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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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In the production chain of Lithium-ion battery (LIB) cells, various processes influence intermediate product features, which then 
influence the LIB performance. It is important to know these influences in order to improve product quality and to control the 
production. This paper presents a concept for a data-driven cyber-physical system based on quality gates in LIB cell 
manufacturing. The concept utilizes data-driven modelling in order to predict the performance of future LIB cells by using 
quality gates of intermediate product features. This prediction of product performance enables a better assessment of intermediate 
product quality and helps deriving recommendations for latter processes. 
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1. Introduction 

Future mobility concepts rely highly on electrical powered 
vehicles. Currently, the state-of-the-art technology for those 
EVs are Lithium-ion batteries (LIB). They offer a high energy 
density and ease of use. Furthermore, the costs for LIB (Euro/ 
kWh) have decreased considerably in last 5 years and are 
expected to further decrease in the years coming (75 €/kWh in 
2022, compared to 400 €/kWh in 2013) [1]. During the 
manufacturing of LIB cells the total costs are dominated by the 
costs of the raw materials [2]. This dominance, about 70% share 
of the total manufacturing costs, leads to a high sensitivity to 
possible production errors or the length of the production chain 
itself [2]. This can be explained with the following example: a 
process chain with 25 process steps, each having a yield of 
99.5%, would result in an overall efficiency of only 88,2 % [2]. 
This can result in a high rejection rate during formation, 
meaning a high scrap rate at the end of the process chain. This 

was revealed in several new articles, claiming scrap rates of up 
to 40 % at Teslas Gigafactory in Reno, Nevada in 2018 [3]. 
Furthermore, the LIB cell manufacturing can be subdivided into 
three phases: (1) electrode production, (2) cell assembly and (3) 
formation and aging [2]. The duration of formation and aging 
process can take up to 1 – 3 weeks, depending on cell 
manufacturer and cell chemistry [4]. This can also be identified 
as one of the cost-drivers during the production of LIB cell. 
This emphasizes the importance of minimizing production 
errors or detecting production errors as early as possible. For 
this a quality management concept is required to be able to 
analysis the perceived quality of different intermediate products 
and possibly derive counteractions, when the perceived quality 
does not match the required one.  
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was revealed in several new articles, claiming scrap rates of up 
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Furthermore, the LIB cell manufacturing can be subdivided into 
three phases: (1) electrode production, (2) cell assembly and (3) 
formation and aging [2]. The duration of formation and aging 
process can take up to 1 – 3 weeks, depending on cell 
manufacturer and cell chemistry [4]. This can also be identified 
as one of the cost-drivers during the production of LIB cell. 
This emphasizes the importance of minimizing production 
errors or detecting production errors as early as possible. For 
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2. Quality management in the manufacturing of LIB Cells 

2.1. Quality managements systems and Quality Gates 

The term quality can be defined as, the degree to which a set 
of inherent characteristics or features of an object fulfils 
defined requirements [5]. Requirements for the perceived 
quality can be set within a Quality management system (QMS). 
A QMS comprises a series of processes focusing on meeting a 
required quality of an object. A QMS consists of four main 
components: (1) quality planning, (2) quality assurance, (3) 
quality control and (4) quality improvements [6]. To facilitate 
a QMS the concept of quality gates has been introduced in the 
past. With this concept, a manufacturing chain is systematically 
divided into different phases and quality critical points or 
decision points are defined. Those decision points measure the 
perceived quality securing that the target quality is reached 
before allowing further proceedings during the next phases [7]. 

2.2. Quality management concepts in manufacturing of LIB 
cells

Achieving higher quality battery cells while reducing costs 
during manufacturing is one of the grand challenges identified 
in the Roadmap Battery Production Equipment 2030. Quality 
assurance in manufacturing environments has been subject in 
many publications over many years and is applied in industry 
on a regular basis. Different tools, concepts and methods have 
been presented, but only a few approaches meet the 
preconditions which exit in complexity of the manufacturing 
chain for LIB cell. This manufacturing chain is characterized 
by the combination of continuous and discontinuous processes, 
requiring specialized room conditions. Production technologies 
for each intermediate product have been approved considerably 
in the last years, but due to required in-depth understanding of 
each individual process and possible cause-effect-relationships 
(CERs), there is still knowledge to be discovered [2]. An 
approach to meet these needs is the development of 
comprehensive quality management concepts for LIB 
manufacturing.  

A comprehensive overview about methods to identify 
quality parameters in complex production systems is given in 
[8]. Here, some of these approaches will be presented. One 
methodical approach was introduced by Schnell et al in their 
paper on “Quality Management for Battery Production: A 
Quality Gate Concept. Here, a quality gate is described as a 
decision point for possible actions in a production chain. The 
defined quality gates bundle information about the current 
perceived quality of the intermediate product and possible 
correlations between the process and the intermediate product 
as a bases for decision support (DS). Actions suggested by the 
DS can be of manifold, for example the exclusion of further 
processing the intermediate product. But also to early react and 
deal with possible fluctuations or defects during the production 
chain [9]. As this approach implies the knowledge about 
possible interactions or CERs along the manufacturing chain, 
it is mainly a concept, which has to be further developed.  

A different approach was presented by Kornas et al. in their 
work on a Key Performance Indicator (KPI) system as an 

overall quality assurance tool. This system aims towards 
combining analytical methods with existing comprehensive 
knowledge or expert knowledge about the production chain to 
identify cause-root-effects of lower quality batteries. With this 
approach, interdependencies or cause-effect-relationships were 
identified. For this system to work its fullest potential a 
comprehensive knowledge database is required [10]. Kornas et 
al. further developed their approach in their paper on “Data-and 
expert-driven analysis of cause-effect relationships in the 
production of lithium-ion batteries” introducing a data-based 
approach support the suggestion given by the expert-
knowledge based [11]. The framework consists of two 
modules, (1) an automated self-service system and (2) an expert 
knowledge database. As one downside to this model, the expert 
database still is limited to what CERs are known. This is why 
a strictly data-based approach can bring new insights about 
possible CERs. 

3. Approach and Methodology 

3.1. Overview and framework of the concept 

 The goal of the concept is to evaluate the quality of the 
intermediate product (IP) and of the latter LIB cell. 
Intermediate product features (IPF, e.g. particle distribution, 
viscosity, coating layer thickness) of IPs are evaluated within 
quality gates with defined target values (TV) and tolerances 
(see Fig. 1). If the IPF is outside of its tolerances, the IP is 
considered as not okay (NOK).  Furthermore, the concept 
estimates based on quality gates what the possible target value 
for the LIB cell’s final product property (FPP, e.g. max. 
capacity, SOH after certain amount of cycles, formation loss 
after first cycle, etc.) could be reached and in which range it 
might be. Each time, an IPF value of the current IP is 
measured/determined, the concept corrects its prediction for 
FPP and its possible range. Given this, the manufacturer gets 
an estimated insight in the latter LIB cell’s performance. 
Further steps might include readjustment of the next processing 
steps (new TV and tolerances for IPFs) in order to meet 

Fig. 1. Quality gates concept for LIB cell production 
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requirement for the FPPs or not to continue the processing of 
the current IP in order to save energy and costs.  

The concept is based on a machine learning model that uses 
the data from produced LIBs in order to create the links 
between the IPFs and the FPPs. It is therefore an empirical 
model based on statistics. The concept development is divided 
into three steps: i) identification of quality gate relevant IPFs, 
ii) modelling, iii) adaptive improvement and iv) deployment in 
a cyber-physical production system.  

3.2. Identification of quality gate relevant IPFs 

During the production of LIB several hundred IPFs can be  
acquired, but not all of them are showing an influence on the 
FPPs of the latter LIB [12], [13]. It is the objective of this step 
to identify the IPFs which are showing an influence on the FPPs 
and therefore are relevant for the possible quality gates. 
Furthermore, machine learning models can achieve much 
better results if the amount of used features, in this case the 
IPFs, is much lower than the amount of used data sets, in this 
case the amount of LIB used to build the model. The following 
procedure depicts steps of data preprocessing and cleansing as 
well as the identification and selection of quality gate relevant 
IPFs.  

First, the IPF and FPP data is preprocessed and cleansed. 
Data sets with a high amount of missing values are removed. 
The data is then min-max-scaled between 0 and 1, for better 
modelling. Then, the data sets with constant values and a low 
variance are removed. Co-correlated IPFs are removed, so only 
uncorrelated IPFs remain. In the next step, the relevant IPFs are 
selected by using machine learning methods. These methods 
are broadly known in the data science as feature selection 
methods, specifically wrappers. Forward and backward 
wrappers are distinguished. Forward wrappers start with no 
features and are adding one or more feature at a time while 
evaluating their impact on the model (errors, goodness of fit, 
etc.). Backward wrappers start with all features and are 
removing one or more features at a time while evaluating the 
model. For this methodology a backward wrapper is used, the 
recursive feature elimination (RFE) algorithm [14]. During 
each iteration step of this wrapper a predetermined amount of 
features is eliminated based on feature ranking attribute. The 
feature ranking attribute can be the coefficient of the Lasso-Lars 
regression (least absolute shrinkage and a selection operator 
model with a least-angle regression fit) [15], [16]. Alternatively, 
the feature ranking attribute can be the feature importance 
calculated by decision trees or random forests.  Both attributes 
show how strongly the features are influencing the outcome of 
the corresponding model and therefore features with a low 
attribute are sequentially removed from the model till a chosen 
criterion is reached (e.g. predefined amount of features). 
Whereas Lasso-Lars regression is a linear model, decision trees 
or random forests tend to find non-linear relationships and 
therefore select a different subset of features. This method is 
beneficial for data sets with a vast amount of features and is 
less time intense compared to a forward feature selector. The 
drawbacks of this method are that it may select wrong and 
undesired features if they are strongly correlated with the 
desired ones. 

3.3. Modelling 

After the relevant features are selected a model can be build. 
Most common machine learning prediction models are 
regression (regr.), random forest (RF) and artificial neural 
networks (ANN). They are vastly used and can provide good 
and robust results within short time of model building. These 
models can either be built through a randomized 80/20 % 
train/test data set split or through a randomized k-fold cross-
validation. The 80/20 % data set split means, that the data sets 
are split into two different parts containing 80 % and 20 % of 
the total data sets. The first part, the training set, containing 
80% of the data sets is used to train the model and the second 
part, the test set, containing 20 % of the model is then use to 
evaluate and test the model. The second part is therefore used 
to calculate the model scores. Cross-validation is an alternative 
variant which splits the data into k different portions. The 
model is then build k-times each time using k-1 portions as 
train sets with always one portion being the test set. Each 
portion is used as a test set once. Therefore, there are k times 
the model scores, which can deliver an average over all build 
models. This approach is commonly used to show that the build 
models do not suffer from information loss of different data set 
splits due to randomization and therefore are able to predict 
more objectively. This method is considered superior than an 
80/20 % split. 

3.4. Adaptive improvement 

The logic behind the adaptive improvement is depicted in 
Fig. 2. When the relevant IPFs are chosen and their relation to 
the FPPs are modelled, the process experts set the needed target 
values and define the tolerances for them. For the chosen target 
values of IPFs the FPPs of the LIB are calculated and represent 
the target values of these. A design of simulation with the target 
value ± tolerance is set up and the uncertainty for the FPPs is 
determined. Each time an IPF value is determined during the 
production, it is used in the model to update the uncertainties 

Insert IPF + 
tolerances into the 

model

Latter FPP 
& uncertainty

IPF or
FPP 

NOK?

IPF NOK

FPP 
NOK?

Decision making

Possibly stop 
production

IPF OK

FPP OK

FPP NOK

Next process
New IPF

Define
IPF + tolerances

FPP…final product property
IPF…intermediate product feature
NOK…not okay

Fig. 2. Flowchart of the adaptive improvement logic
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of the future FPPs. In the case, that the IPF is within the given 
tolerance, the tolerance of the FPPs will narrow down assuming 
the latter IPFs will also be within given tolerances. 
Additionally, the new target value be displayed next to the 
original one. In case the IPF is outside the tolerance, the model 
will show the new target value for the FPPs and the new 
uncertainties. These new values and the new uncertainties are 
then for the production manager and process experts to decide. 
At this point it is important to decide whether the values are 
reasonable or whether it is more beneficial to stop the 
production before further costs are accounted. 

3.5. Deployment in a cyber-physical production system 

The described concept is deployed in a cyber-physical 
production system (CPPS, Fig. 3) [12]. A cyber-physical 
system consists of four elements: physical world, data 
acquisition, cyber world and decision support/control. The 
physical world represents the LIB production. The data 
acquisition is done in two ways: manual and automated. In 
manual data acquisition the data is acquired from offline 
sources which generate files that can be uploaded in a database 
through a web interface. The automated data acquisition 
acquires sensor and or production machines data via 
standardized communication protocols to industrial acquisition 
system (SCADA: Supervisory Control and Data Acquisition, 
MES: Manufacturing Execution System) or a database. The 
cyber world contains the simulation and or the models which 
evaluate and assess the current situation in the production 
through the acquired data. The results of these models are 
transferred to the decision support/control where they are 
evaluated, visualized and the recommendations can be derived. 
These recommendations can lead to improvement of the 
current state either through direct control of the production or 
through future plans.  

Through the data acquisition, the needed data is gathered in 
order to identify the relevant IPFs for the quality gates. The 
feature selection and the model are deployed in the cyber 
world. Decision support/control contains the interface to start 
the model and to access the current measured IPF through an 
interface. The results are then provided by the model from the 
cyber world to the decision support/ control where they are 
visualized and the recommendation can be depicted. 

4. Case study 

4.1. Overall information 

In the case study, the presented methodology is applied on 
z-folded pouch bag LIB cells with 15 electrode-separator-
compartments were investigated. These battery cells have been 
fully manufactured, from dry mixing of electrode materials to 
formation and aging, in the facilities of the “Battery 
LabFactory Braunschweig” (BLB), a research manufacturing 
facility for LIB cells. The anode sheets have the size of 150 mm 
x 110 mm and are coated with PVDF, SFG6L, Graphite C65 
and SMGA4. The cathode sheets have the size of 145 mm x 
105 mm and are coated with PVDF, SFG6L, Graphite C65, 
NMC111 and NMP. Separion (ceramic separator d = 28µm) 
was used as the separator during the z-folding and Bra-003 is 
the electrolyte. The software used for the identification of 
quality gate relevant IPF and for the modelling is the 
programming language Python 3.6 with the following libraries: 
Numpy 1.14.5, Pandas 0.25.1 [17] and scikit-learn 0.21.2 [18]. 
The data used for the case study consists of 172 LIB cells with 
a total amount of 1029 IPFs. The IPFs have been acquired from 
all the processes excluding the formation process. Since the 
formation process has not been varied, the acquired values have 
been assumed to be FPPs. These cells were produced in 
different production batches: control, z-folding variation, 
calendering variation and laser cutting variation. For the target 
FPP, the maximal capacity after the aging step has been chosen. 

4.2. Identification of quality gate relevant IPFs 

This first step provides already an interesting insight in the 
LIB cell data by displaying the interrelations between IPFs and 
FPPs. Two different models were chosen for the RFE 
algorithm, RF and Lasso-Lars regression. They provide a non-
linear feature subset chosen by the RF and a linear feature 
subset chosen by Lasso-Lars regression. For the subsets a total 
amount of 15 feature has been chosen and both subsets still 
share a certain amount of same features. The number 15 has 
been chosen for no special reason and it can be replaced by any 
number as long as it is much less than the number of data sets. 
A smaller number of chosen features may lead to loss of 
potential important features and therefore to an underfitting, 
whereas a higher number of features may lead to overfitting.  In 
Fig. 4 the feature ranking attribute are displayed to demonstrate 
that different features show a different influence depending on 
the type of model chosen to select them.  Nonetheless, some 
features as the one of packaging are chosen by the Lasso-Lars 
regression as well as RF and indicate a strong relation to the 
max. capacity of the LIB cell.  

4.3. Modelling 

The next step puts the identified IPFs into a stronger relation 
with the FPP by computing a quantitative relation based on 
Lasso-Lars regression, RF and ANN models. For this, each 
model was trained separately with the different feature subsets 
and a 5-fold cross-validation. The results shown in Table 1 and 
Fig. 5 display the differences between the models and the linear 

Fig. 3. Cyber-physical systems framework for the deployment of the quality 
gates concept 
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and non-linear feature subsets. Linear models show better 
performance when trained on linear data rather than non-linear 
data. Non-linear models do not show such big differences when 
trained with different data. For further use, the ANN model 
based on linear feature subset is used to predict the future FPP 
values based on the quality gates with target values and 
tolerances. 

Table 1. Model scores for models based on different feature selection. R² –  
coefficient of determination, RMSE – root mean square error, MAE – mean 
absolute error. 

Model Feature Selection 
RFE 

5-fold CV 

R² RMSE MAE 
Lasso-Lars Lin. 0.79 0.09 0.07 

Non-lin. 0.66 0.12 0.10 

RF Lin. 0.76 0.10 0.08 

Non-lin. 0.78 0.09 0.08 

ANN Lin. 0.78 0.09 0.07 

Non-lin. 0.77 0.10 0.08 

4.4. Adaptive improvement 

For an exemplary depiction of IPF target values, mean 
values of one of the control batches have been determined from 
the chosen subset. The tolerances have been set to 5 % of the 
total parameter range of all data sets. The 5 % have been chosen 
exemplary in order to demonstrate a tolerance band. In further 
application any other value can be determined for the tolerance 
band.  A random function was used to set measured IPF values 
within the tolerances. The chosen model was used to determine 
the resulting uncertainties and target values for the max. 
capacity.  In Fig.  6 on the left side the 15 chosen IPFs are 
displayed each in a plot with corresponding target values and 
tolerances. On the right side the calculated target values of FPP 
are displayed with corresponding uncertainties. After each IPF 
is measured/determined, the model updates the corresponding 

target FPP and its uncertainty. It is done by using the value of 
the corresponding IPF (the same height) from the left side and 
the tolerances of the following IPFs (all values below). It 
provides the process expert and the production manager the 
information to assess the current quality state of the IP and 
possible performance of the LIB by displaying the FPP values. 

Two different LIB cells have been calculated and displayed, 
green: all IPF values are within the tolerances, red: some IPF 
values are outside the tolerances. With each new IPF, the 

tolerances for both cells are decreasing indicating, that the 
model receives more and more information in order to predict 
the future FPP more correctly. Even though, the IPF values of 
the green LIB cell are within the given tolerances it deviates 
from the target FPP value. The red LIB cell deviates from the 
target value even a bit more, but ends up still in the initial 
uncertainties of the FPP. 

4.5. Deployment in a cyber-physical production system 

The deployment is realized in python by accessing a 
database in which the IPFs and FPPs are acquired manually 
through a web interface [13]. The model and the quality gates 
can be executed automated by implementing the script in a 
docker or be executed on demand. Depiction of the quality 
gates can be displayed on the same interface as the data is 
entered. Information can be visualized to e.g. operators to 

Fig. 4. Evaluation of feature relevance based on Lasso-Lars regression 
d

Fig. 5. Model performance for Lasso-Lars regression, RF and ANN
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support decision regarding production management. In further 
work also automated control might be possible.  

5. Summary, Discussion and Outlook 

A data-driven approach to identify and model potential 
quality gate relevant intermediate product features (IPF) and 
their influence on final product properties (FPP) deployed 
within a cyber-physical system is presented. Two different 
subsets of IPF were selected and modelled with different 
machine learning models showing satisfying performance.  The 
methodology to calculate and to update the possible FPP values 
after each measured IPF, show a potential for the identification 
of bad LIB cells and preventing them from further processing 
in order to reduce the energy demand and costs in production. 
However, this paper focusses solely on the relationship 
between IPFs and FPPs and its modelling aspect. Further work, 
will focus on multi target modelling of several FPPs at a time 
in order to give a full insight into the future LIB performance. 
In general, unsupervised machine learning application also 
bare a high potential for an early recognition of bad or fault 
parts and might be another highly relevant research direction. 
Finally, more LIB cells with different chemistry will be 
produced by the BLB and be utilized in the future work.   
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