The challenges
involved with these models are that they need mathematical understanding and high
computational capability.

Machine Learning Models: These models are built on data using the learning
algorithms. Compared to statistical and stochastic models these models have ad-
vance capability for interpreting complex relationships within the data. Algorithms
can include artificial neural networks, clustering, decision trees, random forests etc.
They often require sufficient preliminary data pre-processing phase for reliable out-
put. Although the reasoning behind these models lack comprehensive explanation,
they are widely used in predictive analytics (Montero Jimenez et al., 2020). This
thesis focuses on developing a machine learning model for predicting the stacking
cutting module breakdown employing CRISP-DM methodology.

2.5 CRISP-DM
The Cross-Industry Standard Process for Data Mining, known as the CRISP-DM is
an open standard model for carrying out data mining projects (Shearer, 2000). This
methodology contains six distinct phases as shown in figure 2.5. It is an iterative
method running back and forth between phases improving the overall model through
new insights and findings. The different phases are (Saltz, 2021):

1. Business Understanding: This phase is the most crucial step which de-
termines the success of the data mining project. It takes into account of the
stakeholders and articulates the goals, objectives, and success criteria from a
business point of view. Important sub-tasks are determining business objec-
tives, determine data mining goals, producing project plan

2. Data Understanding: Involves procuring data from different systems, or
from external source. It enables one to acquaint themselves with the data
and acquire preliminary understanding of it so as to identify interesting data
subsets. Important sub-tasks are collecting, describing and exploring data
along with verifying data quality.
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Figure 2.5: CRISP-DM process (Saltz, 2021)

3. Data Preparation: This phase encompasses the tasks necessary to create
a dataset for building the model. The data undergoes pre-processing steps
such as cleaning, eliminating or incorporation of data points etc. to enhance
the data quality before being fed for model generation. Quality of the data is
crucial since the performance of the model in the modeling phase relies on it.
Around 50% to 80% of the project effort goes into this phase (Saltz, 2021).
Important sub-tasks are selecting, cleaning, constructing and formatting data

4. Modeling: It involves choosing different modeling techniques and applying
them. Once the modeling technique is chosen and implemented, the model
is tested to analyze its performance, and the test design is generated. The
model’s parameters are adjusted to enhance its performance and then re-
assessed. Important sub-tasks are extracting features, selecting modeling tech-
nique, generating test design, building model etc.

5. Evaluation: The evaluation process assesses the model’s suitability, always
mindful of the business context. If the performance falls short, the preceding
steps are revisited until a satisfactory model is achieved. This iterative ap-
proach persists even when opportunities exist to enhance the current model.
Important sub-tasks are evaluating results, reviewing process and possible it-
erations in improving the model.

6. Deployment: This marks the concluding phase, where the model is put into
action, translating into real-world applications. The monitoring plans are set
as well to inspect the ongoing operation of model. Often, this stage is chal-
lenging due to various factors including deployment costs, board consensus,

15



2. Frame Of Reference

internal considerations, among others. Important sub-tasks are planning de-
ployment, maintenance, final project review and documentation.

The beginners and professionals in the field of data mining favor CRISP-DM due
its simplicity, reliability, and flexibility and based on a recent study, it is the most
widely employed model for data mining (Harding et al., 2006). It is also noteworthy
that this model is not biased towards industry or technology (Wirth & Hipp, 2000)
and is also largely attributable to the fact that it is tool and application neutral
(Mariscal et al., 2010).

2.6 Data Quality
Through adoption of digital technologies, the industries are ambitiously striving to-
wards automation. This progress has resulted in the amplification of the amount
of data produced. Further, the advancements in data storage systems have brought
about effective data management for large amount of data in a cost-efficient man-
ner. With the help of well equipped processing frameworks, the organisations have
used this extensive data to gain tactical insights. Likewise, the integration of ma-
chine learning further enhances the capability at organisations to obtain data-driven
decision-support. This has made data, an important asset for various industries.

These datasets, which can be structured, semi-structured, or unstructured, are char-
acterized by their volume, velocity, and variety. Here, volume pertains to the sheer
size of the data; velocity indicates the rapid rate at which data is generated; and
variety constitutes the diverse formats of the data. Additionally, data veracity which
denotes data quality and data value is an equally crucial aspect of data (Onay &
Öztürk, 2018). But due to the expansion of large data architectures, it leads to
challenges in maintaining data quality (Xie et al., 2020).

To tackle data quality issues, a framework was suggested by Cai and Zhu (2015),
encompassing various dimensions with distinct features: Availability, Usability, Re-
liability, Relevance and Presentation Quality. Here, Availability denotes the ease at
which users can access data signifying accessibility and timeliness of data. Usabil-
ity dimension refers to the credibility of data in meeting users’ needs. Reliability
indicates the trustworthiness of data giving information on accuracy, consistency,
integrity and completeness. While the Relevance deals with data meeting users’
need to provide pertinent information, the Presentation quality refers to the under-
standability, readability and clarity of data.

Each of the data dimensions have their own implication on data quality. During
modeling of predictive analytics, data quality issues pose major problem since they
do not represent real time data and lead to predictions which are not reliable. Also
another setback is that there are no accepted universal standards for data quality
in the realm of big data, leading to challenges in ensuring consistent data quality
across various datasets and platforms (Cai & Zhu, 2015).
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2.7 Workshop
Workshops within qualitative research are interactive sessions crafted to involve par-
ticipants in various activities aimed at gathering information, and collaboratively
generating new insights. According to Collins Publishers (2022) workshop is de-
fined as “a period of discussion or practical work on a particular subject in which a
group of people share their knowledge or experience” It is a research approach which
researchers and practitioners utilize to address and resolve issues together wherein
it forms the culmination of theoretical and practical worlds. It’s format can be
adjusted to suit various research settings and goals (Krueger & Casey, 2015).

Designing workshop needs several key components to be considered. Importantly,
clear objectives have to be established to steer the workshop’s focus and outcomes,
whether it’s understanding participants’ knowledge or brainstorming solutions along
with selection of a diverse group of participants to enrich discussions and insights.
The facilitators are responsible for creating open discussions that are productive.
Also, it is crucial for group discussions or hands-on exercises to be engaging to the
participants. These elements make sure the effectiveness of workshops in solving the
problems (TACSI, 2024; Voltagecontrol, 2023).

Workshops offer researchers an opportunity to recognize and investigate pertinent
factors within a specific domain. This method proves especially beneficial in combin-
ing the understandings from intricate work and knowledge procedures and also have
the potential to unveil factors that may not be readily apparent to either partici-
pants or researchers prior to initiating the workshop process (Ørngreen & Levinsen,
2017).

2.8 Related work
The thesis incorporates a multidisciplinary study that spans across various fields.
To achieve a comprehensive understanding, an extensive literature review was con-
ducted at the outset and continuously throughout the study to incorporate relevant
viewpoints from existing literature. The review encompassed articles pertaining to
battery manufacturing, data-driven technologies, machine learning, predictive main-
tenance, sensor technologies, and other relevant aspects. Selected articles from this
review are presented in the table 2.1 below.
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Table 2.1: Literature review

Article Category Description
Choudh-
ary et al.
(2022)

Defect
Detec-
tion

The paper presents a method for detecting defects in battery
electrodes using autonomous visual systems. It leverages ma-
chine learning techniques to identify and categorize various
types of defects, improving the quality control process in bat-
tery manufacturing.

Turetskyy
et al.
(2021b)

Product
ion De-
sign

This study focuses on the design of battery production pro-
cesses using multi-output machine learning models. It aims
to optimize production parameters to enhance efficiency and
reduce costs, contributing to better overall performance of bat-
tery manufacturing.

Tan et al.
(2023b)

Product
ion Mod-
eling

This research highlights the application of machine learning in
modeling battery electrode production processes. It empha-
sizes the importance of data in optimizing production steps,
ultimately leading to higher quality and efficiency in battery
manufacturing.

Schmidt
et al.
(2020)

Manufac
turing
Impact

The study models the impact of various manufacturing param-
eters on the production of lithium-ion batteries. It provides
insights into how changes in the manufacturing process can af-
fect the final product’s performance and reliability.

Overbeck
et al.
(2023)

Agile
Produc-
tion

This paper proposes optimal line configurations for agile pro-
duction systems in battery cell manufacturing. Using simula-
tion and digital twins, it evaluates different production scenar-
ios to identify the most efficient setups for various production
requirements.

Shin et al.
(2018)

PHM
Frame-
work

The paper discusses a framework for implementing prognostics
and health management (PHM) applications in smart manu-
facturing systems. It highlights the integration of PHM with
IoT and machine learning to enhance maintenance processes.

H. Zhang
et al.
(2009)

Hybrid
PHM

This study presents a hybrid approach to prognostics and
health management (PHM) for condition-based maintenance
(CBM). It combines physics-of-failure models with data-driven
techniques to predict the remaining useful life of equipment.

Solle et al.
(2017)

Modeling
Ap-
proaches

The paper compares data-driven and mechanistic modeling ap-
proaches for process operation in chemical engineering. It em-
phasizes the strengths and weaknesses of each method and sug-
gests scenarios where each approach is most effective.

Sai et al.
(2019)

Predict-
ive Main-
tenance

The research introduces a data-driven framework for predictive
maintenance within the Industry 4.0 paradigm. It focuses on
leveraging machine learning and IoT technologies to predict
equipment failures and optimize maintenance schedules.

W. Zhang
et al.
(2019)

Predict-
ive Main-
tenance

This survey paper reviews various data-driven methods for pre-
dictive maintenance of industrial equipment. It categorizes the
approaches, discusses their advantages and challenges, and pro-
vides insights into their application in real-world scenarios.
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Article Category Description
Atamu-
radov et
al. (2017)

Maintena
nce PHM

The study explores different prognostics and health manage-
ment (PHM) strategies for maintenance. It covers method-
ologies for assessing equipment health, predicting failures, and
implementing maintenance actions to improve system reliabil-
ity and reduce costs.

Turetskyy
(2022)

Data An-
alytics

The paper explores the use of data analytics to optimize bat-
tery production systems. It highlights the benefits of using
data-driven approaches to enhance the efficiency and effective-
ness of production processes in the battery industry.

Schnell et
al. (2019)

Data
Mining

This study applies data mining techniques to analyze lithium-
ion battery cell production. It identifies key quality drivers and
process dependencies, aiming to reduce production costs and
scrap rates through better quality management and process
optimization.

Turetskyy
et al.
(2020)

Cyber-
Physical
System

The paper presents a data-driven concept for implementing
quality gates in lithium-ion battery cell manufacturing. It em-
phasizes the use of cyber-physical systems to predict product
quality and improve production control.

Stock et
al. (2022)

Cycle
Life Pre-
diction

This paper introduces a machine learning approach for early
classification and prediction of battery cycle life during pro-
duction. It aims to improve the quality control process by
predicting potential failures early in the production cycle.

Taşcı et
al. (2023)

RUL
Predic-
tion

The study presents methods for predicting the remaining use-
ful lifetime (RUL) of equipment in manufacturing. It com-
bines data-driven techniques with predictive models to enhance
maintenance strategies and reduce downtime.

Ruiz-
Sarmiento
et al.
(2020)

Predictive
Mainte-
nance

The paper presents a predictive model designed for the mainte-
nance of industrial machinery. It focuses on minimizing down-
time and maintenance costs by predicting equipment failures
and scheduling timely maintenance actions.

Subrama-
niyan et
al. (2016)

Bottleneck
Detec-
tion

This study introduces an algorithm for data-driven detection
of shifting bottlenecks in manufacturing processes. The algo-
rithm helps in identifying process constraints and optimizing
production flow.

Wang et
al. (2022)

Big Data
Analyt-
ics

The research explores the use of big data analytics in intelligent
manufacturing systems. It highlights various applications and
benefits of big data in enhancing manufacturing efficiency and
decision-making processes.

Gökalp et
al. (2021)

Data Sci-
ence Ma-
turity

The paper presents an assessment model for evaluating data
science maturity in manufacturing. It provides a framework
for organizations to gauge their data capabilities and identify
areas for improvement.
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3
Methodology

The following chapter describes the research methodology, including mixed method
research, research approach, design, techniques and procedure.

3.1 Methodology Overview
This thesis employs a mixed method research (MMR) approach, structured sequen-
tially, commencing with quantitative analysis followed by qualitative analysis as
shown in the figure 3.1. The initial phase of the methodology involves a comprehen-
sive quantitative analysis to establish a foundational understanding of the research
subject. The quantitative analysis is conducted, guided by CRISP-DM methodol-
ogy. The quantitative analysis incorporates the first three phases of the CRISP-
DM methodology, namely Business Understanding, Data Understanding, and Data
Preparation. These phases ensure a systematic and thorough exploration of the
research context, data sources, and data preparation processes, which are essential
for the subsequent quantitative analysis.

The qualitative analysis further involves conducting a workshop and performing
a secondary literature review. The workshop serves as a platform for gathering
insights and perspectives from relevant stakeholders, while the secondary literature
review provides a comprehensive examination of existing research and theoretical
frameworks related to the research topic.

This sequential integration of quantitative and qualitative analyses ensures a robust
and comprehensive examination of the research problem, facilitating a nuanced un-
derstanding and informed conclusions.

3.2 Mixed Method Research (MMR)
The research methodology employed is the Mixed Method Research methodology,
which integrates both quantitative and qualitative methodologies (as depicted in Fig-
ure 3.2) to offer a comprehensive examination of complex issues. This approach is
particularly beneficial for studies that investigate multiple facets of a problem, allow-
ing for a more nuanced understanding. In the thesis, this is exemplified through the
sequential explanatory method (Halcomb & Hickman, 2015). Initially, this method
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Figure 3.1: Visual presentation of the overview of methodology followed in this
thesis

involves a rigorous quantitative analysis to collect and interpret numerical data from
the battery production area. This phase is followed by qualitative analysis, thus un-
covering subtle insights and meanings that numbers alone cannot reveal (Caruth,
2013).

In the context of battery production support, utilizing mixed methods research
proves advantageous as it identifies the appropriate resources and methodologies for
a thorough analysis (Halcomb & Hickman, 2015). Quantitative methods are used
to measure aspects such as production efficiency, downtimes, and defect categories.
On the other hand, qualitative techniques capture the complex experiences and
insights of key stakeholders, including maintenance engineers, process engineers, and
other practitioners. This dual-layered approach not only provides a comprehensive
overview of operational metrics but also offers a deeper understanding of stakeholder
dynamics and industrial challenges (Caruth, 2013).

Mixed methods research is particularly effective in exploring both the broad trends
and the intricate factors that influence these trends. For instance, while quantita-
tive data might reveal a bottleneck in battery production, qualitative insights from
engineers might uncover underlying issues related to machinery maintenance, design
complications or process inefficiencies. This combination of methodologies ensures
that findings are not only statistically significant but also contextually rich, pro-
viding stakeholders with actionable insights that can inform policy and production
strategies.
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Moreover, mixed methods research allows for a more flexible and iterative ap-
proach to problem-solving (Tashakkori & Teddlie, 2010). By continuously integrat-
ing and cross-referencing quantitative and qualitative data, researchers can adapt
their strategies to emerging findings, leading to more robust and dynamic conclu-
sions (Clark & Ivankova, 2011). This adaptability is crucial in the ever-evolving
field of battery production, where technological advancements and market demands
constantly reshape operational landscapes.

Qualitative  
Research

Quantitative  
Research

Mixed 
Methods 
Research+ =

Figure 3.2: Mixed method research

3.3 Research Design
The research design employs a mixed-method approach, blending quantitative and
qualitative analyses to address predictive maintenance challenges in battery manu-
facturing. Specifically, the focus is on the stacking cutting module of the stacking
machine within the context of a gigafactory scale at Northvolt.

Here, the CRISP-DM methodology, a widely recognized framework for data mining
projects, has been to guide the research process. This methodology comprises six
major phases: Business Understanding, Data Understanding, Data Preparation,
Modeling, Evaluation, and Deployment. Each phase contributes to a comprehensive
understanding of predictive maintenance in battery manufacturing.

The quantitative analysis dives into predictive maintenance within battery manufac-
turing. A systematic dissection of production processes, identification of key factors
contributing to downtime, and analysis of data to develop effective maintenance
strategies was carried out. The Business Understanding phase ensures alignment
with project objectives and requirements, focusing on understanding the battery
production process and the stacking machine’s stacking cutting module.

In the Data Understanding phase, an in-depth analysis of operational data was
conducted, particularly downtime records and Mean Time to Repair (MTTR). This
phase involves collecting, describing, exploring, and verifying data quality to gain in-
sights and identify challenges. Subsequently, the Data Preparation phase assimilates
and analyzes data from various sources to construct the final dataset for modeling
and analysis.

While the Modeling phase typically involves building predictive models, our research
focuses more on the initial phases due to significant data quality issues. Conse-
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quently, we shift our attention towards qualitative analysis, emphasizing insights
gained from earlier stages and refining data collection practices for future research.

Our qualitative analysis component involves a literature review and workshops. The
literature review examines existing scholarly articles and industry reports to enhance
understanding of the technological landscape and its applicability. Meanwhile, work-
shops gather input from industry experts and practitioners to determine necessary
design modifications for implementing condition-based maintenance effectively.

By integrating quantitative and qualitative approaches, our research aims to pro-
vide a holistic understanding of predictive maintenance in battery manufacturing,
contributing to improved efficiency and productivity in the industry.

3.4 Research Phases
The research procedure is systematically divided into three major phases as shown
in figure 3.3, which are the business analysis, data analysis, and qualitative analysis.
Each phase is methodically explained, outlining the assumptions considered and the
steps undertaken to ensure a comprehensive examination of the research problem.

PHASE 1

BUSINESS 
ANALYSIS

PHASE

PHASE 2

DATA 
ANALYSIS

PHASE

PHASE 3

QUALITATIVE 
ANALYSIS

PHASE

Figure 3.3: Visual presentation of the phases followed in this thesis

3.4.1 Business Analysis: Stacking Cutting Module
The initial phase of business analysis involves a thorough examination of the battery
production process, with a particular emphasis on the stacking cutting module.
This phase is crucial for understanding the operational mechanisms of the stacking
machine, its constituent components, and the prescribed maintenance plan for the
stacking cutting module.

The stacking cutting module is integral to the battery manufacturing process. The
stacking cutting modules are subject to a predetermined punch limit, necessitating
preventive maintenance and replacement to ensure continuous and efficient opera-
tion. The maintenance process involves meticulous tracking of knife replacements,
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which is facilitated by maintenance teams through designated platforms. Concur-
rently, manufacturing teams monitor maintenance activities using work orders and
other relevant tools. Unplanned downtimes due to cutting tool replacements are
tracked, as these downtimes impact negatively on Overall Equipment Effectiveness
(OEE), a comprehensive metric that evaluates the overall performance of equip-
ment by considering three factors such as availability, performance, and quality
rate. Understanding and minimizing the productivity losses are vital for optimizing
the performance of the stacking machine.

The classification of downtimes attributable to the stacking cutting machine is exam-
ined within the framework of the Total Effective Equipment Performance (TEEP),
a key metric in the field of maintenance management and equipment effectiveness.
TEEP is in a way, an extension of OEE, involving additional parameter called load-
ing that assess actual total calendar time scheduled for operation while OEE assesses
efficiency based on scheduled hours (Metrics, 2013). Hence, TEEP provides a holistic
view of equipment effectiveness by quantifying OEE against calendar hours, help-
ing organizations identify opportunities for improvement and optimize maintenance
strategies. By analyzing downtime within the context of the Technical Availability
component of TEEP, a structured understanding of the rationales behind various
downtimes was achieved, enabling more targeted and effective maintenance poli-
cies. This approach allows maintenance teams to prioritize interventions based on
their impact on overall equipment performance, ultimately enhancing operational
efficiency and reducing downtime costs.

3.4.2 Data Analysis
The data analysis phase begins with a meticulous examination of historical data
to identify and categorize downtimes associated with the stacking cutting module.
This analysis focuses on three key parameters: downtime frequency, duration, and
Mean Time to Repair (MTTR). Data from multiple time periods, one year and six
months are scrutinized to discern potential trends and patterns.

The analysis aims to identify predominant downtime categories related to the stack-
ing cutting module. A methodical, tiered approach is adopted, progressing through
different levels of categorization. Visual aids such as pareto charts and bar charts are
employed to effectively illustrate the findings, facilitating a clearer understanding of
the data.

A comprehensive categorization of downtime causes across multiple tiers is achieved,
which sets the stage for a structured exploration via the 5 WHY analysis. This
technique, developed by Sakichi Toyoda, involves asking "why" five times to explore
the cause-and-effect relationships underlying a particular problem. The collabora-
tive engagement with maintenance engineers and process experts was pivotal in this
phase, as it helps to ascertain the root causes of issues related to the stacking cutting
machine.

Building on the insights obtained from the 5 WHY analysis, the focus transitions to
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condition-based data analysis i.e servo motor analysis. This phase involves identify-
ing relevant data sets and ensuring their quality, aiming to achieve a more detailed
understanding of operational challenges and potential enhancements. The analysis
highlighted the necessity for reliable condition-based data sources, leading the thesis
to explore the qualitative aspects of the problem statement.

3.4.3 Qualitative Analysis
The qualitative analysis component of the study leverages insights gained from the
data analysis phase to enhance the implementation of sensors in the stacking cutting
module. This phase involves a comprehensive workshop and an in-depth literature
review, integrating feedback from key stakeholders and relevant secondary sources
to develop a robust strategy for predictive maintenance.

The workshop serves as a collaborative platform, bringing together stakeholders from
the maintenance, manufacturing, and production departments. These participants
discuss various aspects crucial to the implementation of sensors in the stacking
cutting unit, focusing on practical design modifications and the integration of new
technologies. The primary objective is to gather diverse perspectives on optimizing
the maintenance strategy for the stacking-cutting machine.

Key topics addressed during the workshop include:

1. Sensor Applications: Discussions on the types of sensors (such as force and
acoustic sensors) that can be deployed to monitor the condition of the cutting
knife module. Stakeholders share their experiences and insights on the efficacy
of different sensor technologies in detecting and predicting potential failures.

2. Data Sources: Identification of the most relevant data sources that can be
harnessed to support predictive maintenance. This includes operational data,
sensor data, and maintenance records. The goal is to ensure comprehensive
data collection that can provide a holistic view of the equipment’s condition.

3. Data Quality: Emphasis on the importance of high-quality data for accurate
predictive modelling. Stakeholders discuss challenges related to data collec-
tion, such as noise, data gaps, and inaccuracies, and propose solutions to
enhance data reliability.

In addition to these topics, the workshop explores necessary design changes to the
stacking cutting machine that could facilitate better sensor integration and data
collection. Stakeholders provide input on mechanical adjustments, sensor place-
ment, and system integration to ensure that the new technologies can be seamlessly
incorporated into the existing production setup.

Following the workshop, stakeholders’ comments and suggestions are compiled and
analyzed, and this feedback is correlated with findings from a detailed literature
review. The literature review encompasses existing scholarly articles and industry
reports on sensor applications, predictive maintenance frameworks, and data mining
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algorithms. It aims to identify best practices and advanced methodologies applicable
to the stacking cutting machine context, covering aspects such as the technologi-
cal landscape, including current sensor technologies used in industrial maintenance,
and case studies highlighting successful predictive maintenance deployments and key
success factors. By integrating stakeholder feedback with the literature review, the
study develops a comprehensive and informed strategy for implementing predictive
maintenance in the stacking cutting module. This approach ensures that practi-
cal insights from the workshop align with theoretical and empirical evidence from
secondary sources, providing a well-rounded perspective on the subject. Overall,
the qualitative analysis component enriches the research by offering a multidimen-
sional understanding of the challenges and opportunities associated with predictive
maintenance.
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4
Results

The results section of this study delves into the detailed analysis of production
data, highlighting the key issues causing downtimes. By systematically examining
historical data over a significant period and employing a structured methodology, the
analysis identifies the primary contributors to production inefficiencies. Likewise,
regarding the analysis done, the charts and graphs showcased in this section have
been intentionally omitted of their data points in order to comply with the company
policy. The following sections provide a comprehensive breakdown of the analysis
process and findings.

4.1 Quantitative analysis
Firstly, it started with understanding the battery production process where each
step is investigated and understood with a greater emphasis on stacking machine,
stacking cutting module. Furthermore, after speaking with maintenance engineers
and process engineers a better understanding of the production line maintenance
process was gained. Based on this, the research question were defined.

Once the battery production was understood, the operational data which showed
data regarding the downtimes caused due to various categories in the stacking pro-
cess were analyzed, during which a structured approach was followed. Firstly, the
three parameters were considered: frequency of downtime, downtime in minutes,
and Mean Time to Repair (MTTR).

The frequency of downtime was chosen as it is one of the primary indicators of
the reliability of the equipment. A high frequency of downtimes suggests recurrent
issues that need addressing, helping to identify patterns or recurring problems that
can be mitigated through preventive measures (Nakajima, 1988). Additionally, this
metric aids in prioritizing which equipment, processes or categories of downtimes
require immediate attention, ensuring that resources are allocated effectively.

Downtime in minutes was considered because it provides a direct measure of the
impact each downtime event has on production. This metric is essential for assess-
ing the resource allocation needed to minimize production interruptions (R. Smith
& Hawkins, 2004) understanding the duration of downtime helps in implementing
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policies to reduce production losses and improve overall efficiency.

Mean Time to Repair (MTTR) was included as it is a crucial measure of the effi-
ciency of the maintenance process. Lower MTTR values indicate quicker recovery
times and reduced production loss, serving as a benchmark for maintenance perfor-
mance against industry standards (Blanchard, 1998). Tracking MTTR also helps in
monitoring improvements in maintenance procedures and evaluating the effective-
ness of training programs.

By using a combination of these metrics, a comprehensive view of the equipment’s
performance and maintenance effectiveness was obtained. This holistic approach
facilitates a thorough root cause analysis by correlating frequent downtimes with
repair times and total downtime, enabling data-driven decision making for main-
tenance policies and resource allocation (Moubray, 1997). These metrics not only
provide valuable insights into the reliability and efficiency of the stacking process
but also guide targeted improvements for optimal production performance.

The analysis included around 18 machines, each with two stacking cutting modules,
resulting in 36 stacking cutting units under consideration. Using the previously
mentioned metrics—frequency of downtime, downtime in minutes, and Mean Time
to Repair (MTTR) a top-down approach was followed to map the root causes of
downtimes in the stacking cutting station. The data was specifically analyzed to
identify downtimes caused by the stacking cutting module section of the stacker,
which is the focal point of this analysis. The study spanned two-time frames, 6
months and 1 year, to observe if similar trends persisted over different periods.

In Northvolt, downtime categories are organized into hierarchical tiers to facilitate
detailed problem identification. Tier 1 is labeled "Technical Availability," repre-
senting the overall operational readiness of the equipment. Tier 2 is named "Un-
planned Downtime," which indicates periods when the machinery is unexpectedly
non-operational. Tier 3 further breaks down the issues into "Machine" and "Process"
downtimes, specifying whether the problems are related to the equipment itself or
the operational processes. Finally, Tier 4 dives into specific reasons for downtimes,
such as "Tooling Breakdown," "Mechanical Breakdown," "Assembly Adjustment,"
and "Machine Component Adjustment."

The figure 4.1 provided, illustrates a downtime tree that sorts issues from the broad-
est category (Technical Availability) down to specific issues (Tooling Breakdown, Me-
chanical Breakdown, etc.). This detailed categorization allows for a more targeted
approach to troubleshooting and resolving downtimes. By mapping downtimes in
this manner, the analysis can pinpoint the exact layer where the problem originates,
enabling more effective maintenance strategies and reducing the overall downtime.
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Machine Process
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Figure 4.1: Downtime hierarchical chart

The downtime hierarchical chart, supported by this tiered classification, is essential
for systematic problem-solving in manufacturing environments. It ensures that all
potential causes are considered and that the true root cause is addressed rather than
just treating symptoms.

To better understand the root cause of downtimes in the technical availability cate-
gory, the focus was specifically on issues related to the stacking cutting module. By
analyzing data to pinpoint the exact reasons for these downtimes, effective solutions
could be identified. More broadly, reducing downtime involves continuously elimi-
nating waste through small improvements, as suggested by Lean-Kaizen principles
(Imai, 1986). To thoroughly investigate and address the reasons for downtime, the
5 Whys analysis (Ohno, 1988) was employed, a method that helps dig deep into the
core issues causing the downtimes. This comprehensive approach ensured that all
aspects of production were considered, avoiding any bias towards a particular aspect
of downtime, and emphasized machine-related problems, aiming to find data-driven
solutions.

To address the major downtimes, the 5 Whys analysis was used to investigate various
data sources, given the absence of sensors directly recording the condition of the knife
or other stacking cutting module components. These sensors could have provided
a better understanding of unplanned downtimes. Therefore, different data sources
related to the stacking cutting module were examined to determine if predictions
could be made using operational data. The most relevant source of automation-
related data was identified as the servo motor, which drives the stacking cutting
module in a linear motion.

The servo motor was chosen because literature studies indicated that data from
servo motors could be treated as a data source (Girit, Atakok, & Ersoy, 2020).
Components of this data, such as current, voltage, temperature, speed, position,
and vibration, can be correlated with downtime data. This correlation helps in
understanding the normal and deviated behaviors of the systems, providing high-
quality data and a reliable reference for actual working conditions. This, in turn,
supports the creation of predictive models, enabling maintenance and production
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teams to make better decisions, efficiently use resources, and reduce unplanned
downtimes, thereby increasing productivity (Liker, 2004)

The servo motor data is referred to as telemetric data, which is stored in the cloud
and can be accessed via the cloud platform, where all automation-related data is
stored. During the investigation, it was found that the servo motor successfully
records speed and position, though it currently does not capture temperature, cur-
rent, voltage, or vibration. Further investigation revealed that the servo motor in
use is not capable of recording these parameters.

Given the recorded speed and position data, it was decided to proceed with the
investigation. Servo motor data was collected for two months, and a new dataset
was created by integrating this time-series data with speed and position values
with downtime data from another platform, matching the timelines. An additional
column labeled "downtime" was added, where downtimes were marked as 0 and
uptimes as 1. This created a meaningful dataset for comparing downtimes with
motor parameters over time. To prove its predictive capability, the data quality was
assessed by checking for correlation with the operational data. Correlation studies
were used as tools for this assessment (Eger, Reiff, Brantl, Colledani, & Verl, 2018).
Based on the results, it was found that the available data could not provide reliable
predictive models. Consequently, the focus shifted to the qualitative aspects of the
thesis, including literature reviews, workshops, and interviews to find solutions.

4.1.1 Detailed Analysis and Investigation
In this part, we look into the detailed data analysis and investigation aspect of the
thesis where the focus is on the comparison of data and looking into the data quality
aspect.

4.1.1.1 Data Analysis

The investigation into the production data revealed that issues related to the stack-
ing cutting module were the most significant in terms of both frequency and to-
tal downtime minutes. The graphical representation clearly illustrated this trend,
showing that stacking cutting knife-related issues were not only frequent but also
resulted in considerable downtime. This category included problems such as me-
chanical failures, burrs, delamination, and operational errors, which were pervasive
and consistently caused significant downtimes. Mechanical breakdowns were iden-
tified as a major contributor, often requiring extensive repairs and associated with
high Mean Time To Repair (MTTR). Tooling problems, such as blunt knives and
knife misalignment, were frequent and led to substantial downtimes. Misalignments
or improper assembly settings caused interruptions in the production process, neces-
sitating adjustments that contributed to downtimes. Additionally, general machine
malfunctions were significant contributors to downtimes. The high MTTR for issues
involving the stacking cutting knife indicated that these problems were not only fre-
quent but also time-consuming to resolve, highlighting the critical need for targeted
maintenance and operational improvements in this area.
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4.1.1.2 Preliminary Analysis: Tier 3 Category Analysis

Before delving into the Tier 4 analysis, a Tier 3 Pareto chart was examined to provide
a broader overview of the issues, which was crucial in identifying the main categories
requiring further investigation. The analysis revealed that process issues and ma-
chine issues were significant contributors to downtimes. Process issues encompassed
a wide range of problems, including operational errors, process inefficiencies, and
workflow interruptions, accounting for a large percentage of the problems. Ma-
chine issues, including general malfunctions, mechanical, and tooling issues, were
also highlighted as major contributors. Together, these categories accounted for ap-
proximately 80% of the problems in both downtime and frequency parameters, as
shown in figures 4.2 (downtime) and 4.3 (frequency). This finding underscored the
importance of focusing on these categories in the subsequent Tier 4 analysis.

Category Downtime in Minutes Cumulative Percentage
Process Issue 100000 30
Machine Issue 50000 60
Material Handling 15000 70
Digital Automation Issues 15000 80
Quality issues 10000 90
Unplanned issues 5000 95

Figure 4.2: Pareto chart for Tier 3 categories downtime in minutes
Category Frequency (Count)Cumulative Percentage
Process Issue 4000 30
Machine Issue 3000 60
Material Handling 2000 70
Digital Automation Issues 2000 80
Quality issues 1000 90
Unplanned issues 500 95

Figure 4.3: Pareto chart for Tier 3 categories downtime in frequency

4.1.1.3 Detailed Analysis: Tier 4 Category Analysis

Based on the Tier 3 category analysis, a significant emphasis was placed on pro-
cess and machine-related issues. Further examination revealed that issues asso-
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ciated with the stacking cutting module, such as mechanical breakdowns, tooling
breakdowns, assembly adjustments, and machine-related issues, ranked among the
top four reasons for downtime, as depicted in figures 4.4 and 4.5, which compare
downtime in minutes and frequency over two time periods of six months and one
year. Notably, this trend persisted across both datasets, highlighting its consis-
tency. Conversely, the remaining categories comprised issues such as electrical and
automation-related problems. The detailed tier 4 analysis elucidated that a consid-
erable portion of downtimes stemmed from specific issues within each major cate-
gory. For instance, blade dullness and misalignment emerged as primary causes of
tooling breakdowns. Adopting a systematic hierarchical approach, the preliminary
Tier 3 analysis guided the focus towards process and machine issues. Subsequently,
the Tier 4 analysis delved deeper to pinpoint specific problem areas within these
categories. This hierarchical method facilitated a comprehensive understanding of
the issues, corroborating consistent trends across analyzed timelines. The analysis
underscored the primary sources of downtime linked to the stacking cutting mod-
ule, emphasizing mechanical and tooling breakdowns, assembly adjustments, and
machine-related issues as the most critical categories. These findings provide a clear
roadmap for addressing the major causes of downtime, thereby enabling targeted
improvements in the production process.

Category 6 Months 1 Year
Assembly Adjustments 100 200
Tooling Breakdown 90 180
Machine Breakdown 85 165
Machine Adjustments 70 140
Electrical Issues 65 120
Automation Breakdowns 50 100
Pneumatic Breakdown 40 70
Conveyor Breakdown 35 50
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Figure 4.4: Comparing Major Tier 4 Categories (6 Months vs 1 Year) downtime
in min
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Category 6 Months 1 Year
Assembly Adjustments 180 200
Tooling Breakdown 150 180
Machine Breakdown 130 170
Machine Adjustments 90 160
Electrical Issues 80 150
Automation Breakdowns 70 140
Pneumatic Breakdown 60 130
Conveyor Breakdown 50 120
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Figure 4.5: Comparing Major Tier 4 Categories (6 Months vs 1 Year) downtime
in frequency

4.1.1.4 Root Cause Analysis Using the 5-Why Method

Based on the results of the data analysis, it was determined that categories pertain-
ing to the stacking cutting module significantly contributed to downtimes. However,
in order to develop a robust predictive maintenance model, it is essential to identify
the appropriate datasets associated with the stacking knife. To address this require-
ment, the 5 Why analysis tool was employed. This analytical method is effective
in uncovering the root causes of problems. Collaborative brainstorming sessions in-
volving maintenance and process engineers were conducted to conduct this analysis,
with the aim of delving deeper into the underlying causes of downtimes related to the
stacking cutting knife. The focus was primarily on major problem statements such
as knife change, knife reset, tab folding sheet stuck under the knife, and machine
component adjustment. These issues were prominently featured in the categories
of tooling breakdown and mechanical breakdown. Additionally, parameters such
as setting adjustments and mechanical component adjustments were considered, al-
though they were primarily associated with operational aspects and did not directly
provide information about the condition of the knife or the mold.

Key Findings from the 5-Why Analysis

1. Knife Change:

• Problem Statement: The process of changing the knife on the equipment
is causing issues.

• 1st Why: The difficulties in the knife change process are due to problems
during the assembly of the tooling.

• 2nd Why: The assembly of the tooling is problematic because the bolts are
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not being tightened properly.

• 3rd Why: The bolts are not tightened properly because there are no defined
limits for the tightening torque, leading to inconsistent tightening.

• 4th Why: The lack of defined tightening torque limits is compounded by
variations in the material specifications received from upstream processes.

• 5th Why: The variations in material specifications occur because different
batches of materials are combined in varying proportions.

• Root Cause: The root cause of the knife change issues is the improper assem-
bly of tooling due to undefined tightening torque limits, coupled with variations
in material specifications resulting from different proportions of combined ma-
terials.

2. Tab Folding:

• Problem Statement: The Tab folding issue is causing downtimes in stacking
machine.

• 1st Why: The tab folding issues originate from the previous notching process.

• 2nd Why: The problems from the notching process occur because the tab
guides are set up incorrectly.

• 3rd Why: The incorrect setup of tab guides causes the stripper plate to
encounter the tabs, generating heat.

• 4th Why: The heat generation and contact between the stripper plate and
tabs happen because the sheet alignment is causing improper contact.

• 5th Why: The alignment issues are a result of the die customization for
depth of cut adjustment.

• Root Cause:The root cause of the tab folding issues is the incorrect setup of
tab guides and alignment problems, which lead to contact and heat generation.

The analysis of encountered downtime issues reveals a spectrum of factors ranging
from material inconsistencies and alignment discrepancies to operational problems
and modifications in design. It becomes evident that no single component is solely
responsible for the downtimes. The investigation underscores two primary factors
contributing to these issues: limited data availability and inherent design flaws. Ad-
dressing these aspects is crucial for effectively reducing downtime. To accurately
determine the root causes of the downtime, the implementation of condition moni-
toring is essential. This involves closely observing the condition of both the stacking
cutting module. By collecting and analyzing condition monitoring data, a reference
point can be established to identify performance deviations. Presently, no sensors
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directly monitor the stacking cutting module condition; the closest real-time data
available is from the servo motor. Therefore, analyzing the servo motor’s perfor-
mance was considered in the subsequent steps of research.

Research findings suggest that servo motor analysis can offer valuable insights for
modeling and evaluation purposes (Girit et al., 2020). However, the current setup of
our motors records only speed and position, whereas comprehensive studies typically
incorporate additional parameters such as current, voltage, vibration, and temper-
ature data from servo motors. In response to this limitation, we devised a time
series analysis approach. This involved compiling a dataset comprising timestamps
of motor parameters (i.e., speed and position) alongside operational data indicat-
ing downtimes (coded as 0) and uptimes (coded as 1), as depicted in Figure 4.6.
Preprocessing steps, including removal of missing values and imputation of mean
values, were applied to ensure data integrity. While this process primarily served as
part of the data preparation phase, it was instrumental in examining the correlation
between servo motor data and operational data.

Downtime reason Anode Cutting Knife reset Downtime/Uptime 

Stared at Time 13-03-2024 20:47 ( 0 = Downtime , 1 = Uptime)

Ended at Time 13-03-2024 20:54 2024-03-13T20:47:00 6866645 -0.000404719 0

2024-03-13T20:48:00 6866645 -0.000129341 0

2024-03-13T20:49:00 6866645 8.754E-05 0

2024-03-13T20:50:00 6866645 -7.34205E-05 0

2024-03-13T20:51:00 6866645 -5.39084E-05 0

2024-03-13T20:52:00 6866645 0.000114648 0

2024-03-13T20:53:00 6866645 -0.000132986 0

2024-03-13T20:54:00 6866645 5.84717E-05 0

2024-03-13T20:55:00 6866645 -6.36501E-05 1

2024-03-13T20:56:00 6866645 7.56482E-05 1

2024-03-13T20:57:00 6875601 252.77713 1

2024-03-13T20:58:00 6895520.5 379.82578 1

2024-03-13T20:59:00 6923210.5 568.23004 1

2024-03-13T21:00:00 6949492.5 344.56543 1

2024-03-13T21:01:00 6970998.5 398.94894 1

2024-03-13T21:02:00 6989614 297.2321 1

2024-03-13T21:03:00 7011462.5 386.9938 1

2024-03-13T21:04:00 7035348.5 381.1478 1

Downtime Data Telemetric data

X_AxisPositionPV-1mAVG X_MotorSpeedPV-1mAVG

Figure 4.6: Data preparation

For this purpose, data from the servo motor, spanning two months, was analyzed.
Preliminary tests on this dataset aimed to assess the data quality. The correlation
coefficients between speed and downtime and between position and downtime were
found to be 0.06 and 0.05, respectively as shown in figure 4.8 & 4.7. These results in-
dicate a very weak relationship and suggest that speed and position are not strong
predictors of downtime. The heat maps generated also support this conclusion,
underscoring the inadequacy of these variables for predicting uptime/downtime sta-
tuses effectively. Given the weak correlation of the data obtained from the existing
variables, it was unworthy to proceed ahead with modelling. Hence, the focus was
shifted towards qualitative analysis.
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Figure 4.7: Correlation matrix (position and downtime)

Figure 4.8: Correlation matrix (speed and downtime)
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4.2 Qualitative analysis
The results obtained pointed in the direction of lack of relevant data for enabling
a machine learning model. So, in order to fulfil this requirement, a qualitative
approach in terms of literature review and workshop were conducted to assist in es-
tablishment of the steps required to reach the PdM level of maturity. This approach
helped us understand the necessary frameworks and prerequisites for data quality
that are essential to implement robust machine learning algorithms capable of de-
veloping an effective predictive model. The literature review was extensively carried
out to get an overview regarding the latest advancements that has the potential
to be implemented in battery manufacturing and further to the literature review,
a workshop was conducted, as detailed in section 4.2.2, which provided valuable
insights from industry experts. This interaction was instrumental in shaping the
findings and aligning them with industry standards and expectations. The insights
gathered from the workshop emphasized the importance of integrating comprehen-
sive sensor technology and enhancing data collection techniques to facilitate more
accurate and predictive analytics.

4.2.1 Literature Review
With regard to the literature review, sensors technology which can capture the con-
textual data that could interpret the breakdowns was investigated upon. Following
are the summary of some of the articles that discuss in detail about the different
methods and sensors that can be employed for improving the maintenance.

Klingenberg and de Boer (2008) discusses about punching/blanking and examines
force-displacement graphs during the blanking operation. Experimental measure-
ments reveal that the work done up to the maximum blanking force and the punch
penetration at maximum force can serve as indicators of tool wear. Additionally,
the analysis includes a study of the change in punch tip radius and work done.
The paper acknowledges that relying solely on blanking force as an indicator of tool
wear is inadequate due to variations in material properties and other parameters.
To address this limitation, the paper explores the use of artificial neural network
(ANN) models and compares them to expert systems. It proposes a hybrid approach
that combines neural network and rule-based expert system methodologies to better
interpret force-displacement data and its correlation with tool wear.

In the case study of Kolhatkar and Pandey (2023), a set of high-speed progressive
tooling components was selected from a sample of 240. Punching was identified as
the critical element causing production stoppages due to punch wear, burr forma-
tion, and punch breakage. A 6000 lb capacity Toledo load cell, synchronized with
the press crank angle, captured the load signature during punching. Any varia-
tion beyond ±5% of the peak load triggered a machine stoppage. The load value
was monitored and correlated with punch wear and burr formation on components
measured every 50,000 strokes. The limiting condition was either the pierced hole
dimension out of tolerance or burr height exceeding 0.06 mm of material thick-
ness. After monitoring 4 production cycles followed by maintenance, the load value

39



4. Results

consistently reached 0.352-0.361 tons. Punch wear and load signature drift were
analyzed, setting the PdM trigger threshold at 0.358 tons, reducing maintenance
cycle frequency comparatively.

According to Y. Zhang et al. (2023), a new deep learning model to identify the wear
status of cutting tools based on force signal data is proposed. It utilizes techniques
like continuous wavelet transform (CWT), short-time Fourier transform (STFT),
and gramian angular summation field (GASF) to convert the one-dimensional force
signal into a two-dimensional image representation. This image representation of
the force signal is then fed into a convolutional neural network (CNN) model with a
multiscale feature pyramid designed to effectively extract spatial features from the
force signal images and classify the tool wear condition. To address interpretability,
a hybrid architecture combining CNN with expert systems or rule-based methods is
proposed, leveraging both methodologies for robust tool wear monitoring.

Lara de Leon et al. (2024) conducted a thorough examination and analysis of meth-
ods employed in monitoring the condition of cutting tools within metalworking pro-
cesses, with a specific focus on literature published from 2012 to 2022. It addressed
the significance of tool condition monitoring in mitigating downtime, enhancing
product quality, and reducing costs related to tool wear and malfunctions. The
paper underscored the common signals utilized by researchers and scientists for
monitoring tool conditions, pointing it out to be tool cutting force (27%), vibration
of the cutting tool and workpiece (21%) , and acoustic signal (10%) (2012 -2022 pub-
lications). Moreover, it recognized the pivotal role of machine learning and other
statistical techniques in assessing the wear of cutting tools.

Machine vision systems automate quality control in sheet metal tooling by capturing
detailed geometrical data of parts. They function through three stages: image
acquisition, processing, and interpretation. Cameras capture images of the part,
which are then processed to create a 3D geometry. This facilitates actions like
removing defective parts. While they offer accuracy and rapid measurement, their
setup cost is a significant drawback (Altan & Tekkaya, 2012).

With regard to predictive maintenance being implemented in cutting and stacking
operation of battery manufacturing process there is little to no literature studies
or researches. This points out to the research gap that is to be filled in through
collaborative research between academicians and battery manufacturing industries.
The literature found is therefore synthesized towards sheet metal cutting and other
cutting operation related domains. These sources point out to the advancements
that has the potential to be implemented in battery manufacturing.

4.2.2 Results from the Workshop
The workshop focused on exploring potential improvements in data quality for stack-
ing cutting machines, particularly regarding the condition monitoring of cutting
knives. Participants emphasized the importance of identifying the root cause of op-
erational issues before implementing sensor solutions. It was noted that a significant
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challenge lies in distinguishing between problems caused by the cutting knife and
those arising from bearing issues.

Several potential solutions were discussed. One suggestion was the implementation
of force sensors to measure the cutting force, as an increase in required energy could
indicate a dull knife. However, it was also noted that higher loads might more
commonly point to bearing issues rather than knife condition. Therefore, there was
a consensus on the need for comprehensive monitoring that includes both load and
acoustic sensors to capture a broad spectrum of data.

The workshop identified specific data requirements crucial for correlating machine
downtime with the condition of the cutting knife. Currently, the data being collected
includes downtime, servo motor position, and speed, but lacks direct indicators of
knife condition. It was suggested that additional data points, such as torque from
servo motors, could provide valuable insights into spring preload and bearing con-
ditions. This data would be instrumental in developing a more accurate predictive
maintenance model.

In terms of practical implementation, it was recognized that any new solutions need
to be tested in a controlled environment before full-scale deployment. There were
discussions about the feasibility of conducting these tests in lab settings versus pro-
duction environments, highlighting the potential risks and benefits of each approach.

Furthermore, the workshop addressed the need for design improvements to facilitate
easier access to the knives for cleaning and maintenance, which would significantly
reduce downtime. Ideas included mechanical solutions to automatically clean the
knife by wiping or blowing dust off, as well as using special coatings on the blades
to minimize dust accumulation and cleaning frequency.

Overall, the workshop concluded that a multifaceted approach combining sensor
technology, improved data collection, and design modifications is necessary to en-
hance the performance and reliability of stacking cutting machines. This approach
will require careful experimentation and validation to ensure that the proposed so-
lutions effectively address the identified challenges without introducing new issues.

4.2.3 Empirical and literature findings
The workshop on stacking cutting machines emphasized implementing force sensors
to measure cutting force, noting increased energy could indicate a dull knife, but
higher loads might also signal bearing issues. This aligns with literature where force
signals dominate tool condition monitoring at 27.4% (Lara de Leon et al., 2024) and
are effectively used in neural networks (L. Zhang, Kim, & Nguyen, 2021). Force
sensors are less affected by noise and the force-displacement graphs are used to de-
tect tool wear, (Klingenberg & de Boer, 2008). The workshop also recommended
acoustic sensors for comprehensive monitoring, supported by literature noting their
10.2% usage in TCM (Lara de Leon et al., 2024) and their utility in detecting punch
breakage and lubrication issues. Data requirements highlighted by the workshop
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included torque from servo motors to correlate machine downtime with knife condi-
tion, paralleling findings on tonnage/cutting force signals’ importance in sheet metal
work (Sari et al., 2017). Further, correlations between load signatures and punch
wear was used to reduce the frequency of maintenance cycle (Kolhatkar & Pandey,
2023). Practical implementation discussions from the workshop, emphasizing con-
trolled environment testing, mirror literature’s iterative approaches Klingenberg and
de Boer (2008). Additionally, design improvements for easier maintenance suggested
by the workshop are indirectly supported by literature advocating for comprehen-
sive and maintainable monitoring solutions. Visual sensors were also discussed for
their high accuracy in providing geometrical information despite being expensive
(Altan & Tekkaya, 2012). Both sources converge on the necessity of a multifaceted
approach combining sensor technology, detailed data collection, and practical design
changes to enhance cutting machine performance and reliability.

Empirical Findings Literature Findings 
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implementation 

for Data 
collection 

''Suggested to implement force sensors 
since increased force can correspond to 
tool wear'' 

 ''Implementation of acoustic sensors 
along with force sensors''

''Torque values from servo can provide 
data for enabling ML''

''Improvement of lighting for enabling 
vision based sensors''

''Integrating data from several sensor 
systems to reach a desired state''

Force sensor 

''Force signals stands out at the top 
contributing (27.4%) for TCM studies by 
researchers''
''It is less affected by the noise compared 
to other signals''
''Force?displacement graph was used to 
detect the onset of tool wear''
''Used correlation between load and wear  
to set threshold resulting in reduction of 
maintenance cycle''
''Strain gauges of low frequency are to be 
used for collecting force data''

Acoustic sensor 

''Mainly used for detection of punch 
breakage''
'' Blind signal separation to extract only 
required signal to detect wear and 
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Vibration sensor 
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expensive''

Force sensor 

'''Suggested to implement force sensors 
since increased force can correspond to 
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Vision systems

''Improvement of lighting for enabling 
vision based sensors''

Sensor systems 

''Integrating data from several sensor 
systems for analytics''

Figure 4.9: Empirical and literature findings
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This chapter explores the implementation of Predictive Maintenance in lithium-ion
battery production, with a focus on the stacking process. It examines the method-
ologies, impacts, and complexities of advanced maintenance technologies. The dis-
cussion addresses the research questions, methodological considerations, study lim-
itations, and future research directions, while considering ethical, societal, and eco-
logical implications.

5.1 Implementing Predictive Maintenance in the
Stacking Process of Battery Production

Predictive maintenance is a vital technology in the modern production industry,
significantly contributing to cost reduction, efficiency enhancement, and increased
safety in manufacturing. For industries to transition effectively into predictive main-
tenance, a step-by-step approach is essential: moving from preventive maintenance
to condition-based maintenance by implementing the right sensors, validating sensor
data, and finally advancing towards predictive maintenance as illustrated in Figure
5.1. This approach to maintenance is instrumental in creating sustainable systems.
Predictive maintenance relies on several components, including sensors, data prepro-
cessing, AI algorithms, decision-making modules, communication and integration,
and user interface and reporting. For predictive maintenance to be effective, it is
crucial that all these components function seamlessly together.

In this thesis, the focus is primarily on the sensor and data preprocessing aspects,
which are pivotal because without accurate sensor data, deploying effective ma-
chine learning models is not feasible. The implementation of predictive mainte-
nance follows a structured progression: moving from preventive maintenance to
condition-based maintenance, and finally transitioning to predictive maintenance.
The condition-based maintenance of the stacking cutting module was investigated
through two approaches: operational data analysis and sensor data analysis. The
statistical analysis of the operational data revealed that the correlation between
the variables was insignificant, suggesting that proceeding with predictive modeling
would likely result in unreliable predictions due to weak underlying relationships
within the data. This finding underscores the necessity of robust sensor data for
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effective predictive maintenance.

The stacking cutting unit currently lacks specific sensors, with the closest sensor
being the servo drive, which does not capture current or voltage data that could be
valuable for monitoring cutting performance. The absence of these specific sensor
data points presents an opportunity to enhance the predictive maintenance model.
Literature and workshop findings suggest that implementing sensors such as acoustic
and force sensors could establish a solid data foundation, essential for advancing
predictive maintenance efforts.

The necessity for advanced predictive maintenance frameworks in battery manu-
facturing, especially in processes like the stacking cutting operation, is becoming
increasingly apparent as the industry aims to enhance efficiency and minimize down-
times. While predictive maintenance is well-established in other sectors, the battery
manufacturing industry is only beginning to explore its potential applications. This
thesis contributes to this nascent field by examining the critical elements required
for effective predictive maintenance systems: data availability, types, and quality.

Implementing predictive maintenance in battery manufacturing involves several prac-
tical challenges and strategic considerations. Golightly (2021) highlights the role of
suppliers and cross-organizational factors in deploying predictive maintenance so-
lutions. Traditionally, large infrastructure operators owned, operated, maintained,
and even manufactured their assets. However, with the advent of extensive data,
these roles are increasingly distributed across different organizations. Some suppli-
ers produce products, while others offer services such as data analysis, visualization
tools, or condition monitoring solutions, resulting in complex supply chains deliver-
ing predictive maintenance solutions.

The distributed nature of condition monitoring supply chains complicates the es-
tablishment of a business case, especially regarding the application of standards or
common data frameworks to support data exchange. Concerns about trust and ac-
cess to performance data across the supply chain are significant. However, effective
implementation of predictive maintenance can yield substantial benefits for various
stakeholders within the supply chain.

To advance predictive maintenance in the stacking cutting unit, a Design of Exper-
iments (DOE) approach can be employed to examine the condition of the knife and
other components. By analyzing this data, the root causes of unplanned downtimes
can be identified. Subsequently, appropriate sensor implementations can be car-
ried out. Collecting relevant data from statistical, operational, and condition-based
sources will then enable effective predictive modeling and the selection of suitable
machine learning algorithms. This structured approach can facilitate the successful
implementation of predictive maintenance, providing a roadmap for researchers and
practitioners to address unplanned downtimes through data-driven solutions.
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Figure 5.1: Transition towards predictive maintenance

5.2 Research Questions
R.Q.1 How can data-driven sollutions be effectively implemented in battery stacking
production to enhance predictive maintenance outcomes?

Implementing data-driven frameworks in battery stacking production involves sev-
eral steps. Firstly, it is crucial to establish a robust data collection infrastructure.
This requires the deployment of appropriate sensors, such as acoustic and force sen-
sors, to monitor critical parameters of the stacking-cutting process (L. Zhang et al.,
2021). The collected data must then be preprocessed to ensure its quality and rel-
evance. This involves filtering out noise, handling missing values, and normalizing
the data (A. Smith & Jones, 2019). Once the data is prepared, machine learning
algorithms can be applied to develop predictive maintenance models. These models
need to be trained on historical data to recognize patterns indicative of potential
failures. The decision-making module is then used to generate actionable insights
from the predictive models, enabling timely maintenance interventions (Chen &
Wang, 2018). Integration and communication are essential for the seamless opera-
tion of predictive maintenance systems. Data must be exchanged between different
components of the system in real-time, and maintenance decisions should be com-
municated effectively to the relevant personnel (Garcia et al., 2017). A user-friendly
interface is also necessary to facilitate easy interpretation of the maintenance rec-
ommendations and reporting (Davis & Thomas, 2016). Effective implementation of
data-driven frameworks requires collaboration among various stakeholders, includ-
ing sensor manufacturers, data scientists, and maintenance engineers (Brown et al.,
2022). Establishing common data standards and frameworks can also support data
exchange and interoperability across different systems and organizations.

R.Q 2. What are the critical data required to develop robust predictive maintenance
models in battery manufacturing?
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Developing robust predictive maintenance models in battery manufacturing neces-
sitates several critical data types:

1. Operational Data: This includes data on the performance and utilization of
the stacking cutting unit, such as production rates, downtime occurrences, and
operational conditions. These metrics help identify patterns related to machine
performance and potential failure modes. According to Lee et al. (2014),
operational data is fundamental for understanding and predicting equipment
behaviour in manufacturing settings.

2. Sensor Data: High-quality sensor data is essential for monitoring the physical
and operational state of the equipment. Relevant sensors include acoustic
sensors for detecting abnormal sounds, force sensors for measuring the cutting
force, and vibration sensors for monitoring mechanical vibrations. This data
provides real-time insights into the condition of the equipment. As noted by
Jardine, Lin, and Banjevic (2006), sensor data is critical for condition-based
maintenance and early fault detection.

3. Maintenance Data: Historical maintenance records, including details of past
failures, repairs, and replacements, are critical for training predictive models.
This data helps identify common failure modes and the effectiveness of different
maintenance strategies. Maintenance data serves as a historical reference that
aids in predicting future failures, as highlighted by (Mobley, 2002).

4. Environmental Data: Information on the operating environment, such as
temperature, humidity, and air quality, can influence the performance and
longevity of the equipment. Incorporating environmental data helps create
more accurate predictive models by accounting for external factors affecting
the equipment. Environmental factors are known to impact equipment relia-
bility and should be integrated into predictive models.

5. Production Quality Data: Data on the quality of the produced batteries,
such as defect rates and quality control metrics, can indicate the effective-
ness of the stacking process and potential issues with the equipment. Quality
data is essential for linking equipment performance with product outcomes, as
supported by research from Montgomery (2009).

The predictive maintenance framework depicted in Figure 5.2 emphasizes the impor-
tance of various data inputs, including operational and sensor data, in developing
reliable predictive maintenance models. These models are indispensable tools for
maintenance and engineering teams, aiding in proactive planning and task execu-
tion on the shop floor. By integrating diverse data types, such as historical perfor-
mance metrics and real-time sensor readings, comprehensive predictive maintenance
models can be constructed. These models enable accurate anticipation of equipment
failures and optimization of maintenance schedules, thereby enhancing the efficiency
and dependability of battery manufacturing processes. It is crucial to underscore
the significance of data quality assurance in this process, as it plays a pivotal role in
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fostering the development of robust machine learning models capable of providing
precise and actionable insights for predictive maintenance.
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Battery production
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Maintenance 
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Figure 5.2: General framework for PdM

R.Q.3. What design considerations are necessary for optimizing the implementa-
tion of predictive maintenance in battery manufacturing, specifically in the stacking
cutting unit?

Optimizing the implementation of predictive maintenance in the stacking cutting
unit involves several critical design considerations that must be meticulously ad-
dressed to ensure effectiveness and efficiency. First and foremost, sensor placement
and selection play a pivotal role. It is essential to choose the right sensors that can
monitor critical parameters such as cutting force, vibration, and acoustic signals
(Bogue, 2013). Proper placement of these sensors is equally important to ensure
that they capture relevant data without interference or noise, leading to more accu-
rate and reliable predictive maintenance models.

Another crucial aspect is data integration and communication. The predictive main-
tenance system must seamlessly integrate with existing manufacturing systems, ne-
cessitating a robust communication infrastructure that facilitates real-time data ex-
change between sensors, data processing units, and decision-making modules (Lee,
2020). Utilizing standardized data formats and protocols can significantly enhance
interoperability and data sharing, making the system more efficient and easier to
manage.

Scalability and flexibility are also key design considerations. The system should be
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scalable to accommodate future expansions and flexible enough to adapt to changes
in the manufacturing process. This includes the capability to add new sensors, incor-
porate additional data sources, and update predictive models (Bengio, Courville, &
Vincent, 2013) as new data becomes available, ensuring the system remains relevant
and effective over time .

A user-friendly interface is essential for the effective implementation of predictive
maintenance systems. Maintenance personnel must be able to easily access and inter-
pret the recommendations provided by the system (Theissler et al., 2021). Therefore,
the system should offer clear and actionable insights along with detailed reports on
equipment health and maintenance needs. An intuitive interface can greatly enhance
user engagement and adherence to maintenance protocols.

Finally, successful implementation requires collaboration among various stakehold-
ers, including engineers, data scientists, and maintenance personnel. Providing ade-
quate training and support to the maintenance team is crucial for the effective use of
the predictive maintenance system. Engaging stakeholders in the design and imple-
mentation process helps ensure that the system meets their needs and expectations,
fostering a collaborative environment that enhances overall system effectiveness.

Finally, optimizing predictive maintenance in the stacking-cutting module requires
careful consideration of sensor placement and selection, data integration and com-
munication, scalability and flexibility, user interface design, data security and pri-
vacy, and stakeholder collaboration and training. Addressing these considerations
with planning and execution can lead to significant improvements in maintenance
efficiency and equipment reliability.

5.3 Future Research Directions
Future research in predictive maintenance should prioritize several critical areas to
enhance the robustness and scalability of the models. Firstly, detailed monitor-
ing of individual machinery components is crucial for obtaining high-quality data
sets. This granular data allows for more precise and reliable predictions, improving
the effectiveness of maintenance strategies. Additionally, integrating multiple sys-
tems, such as combining different types of sensors and data sources, can significantly
enhance predictive capabilities. This integration provides a holistic view of the ma-
chinery’s health and performance, allowing for more comprehensive and accurate
predictions.

Furthermore, the design phase of machinery should incorporate considerations for
sensor placement and functionality. Ensuring that sensors can monitor both process
parameters and individual components from the outset enables effective condition-
based monitoring throughout the machinery’s lifecycle. This proactive approach can
identify potential issues before they become critical.

Utilizing root cause analysis and Design of Experiments (DOE) methodologies is also
vital. These techniques help identify the underlying causes of equipment failures and
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determine the most effective maintenance strategies. By systematically testing and
analyzing different variables, researchers can optimize maintenance processes and
implement improvements that are both targeted and efficient.

Precise data labeling is another critical area of focus. Data should be labeled based
on the specific root causes of problems rather than using generic labels. This pre-
cision facilitates more effective data preprocessing, which in turn leads to more
accurate and actionable insights. Accurate labeling ensures that the models can
learn from the data more effectively, improving their predictive performance.

Expanding research to include these areas and conducting pilot studies in multiple
production facilities will validate the effectiveness of the proposed models and design
changes. This broader approach will enhance the generalizability of the findings,
providing a deeper understanding of the challenges and opportunities in scaling
predictive maintenance across different industrial contexts. By addressing these
areas, future research can push the boundaries of predictive maintenance, making
it more reliable, efficient, and widely applicable.

5.4 Ethical, Social, and Ecological Considerations
While dealing with the data-driven solutions, it is important to consider the ethical,
social and ecological implications to ensure that these new age approaches are not
only effective but also responsible and sustainable. Addressing these issues mitigate
the unintended risks and consequences.

First of all, the shift towards more automated and data-driven maintenance sys-
tems raises several ethical concerns regarding data privacy and security. Also, the
opaque nature of complex algorithms undermine the trust and accountability. To
ensure ethical compatibility, robust data frameworks, data protection regulations,
accountability mechanisms, transparency and anonymization techniques are vital.

The automation of maintenance tasks can impact employment and requires careful
management of workforce transitions. Also, to efficiently utilise the emerging tech-
nologies, there is the need of constantly upgrading oneself with the necessary skills
from time to time. To mitigate these adverse effects, the development of data-driven
solutions must involve diverse stakeholders to ensure that comprehensive inputs and
perspectives are taken into consideration before implementation.

Additionally, the collection, storage and processing of large volumes of data can
have significant environmental impacts regarding energy consumption and emis-
sions. Adopting sustainable data practices, such as energy-efficient computing and
responsible data management is crucial for minimizing the ecological footprint of
data-driven solutions.
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Conclusion

This thesis has explored the complexities of implementing Predictive Maintenance
(PdM) within the battery production industry, specifically focusing on the stacking
process in lithium-ion battery manufacturing. Advanced maintenance frameworks
are crucial for enhancing efficiency and reducing downtimes in this rapidly evolving
sector. PdM marks a significant departure from traditional maintenance strategies
by using data and advanced analytics to predict and prevent equipment failures.
In battery manufacturing, where precision and reliability are critical, PdM offers a
promising approach to improving operational efficiency and minimizing unexpected
downtimes.

The accurate collection and monitoring of operational data are vital for PdM. In
the stacking process of lithium-ion batteries, variables such as force, voltage, and
other operational parameters provide insights into the machinery’s condition and
help identify potential issues before they cause significant production stoppages.
This proactive approach not only ensures continuous production but also extends
equipment lifespan by preventing severe damage.

However, implementing PdM in battery manufacturing presents challenges, particu-
larly the current lack of suitable sensor data, which hampers the effective application
of predictive models. Many existing machines lack the necessary sensors to capture
high-quality data relevant to PdM. This gap necessitates design modifications in
stacking machines to enhance data collection and facilitate condition monitoring.
Integrating PdM into existing manufacturing processes requires strategic planning
and collaboration with suppliers, as the roles of suppliers and cross-organizational
factors are crucial in deploying PdM solutions.

Another practical challenge is ensuring the quality and relevance of the data col-
lected. Without high-quality, relevant data, the application of predictive mainte-
nance models cannot proceed effectively. A strategic approach to sensor integration
and data collection is essential, ensuring that the captured data supports robust
predictive analyses and enhances the accuracy of maintenance predictions.

The necessity for advanced predictive maintenance solutions in battery manufactur-
ing, especially in processes like the stacking cutting operation, is becoming increas-
ingly apparent as the industry aims to enhance efficiency and minimize downtimes.
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While predictive maintenance is well-established in other sectors, the battery manu-
facturing industry is only beginning to explore its potential applications. This thesis
contributes to this nascent field by examining the critical elements required for ef-
fective predictive maintenance systems: data availability, types, and quality. Imple-
menting predictive maintenance in battery manufacturing involves several practical
challenges and strategic considerations. The distributed nature of condition mon-
itoring supply chains complicates the establishment of a business case, especially
regarding the application of standards or common data frameworks to support data
exchange. Concerns about trust and access to performance data across the supply
chain are significant. However, effective implementation of predictive maintenance
can yield substantial benefits for various stakeholders within the supply chain.

To enhance predictive maintenance in the stacking cutting unit, a systematic ap-
proach can be adopted to analyze the condition of the stacking cutting module and
other components. Our travel to Skelleftea and close observation of the battery
manufacturing process helped us understand the system better and plan more effec-
tively. This hands-on experience provided a clear picture of the problem and guided
us in the right direction. Through comprehensive data analysis, the root causes
of unplanned downtimes can be effectively identified. This analysis will inform the
implementation of suitable sensors to collect relevant data from various sources, in-
cluding statistical, operational, and condition-based data. By leveraging this diverse
dataset, robust predictive models can be developed, supported by the selection of
appropriate machine learning algorithms. This methodical approach provides a clear
pathway for researchers and practitioners to mitigate unplanned downtimes through
predictive, data-driven solutions.
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A
Appendix A

A.1 Workshop Discussion
Topic: Sensor Implementation

Objective: To identify potential enhancements of additions to sensor setups

Discussion Points:
1. What types of new sensors could be integrated?
2. How can sensor placement be optimized for better data accuracy?
3. Are there technologies or methods that can enhance existing sensor data collec-
tions?

Topic: Design Improvements

Objective: To discuss design changes that could facilitate better maintenance and
data collections

Discussion Points:

1. What design modifications can improve accessibility for maintenance?
2. How can the design support more comprehensive data collection?
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