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Abstract 

In today’s business environment, the trend towards more product variety and customization is unbroken. Due to this development, the need of 
agile and reconfigurable production systems emerged to cope with various products and product families. To design and optimize production
systems as well as to choose the optimal product matches, product analysis methods are needed. Indeed, most of the known methods aim to 
analyze a product or one product family on the physical level. Different product families, however, may differ largely in terms of the number and 
nature of components. This fact impedes an efficient comparison and choice of appropriate product family combinations for the production
system. A new methodology is proposed to analyze existing products in view of their functional and physical architecture. The aim is to cluster
these products in new assembly oriented product families for the optimization of existing assembly lines and the creation of future reconfigurable 
assembly systems. Based on Datum Flow Chain, the physical structure of the products is analyzed. Functional subassemblies are identified, and 
a functional analysis is performed. Moreover, a hybrid functional and physical architecture graph (HyFPAG) is the output which depicts the 
similarity between product families by providing design support to both, production system planners and product designers. An illustrative
example of a nail-clipper is used to explain the proposed methodology. An industrial case study on two product families of steering columns of 
thyssenkrupp Presta France is then carried out to give a first industrial evaluation of the proposed approach. 
© 2017 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of the scientific committee of the 28th CIRP Design Conference 2018. 
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1. Introduction 

Due to the fast development in the domain of 
communication and an ongoing trend of digitization and
digitalization, manufacturing enterprises are facing important
challenges in today’s market environments: a continuing
tendency towards reduction of product development times and
shortened product lifecycles. In addition, there is an increasing
demand of customization, being at the same time in a global 
competition with competitors all over the world. This trend, 
which is inducing the development from macro to micro 
markets, results in diminished lot sizes due to augmenting
product varieties (high-volume to low-volume production) [1]. 
To cope with this augmenting variety as well as to be able to
identify possible optimization potentials in the existing
production system, it is important to have a precise knowledge

of the product range and characteristics manufactured and/or 
assembled in this system. In this context, the main challenge in
modelling and analysis is now not only to cope with single 
products, a limited product range or existing product families,
but also to be able to analyze and to compare products to define
new product families. It can be observed that classical existing
product families are regrouped in function of clients or features.
However, assembly oriented product families are hardly to find. 

On the product family level, products differ mainly in two
main characteristics: (i) the number of components and (ii) the
type of components (e.g. mechanical, electrical, electronical). 

Classical methodologies considering mainly single products 
or solitary, already existing product families analyze the
product structure on a physical level (components level) which 
causes difficulties regarding an efficient definition and
comparison of different product families. Addressing this 
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Abstract 

The development of lithium-ion batteries (LIBs) is facing challenges due to the high level of uncertainty in cause-effect-relationships (CERs) in 
the manufacturing process. This process is characterized as an interlinked chain of input, intermediate and quality properties, which determine 
the quality of LIBs. In order to reduce the ramp-up time for LIB production plants, an understanding of influencing properties must be established. 
Existing methods to investigate these properties are usually expert-based or assess individual process steps. Thus, this paper presents a method, 
which utilizes multivariate process capability indices for the identification of CERs and quality assurance in the field of LIB production. This 
data-driven approach was applied to and evaluated on the production data of the prototype line for prismatic LIBs at the BMW Group in Munich. 
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1. Introduction  

The electrification of vehicles represents one of the most 
visible trends in the automotive industry, driven by the 
European Commission’s call to reduce vehicle fleet 
consumption to 95 g CO2 / km by 2020 [1]. Due to their high-
energy density, long cycle and shelf life, LIBs represent a 
promising solution for application in battery electric vehicles 
[2]. However, a major challenge for their industry-wide 
application lies in the complexity of the production system. 

On the one hand, LIBs have high quality requirements in 
terms of target figures, such as capacity and safety [3,4]. On the 
other hand the production chain itself is characterized by a high 
degree of complexity, which is caused by a large number of 
process steps. Moreover, each process step is defined by a high 
number of input and output variables. Input variables include 
material properties, process parameters or disturbances. Output 

variables are regarded as intermediate product characteristics 
that again may serve as input for subsequent processes. Fig. 1 
depicts the interlocking of input and output variables for the 
exemplary processes n-1 and n. [5]  

The process chain for the production of LIB cells contains 
more than 600 variables, which results in a interlinked mesh of 

Fig. 1. Process chain with interlinked CERs. 
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over 2100 cause -effect relationships (CERs), whereas experts 
consider 75 % of the CERs to be critical in terms of product 
quality [6]. Therefore, an analysis of individual processes is not 
sufficient for identifying the root causes of quality variations of 
the finished product. To build product and process expertise 
and reduce the ramp-up time for battery cell production plants 
as well as manufacturing costs for LIBs, methods to identify 
CERs are indispensable [5]. Consequently, a data-driven 
approach is presented in order to determine quality-relevant 
interdependencies in the manufacturing system and derive 
process assurance measures. 

This paper is structured as follows: The second chapter 
summarizes methods of quality management (QM) and 
evaluates these with regard to identifying CERs. Subsequently, 
in chapter 3, a comprehensive method for QM is presented to 
monitor and analyze complex process chains. Chapter 4 
describes the application and evaluation of the presented 
method at the BMW Group’s production line for prismatic LIB 
cells. 

2. State of the Art and Research 

A large number of QM tools and methods is available, which 
aim for preventive quality assurance as well as quality control 
and improvement. As process-wise analysis is not sufficient for 
quality assurance in battery cell production, the interlinked 
CERs between process parameters and product quality must be 
identified. For this reason, the following section provides an 
overview of methods, which can contribute to an investigation 
of CERs and, consequently, to a reduction of the ramp-up time 
of a LIB cell production plant. 

2.1. Quality Management for Complex Process Chains  

QM is an important approach to quality-related analysis of 
manufacturing processes. It comprises a bundle of different 
methods that are applicable at different stages in the product 
life cycle. Fig. 2 presents QM methods that can be applied 
during the ramp-up phase and classifies them in terms of the 
product life cycle. [8] 

FMEAs are used for a systematic, experience-based 
recording of failures, risks and consequences in order to initiate 
preventive measures [9]. However, FMEA is not suitable for 
complex process chains with a high number of CERs, since it 
is expert-based and, therefore limited by the cognitive abilities 

of humans to process and understand a variety of variables 
within one system [7].  Consequently, Westermeier presents an 
FMEA-based acquisition tool, which consists of multiple 
domain matrices to support the identification and quantification 
of interlinked CERs [6]. Again, the method is limited to expert 
knowledge and solely focuses on the early design stage of 
complex process chains for which no experience, quality data 
or tolerances are available. The Design of Experiments (DoE) 
represents a data-driven approach to identify and quantify 
CERs. A DoE applies statistical methods to examine the effects 
of input variables, so-called factors, on output variables, so-
called target variables, in a considered system. On the basis of 
model assumptions, factors are set up in such a way that the 
experimental effort is minimized and the information gain 
maximized. Although using adapted experimental designs in 
the case of large numbers of factors, the required effort to 
conduct experiments can be very high. [10]  

In a DoE, system behavior can only be analyzed when 
factors are experimentally prescribed. In contrast to this, 
datamining methods can be used in field data, i.e. existing 
process data, if all influences on the system are represented in 
a sufficiently large, representative database. As an example 
classification methods, artificial neural networks can be 
applied [11]. Disadvantages of this approach arise from 
possible pseudo-correlations, which describe correlated 
relationships that are not causal [12].  

Schnell et al. [13] proposed a QM concept for identifying 
and handling fluctuations in the production of LIBs, offering 
the possibility for process control and feedback. The concept is 
used to decouple processes and aggregate information in order 
to enable decision support in case of target deviations. 
However, this approach requires knowledge of all quality-
relevant CERs and is, therefore, unsuitable for a ramp-up of 
LIB.  

Statistical Process Control (SPC) is a data-driven quality 
approach to monitor, control and optimize processes by means 
of statistical methods [8]. In particular, the process capability 
analysis as an integral part of the SPC is a common method, 
which can be applied before or during series production [8]. In 
the context of QM, process capability analyses are used to 
represent, check and control quality activities. Additionally, 
they can contribute to the identification of critical process steps 
and, consequently, support continuous process improvements.  

2.2. Conclusion and Need for Action  

The findings of the state of the art are summarized in 
Table 1. Accordingly, a large number of QM-based methods 
are solely designed for investigating individual processes. 
Although approaches that support the identification of 
interlinked CERs exist, they are often expert-based and, 
therefore, not applicable to a ramp-up of complex LIB 
production. Table 1 directly leads to the consideration of 
process capability indices. However, traditional approaches to 
identify CER through process capability analyses would not 
succeed as these cannot be applied to take interdependencies 
into account. 

Fig. 2. Methods of quality engineering during the product lifecycle. 
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Table 1. Overview of existing QM approaches and requirements. 

According to Schäfer [11], multivariate approaches are 
promising for the investigation of interlinked CERs. Hence, the 
following section provides an overview of quality-related Key 
Performance Indicators (KPIs) and focuses in particular on 
multivariate process capability indices. 

2.3. KPI-Based Approaches for Quality Management  

KPIs are used for monitoring, controlling and coordinating 
whole business areas as well as for supporting decisions [8]. 
Frequently used quality indicators include the quality rate, 
scrap rate, defect rate and rework rate, fall-of rate, yields, as 
well as sigma-levels and Defects per Million Opportunities 
(DPMO). All of these are beneficial for a general production 
review, but cannot be applied to indicate interlinked root causes 
or detailed problem properties.  

However, one widely used KPI for process analysis is the 
process capability index [8]. The index can be applied to 
univariate analyses, which relate to a single product 
characteristic, and to multivariate approaches, which take 
multiple product characteristics into account. The most familiar 
forms of univariate process capability indices are known as 
process capability (𝐶𝐶𝑝𝑝) and critical process capability (𝐶𝐶𝑝𝑝𝑝𝑝): 

The 𝐶𝐶𝑝𝑝  index (1) describes whether a process fulfils given 
specifications by comparing process variance with the spread 
of the upper and lower specification limits ( 𝑈𝑈𝑈𝑈𝑈𝑈  to  𝑈𝑈𝑈𝑈𝑈𝑈 ). 
Unlike the 𝐶𝐶𝑝𝑝, the 𝐶𝐶𝑝𝑝𝑝𝑝 index (2) is intended to consider not only 
the distribution of the process variance but also the position 

within the specification limits. The main purpose of this index 
is monitoring the process variance with a focus on variance 
reduction and establishing stable processes.  

Furthermore, the index can be extended by differentiating 
between two types of quality understanding. On the one hand, 
there is a discrete perspective where quality states just consider 
whether specifications are met or not. On the other hand, there 
is Taguchi’s understanding of quality, in which quality loss in 
value progressively increases as variation increases from a 
predefined target value [14]. This leads to the total process 
capability indices 𝐶𝐶𝑝𝑝𝑝𝑝  and 𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝 , which include the loss of 
quality. 

Further attempts to describe process capability indices more 
precisely and to consider non-normal distributions were 
introduced in [15], [16], [17] as well as [18]. However, they 
can not be applied to monitor interdependencies within the 
process.  

Using multivariate process capability indices (MPCIs), 
numerous characteristics can be taken into account. One of the 
latest research of de-Felipe [19] demonstrates an MPCI, which 
can be used for normally distributed data to depict interlinked 
process data. The recently developed 𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖 is derived from 
the relation to non-confirming parts (NCPs) in the most critical 
direction of the process region 𝑅𝑅𝑐𝑐𝑐𝑐𝑖𝑖𝑐𝑐𝑆𝑆with 

and 𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖  defined as  

whereas ∑  describes the variance-covariance matrix and, 
therefore, contains all correlations or covariances of the 
regarded process characteristics. Moreover, 𝜙𝜙−1 represents the 
inverse distribution function of the normal distribution. 
According to de-Felipe [19], the application of the 𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖 has 
been proven in the automotive industry and  has shown that it 
is highly compliant with a wide range of industrial 
requirements. 

In conclusion, multivariate process capability indicators are 
applicable to bundle numerous characteristics from different 
process steps and to highlight existing CERs. Thereby, they 
strongly meet the requirements, determined in chapter 2.2. 
Nevertheless, de-Felipe’s [19] approach is designed for 
normally distributed data. Moreover, the method cannot be 

𝐶𝐶𝑝𝑝 = 𝑈𝑈𝑈𝑈𝑈𝑈 − 𝑈𝑈𝑈𝑈𝑈𝑈
6𝜎𝜎  

𝐶𝐶𝑝𝑝𝑝𝑝 = 𝑚𝑚𝑚𝑚𝑚𝑚[𝐶𝐶𝑝𝑝𝑝𝑝, 𝐶𝐶𝑝𝑝𝑝𝑝] =  [ 𝜇𝜇 − 𝑈𝑈𝑈𝑈𝑈𝑈
3𝜎𝜎 , 𝑈𝑈𝑈𝑈𝑈𝑈 −  𝜇𝜇 

3𝜎𝜎 ]. 

(1) 

(2) 

𝐶𝐶𝑝𝑝𝑝𝑝 = 𝑈𝑈𝑈𝑈𝑈𝑈 − 𝑈𝑈𝑈𝑈𝑈𝑈
6 ∗ √𝜎𝜎2 + ( 𝜇𝜇 − 𝑇𝑇)2

 

𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝  =  𝑚𝑚𝑚𝑚𝑚𝑚 [ 𝑈𝑈𝑈𝑈𝑈𝑈− 𝜇𝜇
3[𝜎𝜎2+(𝜇𝜇−𝑇𝑇)2]1/2 , 𝜇𝜇−𝑈𝑈𝑈𝑈𝑈𝑈

3[𝜎𝜎2+(𝜇𝜇−𝑇𝑇)2]1/2 ]  

(3) 

 

(4) 

𝑅𝑅𝑐𝑐𝑐𝑐𝑖𝑖𝑐𝑐𝑆𝑆,𝑖𝑖

= {
{(𝑦𝑦1 … , 𝑦𝑦𝑖𝑖 … , 𝑦𝑦𝑛𝑛 )  ∈  ℝ𝑛𝑛 | − ∞ <  𝑦𝑦𝑖𝑖 < 𝑈𝑈𝑈𝑈𝑈𝑈𝑖𝑖} 𝑚𝑚𝑓𝑓 𝜇𝜇𝑖𝑖 ≤ 𝑈𝑈𝑈𝑈𝑈𝑈𝑖𝑖 + 𝑈𝑈𝑈𝑈𝑈𝑈𝑖𝑖

2
{(𝑦𝑦1 … , 𝑦𝑦𝑖𝑖 … , 𝑦𝑦𝑛𝑛 ) ∈  ℝ𝑛𝑛 | 𝑈𝑈𝑈𝑈𝑈𝑈𝑖𝑖 <  𝑦𝑦𝑖𝑖 < ∞} 𝑚𝑚𝑓𝑓 𝜇𝜇𝑖𝑖 ≥  𝑈𝑈𝑈𝑈𝑈𝑈𝑖𝑖 +  𝑈𝑈𝑈𝑈𝑈𝑈𝑖𝑖

2

 
(5) 

𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖 = − 1
3 𝜙𝜙−1(1 − ∫ 1

|∑|2𝑛𝑛𝜋𝜋𝑛𝑛 𝑒𝑒−1
2(𝑌𝑌−𝜇𝜇)𝑇𝑇∑−1(𝑌𝑌−𝜇𝜇) 

𝑅𝑅𝑐𝑐𝑐𝑐𝑖𝑖𝑐𝑐𝑆𝑆
𝑑𝑑𝑑𝑑, (6) 
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Statistical Process Control (SPC) is a data-driven quality 
approach to monitor, control and optimize processes by means 
of statistical methods [8]. In particular, the process capability 
analysis as an integral part of the SPC is a common method, 
which can be applied before or during series production [8]. In 
the context of QM, process capability analyses are used to 
represent, check and control quality activities. Additionally, 
they can contribute to the identification of critical process steps 
and, consequently, support continuous process improvements.  

2.2. Conclusion and Need for Action  

The findings of the state of the art are summarized in 
Table 1. Accordingly, a large number of QM-based methods 
are solely designed for investigating individual processes. 
Although approaches that support the identification of 
interlinked CERs exist, they are often expert-based and, 
therefore, not applicable to a ramp-up of complex LIB 
production. Table 1 directly leads to the consideration of 
process capability indices. However, traditional approaches to 
identify CER through process capability analyses would not 
succeed as these cannot be applied to take interdependencies 
into account. 

Fig. 2. Methods of quality engineering during the product lifecycle. 
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Table 1. Overview of existing QM approaches and requirements. 

According to Schäfer [11], multivariate approaches are 
promising for the investigation of interlinked CERs. Hence, the 
following section provides an overview of quality-related Key 
Performance Indicators (KPIs) and focuses in particular on 
multivariate process capability indices. 

2.3. KPI-Based Approaches for Quality Management  

KPIs are used for monitoring, controlling and coordinating 
whole business areas as well as for supporting decisions [8]. 
Frequently used quality indicators include the quality rate, 
scrap rate, defect rate and rework rate, fall-of rate, yields, as 
well as sigma-levels and Defects per Million Opportunities 
(DPMO). All of these are beneficial for a general production 
review, but cannot be applied to indicate interlinked root causes 
or detailed problem properties.  

However, one widely used KPI for process analysis is the 
process capability index [8]. The index can be applied to 
univariate analyses, which relate to a single product 
characteristic, and to multivariate approaches, which take 
multiple product characteristics into account. The most familiar 
forms of univariate process capability indices are known as 
process capability (𝐶𝐶𝑝𝑝) and critical process capability (𝐶𝐶𝑝𝑝𝑝𝑝): 

The 𝐶𝐶𝑝𝑝  index (1) describes whether a process fulfils given 
specifications by comparing process variance with the spread 
of the upper and lower specification limits ( 𝑈𝑈𝑈𝑈𝑈𝑈  to  𝑈𝑈𝑈𝑈𝑈𝑈 ). 
Unlike the 𝐶𝐶𝑝𝑝, the 𝐶𝐶𝑝𝑝𝑝𝑝 index (2) is intended to consider not only 
the distribution of the process variance but also the position 

within the specification limits. The main purpose of this index 
is monitoring the process variance with a focus on variance 
reduction and establishing stable processes.  

Furthermore, the index can be extended by differentiating 
between two types of quality understanding. On the one hand, 
there is a discrete perspective where quality states just consider 
whether specifications are met or not. On the other hand, there 
is Taguchi’s understanding of quality, in which quality loss in 
value progressively increases as variation increases from a 
predefined target value [14]. This leads to the total process 
capability indices 𝐶𝐶𝑝𝑝𝑝𝑝  and 𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝 , which include the loss of 
quality. 

Further attempts to describe process capability indices more 
precisely and to consider non-normal distributions were 
introduced in [15], [16], [17] as well as [18]. However, they 
can not be applied to monitor interdependencies within the 
process.  

Using multivariate process capability indices (MPCIs), 
numerous characteristics can be taken into account. One of the 
latest research of de-Felipe [19] demonstrates an MPCI, which 
can be used for normally distributed data to depict interlinked 
process data. The recently developed 𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖 is derived from 
the relation to non-confirming parts (NCPs) in the most critical 
direction of the process region 𝑅𝑅𝑐𝑐𝑐𝑐𝑖𝑖𝑐𝑐𝑆𝑆with 

and 𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖  defined as  

whereas ∑  describes the variance-covariance matrix and, 
therefore, contains all correlations or covariances of the 
regarded process characteristics. Moreover, 𝜙𝜙−1 represents the 
inverse distribution function of the normal distribution. 
According to de-Felipe [19], the application of the 𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖 has 
been proven in the automotive industry and  has shown that it 
is highly compliant with a wide range of industrial 
requirements. 

In conclusion, multivariate process capability indicators are 
applicable to bundle numerous characteristics from different 
process steps and to highlight existing CERs. Thereby, they 
strongly meet the requirements, determined in chapter 2.2. 
Nevertheless, de-Felipe’s [19] approach is designed for 
normally distributed data. Moreover, the method cannot be 

𝐶𝐶𝑝𝑝 = 𝑈𝑈𝑈𝑈𝑈𝑈 − 𝑈𝑈𝑈𝑈𝑈𝑈
6𝜎𝜎  

𝐶𝐶𝑝𝑝𝑝𝑝 = 𝑚𝑚𝑚𝑚𝑚𝑚[𝐶𝐶𝑝𝑝𝑝𝑝, 𝐶𝐶𝑝𝑝𝑝𝑝] =  [ 𝜇𝜇 − 𝑈𝑈𝑈𝑈𝑈𝑈
3𝜎𝜎 , 𝑈𝑈𝑈𝑈𝑈𝑈 −  𝜇𝜇 

3𝜎𝜎 ]. 

(1) 

(2) 

𝐶𝐶𝑝𝑝𝑝𝑝 = 𝑈𝑈𝑈𝑈𝑈𝑈 − 𝑈𝑈𝑈𝑈𝑈𝑈
6 ∗ √𝜎𝜎2 + ( 𝜇𝜇 − 𝑇𝑇)2

 

𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝  =  𝑚𝑚𝑚𝑚𝑚𝑚 [ 𝑈𝑈𝑈𝑈𝑈𝑈− 𝜇𝜇
3[𝜎𝜎2+(𝜇𝜇−𝑇𝑇)2]1/2 , 𝜇𝜇−𝑈𝑈𝑈𝑈𝑈𝑈

3[𝜎𝜎2+(𝜇𝜇−𝑇𝑇)2]1/2 ]  

(3) 

 

(4) 

𝑅𝑅𝑐𝑐𝑐𝑐𝑖𝑖𝑐𝑐𝑆𝑆,𝑖𝑖

= {
{(𝑦𝑦1 … , 𝑦𝑦𝑖𝑖 … , 𝑦𝑦𝑛𝑛 )  ∈  ℝ𝑛𝑛 | − ∞ <  𝑦𝑦𝑖𝑖 < 𝑈𝑈𝑈𝑈𝑈𝑈𝑖𝑖} 𝑚𝑚𝑓𝑓 𝜇𝜇𝑖𝑖 ≤ 𝑈𝑈𝑈𝑈𝑈𝑈𝑖𝑖 + 𝑈𝑈𝑈𝑈𝑈𝑈𝑖𝑖

2
{(𝑦𝑦1 … , 𝑦𝑦𝑖𝑖 … , 𝑦𝑦𝑛𝑛 ) ∈  ℝ𝑛𝑛 | 𝑈𝑈𝑈𝑈𝑈𝑈𝑖𝑖 <  𝑦𝑦𝑖𝑖 < ∞} 𝑚𝑚𝑓𝑓 𝜇𝜇𝑖𝑖 ≥  𝑈𝑈𝑈𝑈𝑈𝑈𝑖𝑖 + 𝑈𝑈𝑈𝑈𝑈𝑈𝑖𝑖

2

 
(5) 

𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖 = − 1
3 𝜙𝜙−1(1 − ∫ 1

|∑|2𝑛𝑛𝜋𝜋𝑛𝑛 𝑒𝑒−1
2(𝑌𝑌−𝜇𝜇)𝑇𝑇∑−1(𝑌𝑌−𝜇𝜇) 

𝑅𝑅𝑐𝑐𝑐𝑐𝑖𝑖𝑐𝑐𝑆𝑆
𝑑𝑑𝑑𝑑, (6) 
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utilized for effective monitoring in a complex process chain. 
Additionally, it does not support the identification of unknown 
CERs. Hence, there is no suitable data-driven approach that 
supports the ramp-up of LIB production in order to identify 
unknown root-cause effects. 

3. A Multivariate KPI-Based Method for Quality 
Assurance in Battery Production 

In order to identify interdependencies in complex 
production systems, the following chapter presents a novel KPI 
approach, which aims to close the gap between existing 
analytical methods and a comprehensive understanding of the 
complex process chain. To show how CERs can be identified 
during a production ramp-up, the structure and components of 
the developed KPI system are explained and visualized in 
Fig. 3. An advantage resulting from the structure lies in the 
monitoring and analyzing of complex process chains, which is 
introduced in the following. 

3.1. Presentation of the Developed KPI System 

The structure, represented in Fig. 3, is based on a 
hierarchical principle. Process and product characteristics can 
be systematically aggregated by means of four levels in order 
to identify root causes of quality deviations and CERs.  

The first level represents physically measured input 
characteristics, such as material properties, disturbances or 
process parameters. For each input characteristic 𝑖𝑖, a univariate 
𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖 is calculated. With regard to the production of LIBs, the 
assembled length of electrode material or the pressure of the 
electrolyte filling process can be calculated to a 𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖. 

The second level describes intermediate product 
characteristics by aggregating measured input characteristics 
from the first level into an 𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖. For example, the thickness 
of the cell body is represented by an 𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖, aggregating the 

𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖  of the assembled length of electrode material or other 
characteristics of the winding process. When measured 
directly, intermediate product characteristics, such as the 
thickness of the cell body, are additionally evaluated by a 
𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖. Here, the quality loss of any product or process property 
is increasing progressively with the distance from any 
predefined target value. Using the approach of total process 
capability 𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖 , non-conformance is extended to a more 
critical view. 

The third level represents the product characteristics of a 
LIB cell, such as the capacity, the coulombic efficiency or the 
weight. They are also described as 𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖 . Furthermore, they 
are additionally evaluated by Taguchi’s loss-based quality 
understanding 𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖 if physically measured. 

The top level of the KPI system is represented by one head 
KPI, called 𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  which aggregates the product 
characteristics of the third level.  

It can be summarized that the KPI system structure is a 
hierarchy based on the correlated dependencies between the 
different process characteristics, where each arrow depicts a 
correlated relation between two characteristics. Those 
correlations are aggregated in each  𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖 . It should be 
emphasized that 𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖𝑠𝑠  for intermediate product 
characteristics (level 2) and product characteristics (level 3) are 
solely calculated from the correlations of subordinate process 
characteristics. If respective characteristics on levels 2 or 3 are 
physically measured, they can additionally be evaluated by a 
𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖 . Thereby, the calculation of 𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖  is independent of 
𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖 and the 𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖.  

The presented approach for 𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖  according to de-
Felipe [19] was initially used for normally distributed data, 
whereas process characteristics in newly developed production 
lines can be non-normally distributed. Consequently, in a first 
step, every dataset of each process characteristic must be 
transformed into normally distributed data before it is applied 
to the 𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖  calculation. Research for the most precise 

Fig. 3. Structure of the developed multivariate KPI-based method for quality assurance in the battery production.  
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transformation equation lead to Box-Cox [20] and root [21] 
transformation. Box-Cox was chosen to fulfill the 
transformation to a normalized dataset: 

𝑇𝑇𝜆𝜆(𝑥𝑥) =  𝑥𝑥𝜆𝜆−1
𝜆𝜆 𝜆𝜆 ≠ 0

𝑇𝑇𝜆𝜆 (𝑥𝑥) =  𝑙𝑙𝑙𝑙𝑙𝑙 𝑥𝑥, 𝑓𝑓𝑙𝑙𝑓𝑓 𝜆𝜆 = 0  

(7) 

(8) 

The transformed data T  of every characteristic x is 
established by searching for a 𝜆𝜆 , which maximizes the 
correlation between the normal quantile plots and the 
transformed dataset. Therefore, the transformed dataset can be 
used for the calculation of the 𝑀𝑀𝑀𝑀𝑝𝑝𝑝𝑝,𝑖𝑖 of each characteristic for 
non-normally distributed data. 

3.2. Monitoring Complex Process Chains 

As indicated by the structure of the introduced KPI system, 
the method’s goal is to monitor complex process chains, such 
as LIB production. Especially the  𝑀𝑀𝑀𝑀𝑝𝑝𝑝𝑝,𝑖𝑖  is designed to 
decrease monitoring expenses, as whole process chains are 
evaluated by one head KPI through aggregating information of 
subordinated product characteristics. Moreover, the effort of 
any analysis is minimized as any superordinate KPI indicates, 
which analysis path along the hierarchy should be used to 
identify a problem. As a result, quality control and assurance is 
executed much more effectively and efficiently. 

3.3. Identification and Quantification of New Cause-Effect 
Relations in Complex Process Chains 

As solely monitoring does not contribute to building process 
knowledge, a further benefit of the introduced KPI system is in 
the identification of new CERs by comparing the values of 
the  𝑀𝑀𝑀𝑀𝑝𝑝𝑝𝑝,𝑖𝑖𝑠𝑠  and the  𝑀𝑀𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖𝑠𝑠 . The assumption is that any 
𝑀𝑀𝑀𝑀𝑝𝑝𝑝𝑝,𝑖𝑖, in its role as a superordinate KPI, includes all known 
CERs of linked input characteristics of the first level. As 
correlations are not equal to causality, there could be relations 
in the process chain, which are not captured by the 𝑀𝑀𝑀𝑀𝑝𝑝𝑝𝑝,𝑖𝑖. This 
potential gap is used in a comparison of the 𝑀𝑀𝑀𝑀𝑝𝑝𝑝𝑝,𝑖𝑖 and 𝑀𝑀𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖. 
As an example, the thickness of a cell body is represented by 
an 𝑀𝑀𝑀𝑀𝑝𝑝𝑝𝑝,𝑖𝑖 and calculated solely by input characteristics such as 
the 𝑀𝑀𝑝𝑝𝑝𝑝,𝑖𝑖  of the assembled length of electrode material. The 
thickness of the cell body is also measured physically. 
Therefore, it is described by a 𝑀𝑀𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖. The 𝑀𝑀𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖 is not affected 
by any correlated characteristics as it is calculated from the 
actual measured value and, therefore, provides an isolated 
review of a total quality evaluation. If an 𝑀𝑀𝑀𝑀𝑝𝑝𝑝𝑝,𝑖𝑖 indicates good 
overall quality, whereas the 𝑀𝑀𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖 on the same characteristic 
points to bad quality performance, the measured correlations in 
the 𝑀𝑀𝑀𝑀𝑝𝑝𝑝𝑝,𝑖𝑖 do not capture all root cause effects through the 
correlations. In this case, not all relevant CERs were 
implemented within the KPI system.  

As a result, an in-depth analysis must follow, in which 
characteristics previously not considered or measured, are 
regarded as a potential new CER. A pre-selection or order is 

established by the potential severity of influence on the 
superordinate KPI, whereas the strongest deviating KPI is 
investigated first. As correlation does not imply causation, 
newly discovered potential CERs are verified by experts. 
Successfully verified CER must be updated and quantified in 
the KPI system. There are three possible approaches to quantify 
the new CERs. The first approach uses expert knowledge to 
quantify the relative influence of a CER. Here, methods of 
technical evaluation are applied, such as demonstrated in 
Westermeier [6]. The second approach is an expert-based 
pairwise comparison of characteristics. These are based on 
linguistic assessments of the effect [22]. The third approach is 
to carry out an empirical calculation, which requires isolated 
measurability of the new CER. If there are several potential 
influencing factors, either an exclusion of individual variables 
is carried out with the help of expert surveys or each considered 
influencing characteristic should be examined in isolation. The 
influence of individual characteristics is determined by a 
relative variation of the observed influencing characteristic as 
well as the change of the influenced KPI. The relative influence 
is then translated into a correlative effect. If, for example, a 
10% increase in the potentially influencing characteristic leads 
to a four percent reduction in the superordinate KPI, the 
correlation is -0.4, since the influence quantity leads to a 40 % 
reduction. As soon as this procedure has been carried out for 
all potential influencing characteristics, the quantified 
correlations are subsequently entered into the previously 
determined KPI system, in order to approximate the deviation 
of the KPI comparison. Due to possible fictitious correlations 
or unrecorded CERs with marginal effects, nevertheless 
smaller deviations may exist. Insofar as these are insignificant, 
they can be neglected since they do not lead to any decisive 
findings. However, unclear results should also be validated and 
critically analyzed by experts. 

It can be summarized that the presented KPI system is based 
on a cascade principle, in which dependencies are calculated 
through the correlations of 𝑀𝑀𝑝𝑝𝑝𝑝,𝑖𝑖𝑠𝑠 and aggregated in an 𝑀𝑀𝑀𝑀𝑝𝑝𝑝𝑝,𝑖𝑖. 
Through this, a condensed and structured reflection of a 
process chain is given, which supports monitoring and problem 
identification and therefore directly supports the ramp-up 
period. Moreover, the comparison of 𝑀𝑀𝑀𝑀𝑝𝑝𝑝𝑝,𝑖𝑖  with 𝑀𝑀𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖 
allows a verification of existing CERs. In addition, it is possible 
to quantify new CERs.  

4. Validation in the BMW-Group Production Line of LIB 

The developed method for an interlinked evaluation of the 
final product was implemented using an R-Shiny application 
and validated by means of the data of the prototype production 
line at the BMW Group in Munich for 1000 prismatic LIBs.  

As presented in Fig. 4, the multivariate process capability 
index 𝑀𝑀𝑀𝑀𝑝𝑝𝑝𝑝,𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑐𝑐𝑏𝑏𝑐𝑐𝑐𝑐  did not meet the minimum requirement, 
as not all product characteristics were fulfilled. The product 
characteristics, which had been defined in advance by experts, 
are in particular the weight, capacity, internal resistance and 
coulombic efficiency of the LIB. The utilization of the R-Shiny 
front-end supported the root cause analysis and by the value of 
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utilized for effective monitoring in a complex process chain. 
Additionally, it does not support the identification of unknown 
CERs. Hence, there is no suitable data-driven approach that 
supports the ramp-up of LIB production in order to identify 
unknown root-cause effects. 

3. A Multivariate KPI-Based Method for Quality 
Assurance in Battery Production 

In order to identify interdependencies in complex 
production systems, the following chapter presents a novel KPI 
approach, which aims to close the gap between existing 
analytical methods and a comprehensive understanding of the 
complex process chain. To show how CERs can be identified 
during a production ramp-up, the structure and components of 
the developed KPI system are explained and visualized in 
Fig. 3. An advantage resulting from the structure lies in the 
monitoring and analyzing of complex process chains, which is 
introduced in the following. 

3.1. Presentation of the Developed KPI System 

The structure, represented in Fig. 3, is based on a 
hierarchical principle. Process and product characteristics can 
be systematically aggregated by means of four levels in order 
to identify root causes of quality deviations and CERs.  

The first level represents physically measured input 
characteristics, such as material properties, disturbances or 
process parameters. For each input characteristic 𝑖𝑖, a univariate 
𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖 is calculated. With regard to the production of LIBs, the 
assembled length of electrode material or the pressure of the 
electrolyte filling process can be calculated to a 𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖. 

The second level describes intermediate product 
characteristics by aggregating measured input characteristics 
from the first level into an 𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖. For example, the thickness 
of the cell body is represented by an 𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖, aggregating the 

𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖  of the assembled length of electrode material or other 
characteristics of the winding process. When measured 
directly, intermediate product characteristics, such as the 
thickness of the cell body, are additionally evaluated by a 
𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖. Here, the quality loss of any product or process property 
is increasing progressively with the distance from any 
predefined target value. Using the approach of total process 
capability 𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖 , non-conformance is extended to a more 
critical view. 

The third level represents the product characteristics of a 
LIB cell, such as the capacity, the coulombic efficiency or the 
weight. They are also described as 𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖 . Furthermore, they 
are additionally evaluated by Taguchi’s loss-based quality 
understanding 𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖 if physically measured. 

The top level of the KPI system is represented by one head 
KPI, called 𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  which aggregates the product 
characteristics of the third level.  

It can be summarized that the KPI system structure is a 
hierarchy based on the correlated dependencies between the 
different process characteristics, where each arrow depicts a 
correlated relation between two characteristics. Those 
correlations are aggregated in each  𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖 . It should be 
emphasized that 𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖𝑠𝑠  for intermediate product 
characteristics (level 2) and product characteristics (level 3) are 
solely calculated from the correlations of subordinate process 
characteristics. If respective characteristics on levels 2 or 3 are 
physically measured, they can additionally be evaluated by a 
𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖 . Thereby, the calculation of 𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖  is independent of 
𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖 and the 𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖.  

The presented approach for 𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖  according to de-
Felipe [19] was initially used for normally distributed data, 
whereas process characteristics in newly developed production 
lines can be non-normally distributed. Consequently, in a first 
step, every dataset of each process characteristic must be 
transformed into normally distributed data before it is applied 
to the 𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖  calculation. Research for the most precise 

Fig. 3. Structure of the developed multivariate KPI-based method for quality assurance in the battery production.  

 T. Kornas et al. / Procedia CIRP 00 (2019) 000–000  5 

 

transformation equation lead to Box-Cox [20] and root [21] 
transformation. Box-Cox was chosen to fulfill the 
transformation to a normalized dataset: 

𝑇𝑇𝜆𝜆(𝑥𝑥) =  𝑥𝑥𝜆𝜆−1
𝜆𝜆 𝜆𝜆 ≠ 0

𝑇𝑇𝜆𝜆 (𝑥𝑥) =  𝑙𝑙𝑙𝑙𝑙𝑙 𝑥𝑥, 𝑓𝑓𝑙𝑙𝑓𝑓 𝜆𝜆 = 0  

(7) 

(8) 

The transformed data T  of every characteristic x is 
established by searching for a 𝜆𝜆 , which maximizes the 
correlation between the normal quantile plots and the 
transformed dataset. Therefore, the transformed dataset can be 
used for the calculation of the 𝑀𝑀𝑀𝑀𝑝𝑝𝑝𝑝,𝑖𝑖 of each characteristic for 
non-normally distributed data. 

3.2. Monitoring Complex Process Chains 

As indicated by the structure of the introduced KPI system, 
the method’s goal is to monitor complex process chains, such 
as LIB production. Especially the  𝑀𝑀𝑀𝑀𝑝𝑝𝑝𝑝,𝑖𝑖  is designed to 
decrease monitoring expenses, as whole process chains are 
evaluated by one head KPI through aggregating information of 
subordinated product characteristics. Moreover, the effort of 
any analysis is minimized as any superordinate KPI indicates, 
which analysis path along the hierarchy should be used to 
identify a problem. As a result, quality control and assurance is 
executed much more effectively and efficiently. 

3.3. Identification and Quantification of New Cause-Effect 
Relations in Complex Process Chains 

As solely monitoring does not contribute to building process 
knowledge, a further benefit of the introduced KPI system is in 
the identification of new CERs by comparing the values of 
the  𝑀𝑀𝑀𝑀𝑝𝑝𝑝𝑝,𝑖𝑖𝑠𝑠  and the  𝑀𝑀𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖𝑠𝑠 . The assumption is that any 
𝑀𝑀𝑀𝑀𝑝𝑝𝑝𝑝,𝑖𝑖, in its role as a superordinate KPI, includes all known 
CERs of linked input characteristics of the first level. As 
correlations are not equal to causality, there could be relations 
in the process chain, which are not captured by the 𝑀𝑀𝑀𝑀𝑝𝑝𝑝𝑝,𝑖𝑖. This 
potential gap is used in a comparison of the 𝑀𝑀𝑀𝑀𝑝𝑝𝑝𝑝,𝑖𝑖 and 𝑀𝑀𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖. 
As an example, the thickness of a cell body is represented by 
an 𝑀𝑀𝑀𝑀𝑝𝑝𝑝𝑝,𝑖𝑖 and calculated solely by input characteristics such as 
the 𝑀𝑀𝑝𝑝𝑝𝑝,𝑖𝑖  of the assembled length of electrode material. The 
thickness of the cell body is also measured physically. 
Therefore, it is described by a 𝑀𝑀𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖. The 𝑀𝑀𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖 is not affected 
by any correlated characteristics as it is calculated from the 
actual measured value and, therefore, provides an isolated 
review of a total quality evaluation. If an 𝑀𝑀𝑀𝑀𝑝𝑝𝑝𝑝,𝑖𝑖 indicates good 
overall quality, whereas the 𝑀𝑀𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖 on the same characteristic 
points to bad quality performance, the measured correlations in 
the 𝑀𝑀𝑀𝑀𝑝𝑝𝑝𝑝,𝑖𝑖 do not capture all root cause effects through the 
correlations. In this case, not all relevant CERs were 
implemented within the KPI system.  

As a result, an in-depth analysis must follow, in which 
characteristics previously not considered or measured, are 
regarded as a potential new CER. A pre-selection or order is 

established by the potential severity of influence on the 
superordinate KPI, whereas the strongest deviating KPI is 
investigated first. As correlation does not imply causation, 
newly discovered potential CERs are verified by experts. 
Successfully verified CER must be updated and quantified in 
the KPI system. There are three possible approaches to quantify 
the new CERs. The first approach uses expert knowledge to 
quantify the relative influence of a CER. Here, methods of 
technical evaluation are applied, such as demonstrated in 
Westermeier [6]. The second approach is an expert-based 
pairwise comparison of characteristics. These are based on 
linguistic assessments of the effect [22]. The third approach is 
to carry out an empirical calculation, which requires isolated 
measurability of the new CER. If there are several potential 
influencing factors, either an exclusion of individual variables 
is carried out with the help of expert surveys or each considered 
influencing characteristic should be examined in isolation. The 
influence of individual characteristics is determined by a 
relative variation of the observed influencing characteristic as 
well as the change of the influenced KPI. The relative influence 
is then translated into a correlative effect. If, for example, a 
10% increase in the potentially influencing characteristic leads 
to a four percent reduction in the superordinate KPI, the 
correlation is -0.4, since the influence quantity leads to a 40 % 
reduction. As soon as this procedure has been carried out for 
all potential influencing characteristics, the quantified 
correlations are subsequently entered into the previously 
determined KPI system, in order to approximate the deviation 
of the KPI comparison. Due to possible fictitious correlations 
or unrecorded CERs with marginal effects, nevertheless 
smaller deviations may exist. Insofar as these are insignificant, 
they can be neglected since they do not lead to any decisive 
findings. However, unclear results should also be validated and 
critically analyzed by experts. 

It can be summarized that the presented KPI system is based 
on a cascade principle, in which dependencies are calculated 
through the correlations of 𝑀𝑀𝑝𝑝𝑝𝑝,𝑖𝑖𝑠𝑠 and aggregated in an 𝑀𝑀𝑀𝑀𝑝𝑝𝑝𝑝,𝑖𝑖. 
Through this, a condensed and structured reflection of a 
process chain is given, which supports monitoring and problem 
identification and therefore directly supports the ramp-up 
period. Moreover, the comparison of 𝑀𝑀𝑀𝑀𝑝𝑝𝑝𝑝,𝑖𝑖  with 𝑀𝑀𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖 
allows a verification of existing CERs. In addition, it is possible 
to quantify new CERs.  

4. Validation in the BMW-Group Production Line of LIB 

The developed method for an interlinked evaluation of the 
final product was implemented using an R-Shiny application 
and validated by means of the data of the prototype production 
line at the BMW Group in Munich for 1000 prismatic LIBs.  

As presented in Fig. 4, the multivariate process capability 
index 𝑀𝑀𝑀𝑀𝑝𝑝𝑝𝑝,𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑐𝑐𝑏𝑏𝑐𝑐𝑐𝑐  did not meet the minimum requirement, 
as not all product characteristics were fulfilled. The product 
characteristics, which had been defined in advance by experts, 
are in particular the weight, capacity, internal resistance and 
coulombic efficiency of the LIB. The utilization of the R-Shiny 
front-end supported the root cause analysis and by the value of 
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the respective 𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖 ,which was physically measured in 
production, it was concluded that the quality deviation was 
caused by discrepancies within the coulombic efficiency. 
Moreover, the 𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖 of the pre-charge capacity revealed low 
quality characteristics. Hence, the KPI system was used to trace 
the cause of the quality problem of the product back to the 
precharge quality by analyzing the value of the 
corresponding  𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖𝑠𝑠 . Since the 𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖  of the coulombic 
efficiency and the pre-charge capacity fulfilled the 
requirements regarding process capability, it can be assumed 
that not all quality relevant input characteristics from the first 
level are linked. A continued analysis of all input 
characteristics led to a potential trigger: The requirements of 
the dew point on the shop floor were not met. Based on this 
finding, a regulation of this process characteristic managed to 
improve the quality of battery cell production. A subsequent 
evaluation by experts confirmed the identified CERs to the pre-
charge capacity.  

It can be summarized, that with the help of the developed 
KPI system, a quality-relevant CER was identified. An 
adjustment of the dew point enabled an increase in the 𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖 of 
the coulombic efficiency from 0.7 to 1.2. According to the 
definition of the process capability index, this led to a reduction 
of the scrap rate by approximately 3%. Therefore, the 
introduced KPI system supported a decrease in costs by 
identifying quality-related influences and thus contributed to a 
reduction of scarp. 

5. Summary and Conclusion  

Uncertainties are among the main impediments during the 
ramp-up of LIB production. The introduced multivariate KPI-
based method represents an approach that can be applied to 
field data in order to identify quality-relevant CERs in the 
production of LIBs. The evaluation example indicates the high 
potential of this approach, as it was on the one hand used for 
monitoring a complex process chain. On the other hand, the 
implemented tool supported the problem identification process 
as the KPIs indicated a target-orientated analyses path.  

The knowledge of CERs is a prerequisite for a successful 
optimization of complex process chains with regard to cost and 
quality targets. Additionally, the proposed KPI system provides 
a condensed and structured illustration of the production chain. 
It reduces the control and monitoring effort and helps to limit 
the scope of a DoE. As a result, the KPI system can be used as 
an overall quality assurance tool.  

The correctness of the correlations used for the calculations 
of 𝑀𝑀𝐶𝐶𝑝𝑝𝑝𝑝,𝑖𝑖𝑠𝑠 is decisive for the presented KPI system. Therefore, 
future research will focus on establishing a comprehensive 
knowledge database for the data- and expert-based 
identification of correlations.  
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Fig. 4. Application of KPI system. 


