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A major issue within automotive Sheet Metal 
Forming (SMF) concerns ensuring desired output 
product quality and consistent process perfor-
mance. This is fueled by complex physical phenom-
ena, process fluctuations and complicated param-
eter correlations governing the dynamics of the 
production processes. The aim of the thesis is to 
provide a deeper understanding of the challenges 
and opportunities in this regard within automotive 
SMF. The research is conducted in collaboration 
with a global automotive manufacturer.

The research shows that systematic investigations 
using process simulation models allow exploration 
of the product-process parameter interdepend-
encies and their influence on the output product 
quality. Furthermore, it is shown that incorporat-
ing in-line measured data within process simulation 
models enhance model prediction accuracy. In this 
regard, automating the data processing and model 
configuration tasks reduces the overall modelling 
effort.

However, utilization of results from process simu-
lations within a production line requires real-time 
computational performance. The research hence 

proposes the use of reduced process models de-
rived from process simulations in combination 
with production data, i.e. a hybrid data- and mod-
el-based approach. Such a hybrid approach would 
benefit process performance by capturing the 
deviations present in the real process while also 
incorporating the enhanced process knowledge 
derived from process simulations. Bringing mon-
itoring and control realms within the production 
process to interact synergistically would facilitate 
the realization of such a hybrid approach.

The thesis presents a procedure for exploring the 
causal relationship between the product-process 
parameters and their influence on output product 
quality in addition to proposing an automated ap-
proach to process and configure in-line measured 
data for incorporation within process simulations. 
Furthermore, a framework for enhancing output 
product quality within automotive SMF is pro-
posed. Based on the thesis findings, it can be con-
cluded that in-line measured data combined with 
process simulations hold the potential to unveil 
the convoluted interplay of process parameters on 
the output product quality parameters.
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Essentially, all models are wrong; the practical question is how wrong do they 
have to be to not be useful. 

-  George E.P. Box 
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ABSTRACT 
A major issue within automotive Sheet Metal Forming (SMF) concerns ensuring 
desired output product quality and consistent process performance. This is fueled 
by complex physical phenomena, process fluctuations and complicated parameter 
correlations governing the dynamics of the production processes. The aim of the 
thesis is to provide a deeper understanding of the challenges and opportunities in 
this regard within automotive SMF. The research is conducted in collaboration with 
a global automotive manufacturer. 

The research shows that systematic investigations using process simulation models 
allow exploration of the product-process parameter interdependencies and their 
influence on the output product quality. Furthermore, it is shown that incorporating 
in-line measured data within process simulation models enhance model prediction 
accuracy. In this regard, automating the data processing and model configuration 
tasks reduces the overall modelling effort. 

However, utilization of results from process simulations within a production line 
requires real-time computational performance. The research hence proposes the use 
of reduced process models derived from process simulations in combination with 
production data, i.e. a hybrid data- and model-based approach. Such a hybrid 
approach would benefit process performance by capturing the deviations present in 
the real process while also incorporating the enhanced process knowledge derived 
from process simulations. Bringing monitoring and control realms within the 
production process to interact synergistically would facilitate the realization of such 
a hybrid approach. 

The thesis presents a procedure for exploring the causal relationship between the 
product-process parameters and their influence on output product quality in addition 
to proposing an automated approach to process and configure in-line measured data 
for incorporation within process simulations. Furthermore, a framework for 
enhancing output product quality within automotive SMF is proposed. Based on the 
thesis findings, it can be concluded that in-line measured data combined with process 
simulations hold the potential to unveil the convoluted interplay of process 
parameters on the output product quality parameters. 

 

Keywords: Modelling, Simulation, Industry 4.0, Sheet Metal Forming, Process 
Monitoring, Process Control, Automation, Finite Element Analysis, Smart 
Manufacturing, Mechanical Engineering. 
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SAMMANFATTNING 
En viktig fråga för fordonsindustrin är hur önskad produktkvalitet och konsekvent 
processprestanda säkerställs inom plåtformning. Detta är en utmaning då 
plåtformning karaktäriseras av komplexa fysiska fenomen, processfluktuationer och 
komplicerade parameterkorrelationer som styr produktionsprocessernas dynamik. 
Syftet med denna avhandling är att ge en djupare förståelse för utmaningar och 
möjligheter i detta avseende. Forskningen bedrivs i samarbete med en global 
biltillverkare. 

Forskningen visar att systematiska undersökningar med hjälp av simuleringsmodeller 
av produktionsprocessen möjliggör utredning av produkt-processparametrars 
beroende samt deras inflytande på produktens kvalitet. Vidare påvisas att integrering 
av uppmätta data i dessa simuleringsmodeller förbättrar modellens validitet samt att 
automatiserad databehandling och modellkonfiguration reducerar den övergripande 
modelleringsinsatsen. 

Användning av resultat från processimuleringar inom en produktionslinje kräver 
emellertid beräkningsprestanda i realtid. Forskningen föreslår användning av 
reducerade processmodeller i kombination med produktionsdata, dvs en 
hybridstrategi som är data- och modell-baserad. En sådan strategi gynnar 
processprestanda genom att ta i beaktning avvikelser i den verkliga processen, 
kombinerat med den förbättrade processkunskapen beskriven i processmodellerna. 
Att låta samköra övervakning och kontroll inom produktionsprocessen synergistiskt 
underlättar förverkligandet av en sådan hybridstrategi. 

Avhandlingen presenterar en procedur för att undersöka orsakssambanden mellan 
produkt och process-parametrar samt deras inflytande på produktens kvalitet. Vidare 
föreslås ett automatiserat tillvägagångssätt för att bearbeta och konfigurera uppmätta 
data för inkorporering i processimuleringar. Dessutom föreslås ett ramverk för att 
förbättra produktens kvalitet inom plåtformning av fordonskomponenter. Baserat 
på resultaten kan man dra slutsatsen att användandet av uppmätt data i kombination 
med processimuleringar har potentialen att avslöja det intrikata samspelet mellan 
produkt- och process-parametrar på produktens kvalitet. 
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1 INTRODUCTION 
This chapter presents an overview of the research presented in the thesis together with the aim and 
guiding research question. 

To stay competitive, automotive manufacturers continuously rethink their strategies 
and find new ways of improving efficiency. Efficiency improvement might be linked 
to higher-level objectives such as reducing lead time, increasing profits, satisfying 
customers or lower-level challenges linked to the automotive production processes. 
Two crucial and highly coupled aspects in the latter context are output product 
quality and process performance [1].  

Output product quality, as referred to in the current thesis, relates to the geometrical 
precision of the product coming out of a production process in regard to 
dimensions, shape, and material characteristics. Achieving desired output product 
quality is important for several reasons such as guaranteeing geometrical precision 
for; successive assembly operations which contain strict tolerances, reducing material 
scrap, securing the aesthetic outlook of the product, achieving product safety 
standards and meeting customer quality demands thus influencing market presence. 
Over the past few decades, the complexity of automotive sheet metal forming (SMF) 
[2]  has increased and this can be linked to a number of reasons including; intricate 
geometrical shapes to manufacture, sophisticated machinery, growing number of 
process parameters to control, escalating production condition variations and 
challenging demands on product weight reduction [3], [4] thus creating issues in 
attaining desired output product quality. A major reason for this is associated with 
the lack of comprehensive understanding of the influence that product-process 
parameters have on the output product quality [5] in addition to the complications 
arising due to increasing process complexity. One such complex automotive 
manufacturing process studied closely in the current thesis is the SMF process in 
which a piece of sheet metal is converted into a car body component in several 
manufacturing steps. 

Process performance, as referred to in the current thesis, describes the ability of the 
production process to consistently produce products with desired quality without 
interruptions due to process upsets or fluctuating product-process conditions. 
Ensuring efficient process performance is critical in mass production scenarios 
where high tool costs and related resource investments (e.g. energy, material, labour, 
machinery and robots) can only be justified through larger volume and efficient 
production runs. Traditionally, corrective measures for automotive SMF process 
upsets were based on the accumulated expertise of the machine operators [6]. A 
major disadvantage of such an approach is that the output product quality is strongly 
linked to individual machine operators experience. Limited by human cognition, 
operators are capable of perceiving a limited number of corrective solutions, in a 
large design space, amongst a vast number of possible combinations of product-
process parameter settings to solve the process upset. As a consequence, the 
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corrections are costly in both time and effort. Today, most automotive 
manufacturing processes include dedicated systems for process monitoring, tracking 
machinery and processes in real-time, to detect process upsets, as well as process 
control systems that adjust process in response to variations. Process control is 
normally achieved by implementing closed-loop control and multiple feedback loops 
within the machinery [7]. The target machine settings are typically determined using 
process models which predict the effect of machine settings on the final part [4]. 
The control loop then regulates the actual machine settings during the process in 
accordance with the predicted machine settings. This is commonly referred to as 
model-based process control [8]. Depending on the process complexity, the 
underlying process models are used either online (in real-time) or offline (before the 
process begins), the latter being more common due to legacy production hardware. 
In cases involving complex machine tool-paths/settings incurring high 
computational costs, a combination of operator experience and iterative trials is used 
to establish the target machine settings [3]. In any case, these control loops are 
oriented towards controlling the tool settings rather than controlling product 
properties which is the property of interest to the end customer [7]. Similarly, several 
process monitoring systems today typically use process data to infer their underlying 
model structure, commonly referred to as data-driven models [9]. These monitoring 
systems, although capable of detecting process upsets, often lack the ability to isolate 
the root-cause of a fault. The consequent troubleshooting activities which aim to 
identify the root-cause of the fault contribute significantly to process downtime [9] 
and in some cases also halt the subsequent manufacturing steps. Such issues reduce 
the overall effectiveness of process monitoring and control systems within 
automotive manufacturing processes. 

The dawn of the fourth industrial revolution, commonly referred to as industry 4.0 
[10], promises new opportunities in this regard. Concepts like zero-defect 
manufacturing and first-time right production are gaining popularity [11] thus 
increasing the significance of monitoring and control activities for manufacturing 
processes. At its core, industry 4.0 aims to collect data in real-time for integrating 
and improving the overall manufacturing efficiency [7]. This aspect is strongly 
coupled with technologies like Internet of Things (IoT) and smart embedded sensors 
which will facilitate connectedness between various elements of the production 
process giving them the ability to communicate and function synergistically. As a 
result, advanced sensing equipment are introduced within production shop floors to 
harvest more process data in order to have the ability to identify hidden insights and 
utilize them to adapt/improve processes. However, data harvested in manufacturing 
processes is merely happenstance data i.e., data which is collected from processes 
operating under normal operating conditions (NOCs) most of the time [9]. Hence, 
even though large amounts of data is indeed available, it spans a relatively narrow 
range of production scenarios encountered. Such datasets can be leveraged for 
process fault detection purposes although their value is limited for fault diagnosis, 
predictive analytics, control and optimization procedures [12]. Thus, a key ingredient 
absent amongst prevalent data-driven approaches is the cause-effect relationship 
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between the process parameters. On the contrary, even though the prevalent model-
based control approaches incorporate such process-specific causal structure in their 
process models [13], these often; include a lot of approximations creating a mismatch 
between the model and reality, do not account for the noise/fluctuations present in 
real-production scenarios [14], consume comparatively higher computational 
resources for its execution and demand rigorous efforts for process model 
generation [4]. 

To summarize, while the approaches of the past are struggling to handle today's non-
stationary, larger-volume and increasingly complex automotive production 
processes, the emerging monitoring and control approaches lack essential features 
to deal with complex product-process parameter interdependencies and the shifting 
production conditions prevalent within modern automotive manufacturing 
scenarios that have non-linear consequences on output product quality [15]. It is 
believed that these shortcomings can be circumvented by enhancing knowledge 
regarding the influence of product-process parameters on the output product quality 
and incorporating it within the current approaches. 

1.1 Aim and Research Questions 

Current research explores the challenges and opportunities in regard to obtaining 
desired output product quality and ensuring consistent process performance within 
automotive sheet metal forming. Furthermore, methods, tools and approaches for 
addressing the identified shortcomings are proposed. The research is conducted in 
collaboration with a global automotive manufacturer and regional Swedish 
industries. The research question guiding the overall thesis is as follows: 

How can in-line measured data combined with process simulations aid understanding of sheet metal 
forming processes? 

The thesis investigates the issues involved in consistently achieving desired output 
product quality within SMF, explores the role of simulations and data in improving 
the understanding, predictability and performance of automotive SMF. In addition, 
the thesis reflects upon the significance of results in context of industry 4.0. 

1.2 Readers guide 
Chapter 1 provides an overview of the research focus while presenting the aim and 
the guiding research question. Chapter 2 presents the research methodology used to 
drive the research. Chapter 3 provides an overview of the knowledge domains which 
are relevant to the current work while positioning the research contribution in 
relation to them. Chapter 4 summarizes the appended papers in addition to pointing 
out its relation to the thesis and clarifying the division of work between authors of 
the papers. Chapter 5 summarizes the main results of the thesis. Chapter 6 presents 
thesis conclusions and suggestions for future work. 
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2 METHODOLOGY 
This chapter provides details on how the research was structured and carried out. 

In order to develop and validate knowledge systematically, a research methodology 
is essential [16]. ”It is methodology that makes a topic of investigation scientific” [17]. Current 
research is carried out using the Design Research Methodology (DRM) [16]. Other 
research frameworks resulting from Action research (AR) [18] programs, such as the 
Soft Systems Methodology (SSM) [19] show strong similarities with DRM. DRM is 
chosen over other methods to carry out current research because it provides an 
intuitive framework for structuring research, a systematic approach for its execution, 
while providing the needed flexibility and being specifically tailored towards applied 
engineering. Another decisive criterion for choosing DRM relates to its distinctive 
feature of supporting both understanding and improvement of an existing situation as it 
provides the necessary tools to clearly formulate a model or theory of the existing 
situation, a vision of the desired situation as well as a vision of the support that is 
likely to change the existing situation into the desired situation. Figure 1 shows the 
basic framework of DRM. It consists of four stages: Research Clarification (RC), 
Descriptive Study I (DS1), Prescriptive Study (PS) and Descriptive Study II (DS2). 
Figure 1 depicts the main flow of the process and according to the authors of DRM, 
the execution of various stages is not to interpreted as linear and rigid.  

Figure 1. DRM basic framework (adapted from [16]). 
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According to DRM ([16], pp. 15-17), 

● Research Clarification intends to clarify the current understanding of a 
situation, aids in developing a clear line of argumentation and in showing 
the relevance of the research topic. This stage also helps in formulating the 
overall research goal and plan. 

● Descriptive Study I aims to understand the studied situation in further detail, 
find evidence/indications that support the researcher’s assumptions, 
highlight the main issues involved and point at the main factors to consider 
and address.  

● Prescriptive Study aims at addressing the issues identified in a systematic way 
through the development of a design support. 

● Descriptive Study II aims at investigating the impact of the support and its 
ability to realize the desired situation. 

Figure 2. Relationship between appended papers and DRM Stages. 

The scope of this research entails the first three stages of the DRM framework. 
Figure 2 depicts the relation of the appended papers (and the extent of work 
conducted, either initial or comprehensive focus) with respect to various stages of 
the DRM framework while figure 3 illustrates the main means of executing research 
in various DRM stages with respect to the appended papers. Paper A consisted of 
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an initial RC and a comprehensive DS1 which was carried out iteratively. RC helped 
obtain a detailed description of the overall existing situation, not just in the 
stakeholder company but also within related industries facing similar challenges. 
Additionally, RC also helped to support the identification of a worthwhile research 
goal. Likewise, DS1 helped further investigate the situation within the stakeholder 
industry to determine the main factors to be addressed. Both RC and DS1 included; 
informal conversations with experts, industrial site visits, discussions with 
technicians within the manufacturing shop floor. Furthermore, DS1 included a 
review of previous research conducted on the research topic both within the 
stakeholder industry and in other industries involving the same application area. 
Additionally, an in-depth learning of the production process to be investigated was 
acquired. Finally, a systematic investigation using simulation software was conducted 
to gather deeper insights of the process while helping attain an understanding of the 
main issues involved and the factors to address. 

Figure 3. Illustration of the main means of executing research in various DRM 
stages in relation to the appended papers. 

Paper B employed the learnings acquired from Paper A and extended DS1 which 
was considered necessary to obtain more information on additional aspects of the 
problem where the support was to be implemented. PS in Paper B proposed a 
preliminary solution addressing some of the challenges identified. Paper C consists 
of a more comprehensive RC and an Initial PS. A literature-based RC is conducted 
to gather a generic overview of the challenges and opportunities prevalent within 
complex manufacturing domains in the context of present research in addition to 
exploring common solutions strategies used to address identified problems. Building 
upon the research conducted in Papers A and B in addition to the analysis from the 
RC in Paper C, an initial PS is presented in Paper C. 
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3 KNOWLEDGE DOMAINS  
This chapter introduces the scientific background the research is based upon. 

3.1 Challenges within SMF 
Following decades of development, automotive manufacturing processes today 
possess the capability to produce intricate geometrical shapes in one or more 
manufacturing steps. One such process in this context, namely Sheet Metal Forming 
(SMF) [2] is looked upon closely in the current work. SMF, in simple terms, is the 
process of transforming a piece of sheet metal into a desired shape [20]. Figure 4 
shows a schematic of the SMF process. During this process a sheet metal, commonly 
known as a blank, is placed between a die and a blankholder that holds the blank 
with the correct amount of pressure. A punch then plastically deforms the blank to 
attain the desired shape. 

Figure 4. Schematic of the SMF process (adapted from [21]). 

Traditionally, SMF-processes produced parts with intermediate accuracy thus 
requiring additional post-processing machining operations to reach the desired 
product specification. Over the years, industries have built larger and stiffer tools for 
SMF in an effort to force the blank into the desired shape directly [4]. The resultant 
higher tooling costs require substantial investments, which can only be justified 
through large-volume (and efficient) production runs [4].  

Two major causes affecting output product quality within SMF are the varying of 
production conditions and complicated physical phenomena [5], [6], [22]–[25].  
Varying production conditions within SMF stem from, inconsistencies with respect 
to pre-lube oil amounts on material, varying material thickness, fluctuating surface/ 
material properties in different material batches, changing stroke rates, cushion 
forces and tool temperature. Similarly, complicated physical phenomena influence 
output product quality and occur as a consequence of tool deformations, material 
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non-linearities, springback phenomenon (caused by material elastic recovery) and 
dynamic friction conditions. Additionally, the need to reduce automobile weight has 
encouraged manufacturers to choose lighter alternatives to steel e.g., aluminum and 
magnesium alloys which, on the contrary, has lower formability and produces higher 
springback/fracture problems [3]. Formability refers to the ability of the sheet metal 
to be formed into desired shape without necking (localized thinning) or fractures 
and dimensional accuracy refers to the ability of attaining desired geometrical 
precision of the produced part.  

Figure 5. Front door inner of a Volvo XC 90 (left) and regions in production with 
quality issues like fractures (dashed lines) and wrinkles (solid lines) (right) [24].

The aforementioned variations disturb production stability which is paramount 
within mass production scenarios. Thus, two majorly influenced quality aspects 
within SMF are formability and dimensional accuracy of the output product. This 
results in issues such as wrinkling (due to excessive local compression), tearing (due 
to excessive local tension), fractures and springback. Besides showing the typical 
output of an SMF process, figure 5 also depicts the regions with quality issues caused 
during the production of front door inner of the Volvo XC 90 which was studied in 
detail within Paper A. To summarize, it is challenging to achieve/ensure desired 
output product quality and consistent process performance within SMF-processes 
thus increasing the complexity of process control and compensation activities. 

3.2 Modelling and Simulation of SMF process 
Modelling and simulation of SMF-processes possess the ability to predict factors 
such as strains, sheet thickness, springback, formability, wrinkles, risk of failures etc., 
of the formed sheet metal using Finite Element Analysis (FEA) simulations. SMF 
simulations are used extensively during the development phase of dies to design, 
analyze and simulate behaviour before actually being manufactured. Once the die is 
manufactured, it is tested and adjusted in die-tryout before being installed in actual 
production process to ensure desired process performance. Additionally, when 
process upsets occur, the die surfaces might be reworked through milling, abrasion 
or welding operations [26]. Such adjustments create discrepancies between the 
designed and actual die geometry. These deviations are not fully implemented in the 
virtual die model [26]. Thus, to achieve accurate SMF simulations, incorporation of 
elements from reality (e.g., die surfaces) into simulation model is required. Similarly, 
complex physical phenomena occurring during SMF (e.g., die deformations, 
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dynamic friction conditions, temperature variations) and varying production 
conditions are challenging to accurately represent within SMF process simulations. 
To be able to predict the behaviour of the real process based on the simulation 
model, it is essential to validate the model. This is usually done by comparing the 
simulated results of the formed part with the part produced in actual production 
[26]. To summarize, building accurate SMF simulations is challenging and consumes 
a lot of time/effort.  

3.3 SMF Process Control 
In efforts to improve process performance, industries have developed several 
methods for control of crucial product-process parameters. Process control, in 
simple terms, is the activity of regulating a process, or specific elements within the 
process, using an automated scheme based on process measurements. Lim et al. [3] 
presents a review on the advances in control of SMF. The review classifies control 
procedures within SMF into four categories; open-loop control, closed-loop 
machine control, cycle-to-cycle control and in-line process control. Open-loop 
control is a pre-process procedure to adjust die design and process parameters in die 
try-out section before using it in production line. This procedure is time consuming 
involving several trials and an inadequately adjusted open-loop process operating 
close to failure leads to frequent production process halts. Closed-loop machine 
control focuses upon control of the blankholder forces according to a reference 
trajectory which is obtained via experiments and/or FEA simulations. The main 
disadvantage of closed-loop control is that it cannot handle process disturbances 
(e.g., variation in lubrication, blank thickness) thus affecting part quality and process 
consistency [27]. Cycle-to-cycle control involves inspection of the produced part 
post production process to determine critical process parameters to be monitored 
suing Statistical Process Control (SPC) methods [28]. Such control maintains a 
database of important process parameters. This database is used by machine 
operators to determine critical process variables and manually adjust the process. In-
line process control ensures that a process variable follows a reference trajectory by 
manipulating blankholder forces [3]. Most control approaches within SMF aim to 
control and optimize machine parameter settings instead of the product properties 
which is usually the property of interest for the end customer [7]. According to [4], 
three key aspects to convert the current control approaches within SMF to be 
proactive are; sensors (types of sensors for monitoring workpiece during process 
operation), actuators (introduction of actuators with sufficient flexibility and 
responsiveness to allow adjustments in response to evolving process conditions), 
models (creation of models of sufficient accuracy and speed to allow operation 
online). 

3.4 Industry 4.0: Challenges and Opportunities 
Though the original report on industry 4.0 describes the vision, basic technologies 
and some application scenarios of industry 4.0, it is understood and interpreted in 
different ways. Several publications[29]–[31] have conducted extensive review of 
Industry 4.0, discussing key technologies, major challenges and its potential of 
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transforming the manufacturing landscape. Stefan D (2017) ([7], pp.2) summarizes 
industry 4.0’s aim to “collect data in real-time and to use this data for integration and 
improvement the whole manufacturing process”. Hence, one of the main objectives of 
Industry 4.0 is to transform the manufacturing ecosystem into a smart environment 
where typical resources are converted to intelligent objects that are able to sense, act, 
and interact in an integrated fashion. With advancements in data collection 
technologies more and more data is being harvested within the production plant and 
manufacturers are eager to exploit it to their favour [5]. However, collecting large 
amounts of data in itself does not generate value. The Data-Information-
Knowledge-Wisdom (DIKW) hierarchy or the knowledge pyramid as shown in 
figure 6 explains their meaning and relationship [32], [33]. In short, to extract 
knowledge from production data requires putting it into correct context and 
providing meaning to it [32]. 

Figure 6. The knowledge pyramid (adapted from [34]). 

Methods, tools and approaches to facilitate this are of interest in this context and 
essential to establish connectedness within an industry 4.0 enabled manufacturing 
plant. Furthermore, the ability to transfer data between different systems, perform 
data analytics, identify hidden insights and utilize them to adapt/improve processes 
will be important. Concepts related to Cyber-Physical Systems (CPS), Internet of 
Things (IoT), Big Data Analytics and Information and Communication Technology 
(ICT) are gaining popularity and are believed to be key technologies facilitating 
industry 4.0 implementation [30]. Nevertheless, there are some barriers towards their 
implementation. It is believed that the adoption of these technologies will follow an 
incremental path [30] as the technology for integrating sensors within tools with 
extreme operating conditions such as, high structural loads, temperatures, and 
disturbances etc., is currently emerging [23] although literature clarifies the presence 
of already implementable concepts in this regard [4]. 
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4 SUMMARY OF APPENDED PAPERS 
The chapter summarizes the appended papers, describes its relation to the thesis and presents the 
authors’ contribution with respect to co-authors. 

4.1 Paper A 
Tatipala, S., Pilthammar, J., Sigvant, M., Wall, J., & Johansson, C. M. (2018). 
Introductory study of sheet metal forming simulations to evaluate process 
robustness. In IOP Conference Series: Materials Science and Engineering (Vol. 418, 
No. 1, p. 012111). IOP Publishing. 

Summary 

Paper A investigates how variation of material properties, tribology conditions and 
blankholder force affects the predicted part quality. The part considered is the front 
door inner of the Volvo XC 90. Although produced in several manufacturing steps 
the current investigation focusses only on the major forming step. A process 
simulation model representing the SMF operation is built in a commercial SMF 
software. The simulation model accounts for tool deformation and dynamic friction 
behaviour which are known to influence the part quality predictions. In addition, in-
line measured data (i.e., the lubricant amount on sheet metal) is also incorporated 
within the simulation model. The model is run with nominal product-process 
parameter values and validated to verify the model's prediction accuracy. A 
systematic investigation for exploring the product-process parameter 
interdependencies and their influence on the predicted part quality is conducted. For 
this, three parameters are considered namely the blankholder force, lubricant and 
material properties while a DOE technique is used to discretize the parameter value 
ranges. The investigation showed a correlation between the part quality predictions 
and the modelled lubrication profile. Furthermore, the results also indicated that 
incorporating a lubrication profile based on data collected from production line 
improves the prediction accuracy of the simulation model. 

Relation to thesis  

Paper A relates to the thesis by highlighting the role of systematic investigations in 
gaining a better understanding of the product-process interdependencies and 
influence on the output product quality. The paper also clarifies the problems faced 
within automotive SMF.  

Authors’ contribution   

The author defined the structure of the paper, wrote the entire paper, built the basic 
simulation model together with Sigvant and incorporated in-line measured data 
within the simulation model while the tool deformations were incorporated by 
Pilthammar. Wall and Johansson contributed with recurrent feedback during paper 
writing. 



 

14 
 

4.2 Paper B 
Tatipala, S., Wall, J., Johansson, C. M., & Sigvant, M. (2018). Data-driven modelling 
in the era of Industry 4.0: A case study of friction modelling in sheet metal forming 
simulations. In Journal of Physics: Conference Series (Vol. 1063, No. 1, p. 012135). 
IOP Publishing.  

Summary 

Paper B presents an automated approach for in-line measured data processing and 
model configuration for use within process simulation models. The automated 
procedure is realized using a client-server model with an in-house developed 
application as the server, a numerical computing platform as one of the clients (client 
1) and a commercial Computer-Aided Design (CAD) software as the other client 
(client 2). The automation strategy, in the first stage, launches client 1 during which 
the collected data is processed. The output from the first stage is passed to the 
second stage where a CAD software is executed to configure the processed data into 
required form for use within process simulations. The presented approach reduces 
the time required for setting up process simulation model as well as improves the 
prediction accuracy. 

Relation to thesis  

Paper B relates to the thesis by highlighting the challenges associated with processing 
production data and its configuration for use within simulation models in addition 
to proposing an automated procedure for the same.  

Authors’ contribution  

The author defined the structure of the paper, wrote the entire paper and conducted 
all the work presented in the paper. Wall and Johansson contributed with recurrent 
feedback on the text of the paper while Sigvant ensured that the information stated 
regarding the production system is correct. 

 

4.3 Paper C 
Tatipala, S., Wall, J., Johansson, C. M., & Larsson, T., A hybrid data- and model-
based approach to  process monitoring and control in sheet metal forming. 
Submitted for publication. 

Summary  

Paper C reviews common process monitoring and control approaches while 
highlighting their limitations in handling the dynamics of the SMF process. A 
framework for enhancing process performance of automotive SMF, aimed at 
addressing the current limitations through a hybrid data-and model-based approach, 
is proposed. A hybrid approach is believed to benefit process performance by 
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capturing the deviations present in the real process while also incorporating the 
enhanced process knowledge derived from process simulations. The paper envisages 
that bringing monitoring and control realms within the production process to 
interact synergistically will facilitate the realization of such a hybrid approach. In 
conclusion, the paper reflects upon the significance of the presented framework in 
transitioning to the digital manufacturing paradigm. 

Relation to thesis  

Paper C proposes a framework that focuses on the applicability of the thesis findings. 
Additionally, the paper aided in the identification of specific gaps and prevalent 
shortcomings which helped the framework development. 

Authors’ contribution  

The author defined the structure of the paper, wrote major parts of the paper. Wall 
contributed with major edits on the written text as well as provided recurrent 
feedback together with Johansson and Larsson. 
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5 RESULTS 
This chapter summarizes the main results of the thesis. It presents how the results from the individual 
papers connect to build up the bigger picture. 

Automotive SMF is complex in nature with varying production conditions leading 
to problems in ensuring output product quality and consistent process performance. 
Current thesis aims to provide a deeper understanding of the challenges and 
opportunities in this regard within automotive SMF. High demands, shorter time to 
market, need for customized products and growing popularity of concepts like zero-
defect manufacturing are pushing manufactures to find new ways of improving 
efficiency leaving no room for errors. The dawn of Industry 4.0 has stimulated this 
further where the aim is to transform the manufacturing ecosystem into a connected 
environment in which typical components communicate/exchange data with each 
other to function synergistically and boost overall production efficiency. Improved 
ability to harvest production data as a consequence of development in measurement 
technology has led to advanced equipment installations within production plant for 
monitoring varying process parameters. However, these installations are often 
isolated and/or not fully utilized due to lack of the ability to translate collected data 
into actionable control responses. 

To gather a deeper understanding of the issues prevalent within automotive SMF, 
the thesis closely studied the production line producing the front door inner of 
Volvo XC 90. Initial visits to the production shop floor and discussions with the 
technicians revealed that inconsistent process performance leading to product 
quality issues are today tackled in different ways such as; manual process adjustments 
by expert operators, altering tool surfaces, replacement of tool, halting the process 
to drop tool temperature, trying different tool settings and so forth. Such procedures 
are expensive and are not certain to solve the problem. Furthermore, literature 
reveals that most modern SMF processes have control systems and multiple 
feedback loops which are oriented towards regulating the tool settings in response 
to process changes. However, these control systems often fail to cater for process 
fluctuations stemming from variations in input material batches such as varying 
material properties, lubrication amounts, material thickness etc., which affect the 
part quality. A major concern in solving such problems is the determination of the 
right combination of product-process settings to achieve the desired output product 
quality. In other words, the knowledge of the correlations between the product-
process parameters and the output product quality parameters is not readily known 
making it challenging to determine appropriate process settings for solving a 
problem without several iterations. To understand this further, the thesis conducted 
a simulation-based investigation considering the influence of material properties, 
tribology conditions and the tool forces on the output product quality (Paper A). 
The results revealed correlation between modelled tribology condition and predicted 
part quality. The investigation showed potential in enhancing knowledge of the 
complicated interdependencies between product-process parameters and their 
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influence on output product quality. For this, the underlying simulation model needs 
to be an accurate representation of the studied reality. A usual procedure to improve 
model accuracy is by carefully modelling the crucial elements of reality e.g., dynamic 
friction conditions, tool deformations and surfaces, etc., as presented in Paper A. In 
addition, the investigation also showed that incorporating in-line measured data 
within process simulation model enhances model prediction accuracy. This result is 
particularly interesting in the context of industry 4.0, where more and more in-line 
measured data is being harvested with the aim to exploit data for adapting and 
improving production processes. However, including in-line measured data within 
process simulations involved several challenges. This led to a further study (Paper 
B) which explored the aspect of including in-line measured data within simulation 
models, its challenges, opportunities and significance in improving accuracy of 
process simulations. The study showed that in-line measured data often need 
additional processing and configuration before incorporating them into simulations. 
Such tasks consume considerable amount of time and effort depending on the 
quality and quantity of data. Additionally, it is not common to incorporate in-line 
measured data within simulation software which explains the limited features in 
software for facilitating such tasks. Thus, Paper B proposes an automated strategy 
for data processing and model configuration tasks which is required before 
incorporating data within process simulations. The results showed that the 
automation of data processing and configuration tasks reduces the overall modelling 
effort required for building accurate process simulation models.  

The results thus far, showed that systematic investigations hold the potential to 
improve knowledge regarding role of product-process parameters in shaping the 
output product quality. Although, to be able to utilize this knowledge for adjusting 
production process, a further study was needed. Paper C explored the challenges and 
opportunities in regard to monitoring and control of SMF manufacturing process. 
The deployed approaches can generally be classified into two categories; data-driven 
or model-based. The former refers to approaches that extract necessary information 
for the underlying process model structure predominantly from operation data. The 
latter refers to approaches where the underlying model structure is based on apriori 
knowledge of the process and its behavior, normally deduced from high fidelity 
simulation models. Model-based approaches are generally popular within SMF 
processes since these incorporate the parameter cause-effect relationships and 
process behavior. However, there are several shortcomings associated with it. High 
fidelity process models have to be approximated to ensure execution in real-time, in 
practice reducing the models’ prediction accuracy. In addition, reduced process 
models do not take into consideration the disturbances prevalent within real 
production. On the contrary, data-driven approaches need minimal understanding 
of the inherent process mechanisms and are promising within production processes 
with large amounts of data. However, these approaches usually suffer from 
dimensionality issues, rely on sufficient data quality/quantity, suffer from data 
imbalance issues etc., thus limiting its scope within complex processes such as 
automotive SMF.  
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Figure 7. Schematic of the proposed framework. 

Literature reviewed believes that combining these approaches into a hybrid data- and 

upon the literature review findings and the learnings from previous studies, Paper C 
proposes a framework for enhancing output product quality and process 
performance within automotive SMF through a hybrid approach, see figure 7. The 
framework relies, besides process models, on in-line sensors and effective 
communication between the various components in the manufacturing 
environment. All sensors continuously stream data to the monitoring platform as 
well as the process control system. The former is used to supervise product/-process 
variables, detect faults, identify root-cause of faults, and to maintain process health 
while the latter is used to determine appropriate control response in order to 
diminish the gap between actual process output and desired process output. The 
hybrid approach framework is believed to improve process performance by catering 
for the deviations present in the actual process and incorporating enhanced process 
knowledge derived from process simulations. Additionally, the study envisages that 
bringing monitoring and control realms to interact synergistically within the 
production process would facilitate the realization of the hybrid approach. 
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6 CONCLUSIONS 
This chapter revisits the aim of the thesis and summarizes the main message of the thesis in relation 
to initially posed research question in addition to discussing interesting areas for future research. 

The thesis aims to explore the challenges and opportunities in regard to obtaining 
desired output product quality and ensuring consistent process performance within 
automotive sheet metal forming. Based on the thesis findings, it can be concluded 
that in-line measured data combined with process simulations hold the potential to 
unveil the convoluted interplay of process parameters on the output product quality 
in SMF process, answering up to the research question. The application of this 
knowledge in real production process can be facilitated by adopting a hybrid data-
and model-based approach that takes into account the current system state (product-
process properties) to determine appropriate control actions. The research highlights 
the significance of data and simulations to improve the SMF process understanding, 
predictability and performance. 

Research outcomes of the thesis in relation to an automotive SMF process are as 
follows;  

● a procedure for exploring the cause-effect relationship between the product-
process parameters and their influence on output product quality using 
process simulations and in-line measured data. 

● an automated approach to process and configure in-line measured data for 
incorporation within process simulations. 

● a framework for enhancing output product quality. 

Besides that, the thesis also adds direct industry applicable contribution to SMF; 

 lubrication profile of the blank has an influence on the predicted part 
quality. 

 including a lubrication profile based on data measured in the production 
line improves the prediction accuracy of the simulation model. 

 automation of the data-processing and model configuration tasks for 
incorporating lubrication profile within simulation model reduces the 
overall modelling effort. 

The research draws attention towards the need to move from phenomenological 
based insights to more structured investigation-oriented insights in order to improve 
the understanding and to support process control within automotive SMF. 
Comprehensive product-process parameter correlation knowledge augments the 
ability to adapt processes in response to non-stationary conditions and complex 
physical phenomena prevalent within automotive SMF. Allowing the monitoring 
and control realms within manufacturing process to function synergistically is 
believed to facilitate the implementation of the proposed framework. Furthermore, 
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the research accentuates the importance of the ability of transferring data between 
different systems and its exploitation moving forward into the industry 4.0 enabled 
manufacturing ecosystems.  

6.1 Future Work 

Interesting for future research is the further validation, implementation and test of 
the framework presented in Paper C. The knowledge derived from the findings of 
the thesis should be a good base for this. Additional research is needed to assess the 
validity and the applicability of results from individual papers for production of other 
automotive parts involving SMF. Likewise, it would also be interesting to explore 
how the findings from the current thesis within automotive SMF can be useful in 
contexts outside automotive manufacturing to address production problems arising 
due to process fluctuations and complexity. 

Furthermore, with the dawn of industry 4.0 and the increased access to data from 
different stages of product design and manufacturing opens several new 
opportunities. In this context, it would be interesting to explore the ability to design 
products for increasingly smart manufacturing facilities supporting the initial stages 
of the product development. 
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Abstract. The ability to control quality of a part is gaining increased importance with desires to 
achieve zero-defect manufacturing. Two significant factors affecting process robustness in 
production of deep drawn automotive parts are variations in material properties of the blanks and 
the tribology conditions of the process. It is imperative to understand how these factors influence 
the forming process in order to control the quality of a formed part. This paper presents a 
preliminary investigation on the front door inner of a Volvo XC90 using a simulation-based 
approach. The simulations investigate how variation of material and lubrication properties affect 
the numerical predictions of part quality. To create a realistic lubrication profile in simulations, 
data of pre-lube lubrication amount, which is measured from the blanking line, is used. Friction 
models with localized friction conditions are created using TriboForm and is incorporated into 
the simulations. Finally, the Autoform-Sigmaplus software module is used to create and vary 
parameters related to material and lubrication properties within a user defined range. On 
comparing and analysing the numerical investigation results, it is observed that a correlation 
between the lubrication profile and the predicted part quality exists. However, variation in 
material properties seems to have a low influence on the predicted part quality. The paper 
concludes by discussing the relevance of such investigations for improved part quality and 
proposing suggestions for future work. 

1. Introduction 
Sheet Metal Forming (SMF) is the process of transforming a piece of sheet metal into a desired shape 
[1]. During this process, a metal sheet called blank, is placed between a die and a blankholder that holds 
the blank with the correct amount of pressure. A punch then plastically deforms the blank to attain the 
desired shape. SMF is a complex process involving several non-linearities and other phenomena such 
as elastic deformation of dies, temperature variation of tools and varying tribology conditions [2,3]. One 
major concern during SMF is the quality of produced parts. Issues with quality can be recognized in 
diverse ways such as necking, fractures, surface defects, wrinkles and violation of geometric 
specifications due to excessive springback. Such issues incur increased costs, delays, resource wastage 
and reduce the overall production efficiency. To be able to control the quality of a part, it is important 
to understand the influence of various parameters affecting quality both directly and indirectly.  

Present work aims to examine the influence of material and tribology conditions on the prediction of 
part quality via numerical simulations. It is an initial step aimed towards achieving quality control within 
an Industry 4.0 framework. Industry 4.0 essentially means using data collected in real-time to integrate 
and improve manufacturing process [4]. Model-based control systems combined with knowledge about 
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how product behaves under various conditions has a potential in improving product quality [4]. 
Simulation models with reliable and validated prediction accuracy could improve knowledge about the 
system behaviour as well as support in creating mathematical models representing the system. These 
mathematical models could then guide control algorithms in real-time to decide upon the optimum 
product properties and tool settings that should be adopted for improved quality of parts. 

2. Research problem and approach 

2.1. The problem 
The part considered for this research is a front door inner panel of a Volvo XC 90 as shown in figure 1 
(left) [5]. This part is produced in five manufacturing steps involving drawing, trimming, flanging and 
restriking operations. Only the major forming step that involves drawing operation is considered for this 
study since it is assumed to affect the part quality the most.

Depending on varying conditions like stroke rate, cushion force or friction, it has been observed that 
wrinkles and fractures occur on this part resulting in instances where the formed part does not match 
geometric specifications. In addition, these issues tend to vary after a number of parts are produced and 
is suspected to be due to changing process conditions such as tooling temperature, sliding velocity 
between blank and die interfaces. Figure 1 (right) shows some regions with quality issues in production. 
Such issues are highly undesirable and decrease the overall production stability [3]. Volvo Cars has been 
actively doing research [6,7] to detect, understand and solve forming problems. This work builds on this 
previously conducted research.

2.2. The approach 
With the ultimate goal to control quality of a produced part, the present work aims to attain a preliminary 
understanding of the influence of material and lubrication properties (section 3.2.3) on the numerical 
predictions of part quality through SMF simulations. The first step towards this is to build a simulation 
model that could reliably account for production conditions, such as elastic press and die deformations 
and tribology system. The results from this simulation model can be compared with the measurements 
of the formed part in reality to validate the prediction accuracy of the model. Once a reliable simulation 
model is accomplished, influence of material properties and lubrication conditions can be investigated 
using the AutoForm-Sigmaplus [8] software module. This software module allows direct investigation of 
the influence of product properties by defining them as design variables and running multiple 
simulations while varying these design variables within stated quality targets. In addition, it is also 
possible to explore what-if scenarios by parametrically adjusting design variable values and studying 
how the model behaves in such situations. Finally, the simulation results and the observations from the 
production facility could be compared to improve knowledge and identify trends. 

Figure 1. Front door inner of a Volvo XC 90 (left) and regions in production with quality issues 
like fractures (dashed lines) and wrinkles (solid lines) (right). 
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3. Model Description 

3.1. Production system 
The part considered for this study is produced in a single action transfer press. The Material of the die 
is Cast Iron, GGG70L. The die and punch are chrome plated in some regions according to Volvo Cars 
recommendations. The blankholder surfaces are laser hardened and polished. The blank material is 
VDA239-CR4 with Galvanised Iron (GI) coating. The blank is 0.7 mm thick with Fuchs Anticorit 
RP41075 prelubrication. Data from the press, die and blank such as velocity profile of the press, scanned 
data of the die forming surfaces (section 3.2.1) and the lubrication amount across the blank (section 
3.2.2) are recorded for use in forming simulations. 

3.2. SMF simulation setup 
All forming simulations are carried out in AutoFormplusR7 software. The process forming tools, 
curves/points to define blank outlines and the trim sections for defining trimming profile are imported 
into AutoForm from the Volvo Cars database. Material model BBC2005 [9] is used for the blank 
material in all simulations. Details about the experimental measurements, the hardening model and 
corresponding parameters used in the material model can be found in [9]. All simulations use an inbuilt 
blankholder model with support type Force Controlled and loading condition Columns. These settings 
allow mimicking real press conditions. 

3.2.1. Including other SMF phenomena into simulations.  
To save computational resources, most commercial forming simulation software, including AutoForm, 
represent large 3D die structures as 2D rigid surfaces. Hence the press and die structures are assumed to 
be rigid in most industrial SMF simulations although these structures deform in reality [7]. Previous 
research [7,10] has demonstrated improvement in prediction accuracy by accurately accounting for press 
and die deformations in forming simulations. This paper has implemented the procedure presented in 
[7] to account for elastic press and die deformations within forming simulations. Figure 2 (left) shows 
the distance between the blankholder and die in z-direction when undeformed. This plot is created using 
Atos/GOM software in which the scanned surfaces of the blankholder and die are positioned such that 
the closest distance between them is 0.7 mm. This distance is equal to the blank thickness and is the gap 
expected between the blankholder and die in reality, just before the forming process has begun. 
However, as seen in figure 2 (left) many regions have a gap of almost double the sheet thickness which 
is due to manual reworking of the die surfaces before they are installed into the press. These gaps become 
uniform and equal to sheet thickness when the die is installed into the press due to elastic press and die 
deformations and not accounting for these deformations in the simulation models could render less 
prediction accuracy. Hence, a structural FE-model of the die and blankholder is built in Hypermesh 
using their CAD geometrical models. The surfaces of these CAD models are replaced with the scanned 
surfaces of the original blankholder/die and then solved in Abaqus. The result from the structural 
analysis produces die and blankholder deformations similar to that in reality with a uniform gap of about 
0.7 mm as shown in figure 2 (middle). These deformations are then transferred from 3D structures in 
Abaqus to 2D surfaces in AutoForm using sub-modelling. The deformed 2D surfaces are then used for 
forming simulations. For a detailed account of the followed procedure, the reader is referred to 
Pilthammar et al. [7]. 

Previous research [6,11] has demonstrated a strong influence of tribology conditions on part quality 
and an improvement in prediction accuracy by precisely accounting for tribological conditions. Research 
[6] at Volvo Cars presents an approach to accurately represent complex tribological phenomenon using 
TriboForm. TriboForm is a software that allows the user to numerically model and simulate interactions 
between sheet material, lubricants, process tools and coating materials [12]. The approach adopted in 
this work is based on the procedure proposed in [6]. A numerical model is built using information about 
process conditions and the involved tribology system. The TriboForm Analyser module is used to 
perform friction analysis in which, friction coefficients are calculated for a predefined range of process 
parameters such as relative sliding velocity between blank and die interface, local contact pressure, 
plastic strains in the sheet material and interface temperatures [12]. The result from this analysis 
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generates friction coefficient data points and is stored as a friction file. Figure 2 (right) shows a 3D plot 
of the generated friction file having two surfaces. One surface represents friction conditions for a 
combination of GI coating with laser hardening while the other surface represents for a combination of 
GI coating with chrome plating. These surfaces represent friction coefficient values for corresponding 
local contact pressure, relative sliding velocity and coating material. With the TriboForm FEM Plug-in, 
it is possible to integrate and use the generated friction file in the AutoForm software. This enables the 
allocation of dynamic friction coefficients during the forming simulation. 

Figure 2. Distance between blankholder and die in z-direction when undeformed (left) and when deformed (middle), 
3D plot of the simulated friction behaviour (right). 

3.2.2. Including in-line measurement data into simulations.  
An equipment to measure and monitor the amount of lubricant on the blank is installed in one blanking 
line at Volvo Cars which stores all measured data on a central server. This data is available to visualize 
both on site at the blanking line and offline. It is observed that the blank has a varying lubricant 
distribution along its length/width with lubricant amounts varying between 0.6 g/m2 to 2.3 g/m2. To 
mimic the lubrication distribution observed in reality, CAD geometry of the blank outline is divided into 
several sections by adding lines in Catia V5. Using the sectioned blank outline, a tailor welded blank 
with uniform thickness and material properties but varying lubrication amounts is then generated within 
the forming simulation software. 

Figure 3. Typical variation of lubrication along the length and width of the blank (left) and division of the 
blank in CAD based on lubrication data (right). 

Figure 3 shows the variation of lubricant along the length and width of the blank (left) and how the 
blank is divided into sections based on pre-lube measurement data (right). The benefit of this approach 
is twofold: Firstly, it allows to create a more realistic lubricant profile by making it feasible to assign 
individual lubricant amounts to each section (average lubricant amounts are assigned to each section in 
this case). Secondly, it enables to build a more robust Sigma setup by offering the possibility to vary 
lubricant amount in each section separately (section 3.2.3). After incorporating all above-mentioned 
phenomena into the model, it is run in the forming simulation software and validated (section 4.1) to 
verify the model’s prediction accuracy before proceeding to the numerical investigations. 
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3.2.3. Numerical investigations 
AutoForm-Sigmaplus is a software module dedicated for improving the robustness of SMF 
process/products and is fully integrated with AutoForm’s work environment [8]. It allows to define and 
vary a set of design variables within user-defined ranges and evaluate system behaviour under different 
values of these design variables. For example, in a usual simulation setup within AutoForm, a single 
value for blankholder force (nominal value) is specified. Using the Sigma module, it is possible to 
specify the range between which the force value can vary, that is, the upper and lower limits for the 
blankholder force. Based on the entered nominal value and range, the Sigma module automatically 
discretizes the range into a number of sample points and assigns values to these points for Sigma analysis 
based on a Latin hypercube approach [8]. This results in a set of points varying between the defined 
range for that design variable.  A similar procedure is used to calculate the set of points for all design 
variables. The Sigma module also allows to define dependency amongst various design variables. For 
example, in the present work, the blankholder force is applied through a column loading condition with 
the load equally distributed between two columns. It is necessary to define the dependency between both 
column loads for them to vary simultaneously. This is done by defining one of the variables as a Master, 
that is, as an independent design variable and the other as dependent on the Master variable. Such 
dependencies can be specified for all design parameters. A benefit with defining dependencies is that 
the number of independent variables amongst all design variables is reduced as is the number of 
simulations required for the Sigma analysis as explained further. The next step is to define the number 
of simulations required for carrying out the Sigma analysis. This can be done in two ways; one way is 
to use the default setting, Automatic, in case of which, the software recommends a value for the required 
simulations based on the number of independent Sigma variables defined. Another way is to manually 
input the desired number of simulations, with the least possible number of simulations being 12. The 
created set of points is used to vary the value of design variables during different simulations. Using the 
procedure detailed so far, two unique Sigma configurations with different variables are created and its 
main characteristics are summarized in table 1. 
 

Table 1. Main characteristics of Sigma model configurations. 

Design 
variables 

 
Configurations 

Material 
coating 

Material 
Scatter 

No. of 
sections 

Blankholder Force (Tonne) 
 

Lubricant (g/m2) 

Nominal Range Nominal Range 

Config 1 GI Yes 1 150 130-300 2.0 1.0-3.0 

Config 2 GI No 5 150 130-300 
1.0 
1.5 
2.0 

1.0-2.0 
1.5-2.5 
2.0-3.0 

 
Configuration 1 intends to investigate the effect of material property variation on the quality of the 

part. For this purpose, three independent material variables namely, Lankford coefficient (R), Tensile 
stress (Rm) and yield stress (Rp0.2) are created. A preliminary analysis of the raw data from material tests 
is conducted to identify the upper and lower limit values for the created material variables. Then the 
range within which these material variables should vary are entered based on which the Sigma module 
automatically creates the sample points for Sigma analysis using the procedure mentioned earlier. Two 
other design variables namely, blankholder force and lubricant amount are also created to examine 
whether variations of these variables have a higher influence than variation in material variables. In this 
case, the blank is not divided into any sections since the purpose with lubricant variation is only to see 
whether it has a higher influence than material property variation.  

Configuration 2 intends to investigate the effect of lubrication amount variation on part quality. To 
be able to incorporate a realistic lubrication profile, the blank is divided into 5 sections using the strategy 
outlined in section 3.2.2. Then, unique lubrication variables are created for each section. Lubrication 
variable for 1 of the sections is defined as master and the remaining variables are defined as dependent 
on the master with a positive dependency. This allows variation of the lubricant amount for the entire 
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lubrication profile simultaneously without disturbing the profile shape. Since the Sigmaplus module in 
AutoFormplus R7 doesn’t allow assigning lubricant value less than 1 g/m2, the starting value for all 
lubrication amount ranges is defined as 1 g/m2 and is varied discretely as per calculated sample point 
values (section 3.2.3). A blankholder force variable is also created to be able to visualize the effect of 
lubrication variation at different blankholder forces. All other settings of the Sigma model are similar to 
the initial simulation model (section 3.2). All Sigma models are run on Volvo Cars remote server with 
the respective number of simulations for configuration 1 and 2 being 80, 32. The element type used is 
triangular elastic plastic shell elements with an initial mesh size of 20mm and 5 integration points over 
the sheet thickness. 

4. Results and Discussions

4.1. Validation 
A common approach to validate the prediction accuracy of the simulation model is to compare the strain 
measurements from a real part with the strain predictions from simulation results. Since it was not 
possible to conduct strain measurements on the real part, the second-best option is to compare the 
thickness of the formed part with the thickness from simulation results. Thickness measurements on the 
real part were conducted in 50 points using a high-precision ultrasonic measurement device. Figure 4 
(left) shows the material thickness from the measurements (only few points) and from the simulation 
results. On comparison, it is noticed that the difference between both results lie in the range of 2% to 
5%. This implies that on average, both measurements differ by 3.5 % which depicts that the result 
correlates quite good and that the prediction accuracy of our simulation model is satisfactory.  

4.2. Influence of material properties and lubrication amounts 
One way to visualize the influence of varying material properties and lubrication amounts is by 
observing the variation in major strain. Major strain is the value of strain corresponding to the major 
deformation axis. A variation in major strain result at a particular point depicts the difference between 
the maximum and minimum major strain value from the Sigma simulation. An increase in major strain 
value beyond the forming limit curve for necking indicates that the part has failed. A higher variation in 
major strain due to variation of a Sigma variable indicates a higher probability of failure in that region 
of the part. In addition this also indicates a larger influence of that Sigma variable on the predicted part 
quality. Figure 4 (right) shows the variation in major strain due to variation of material properties (that 
is variation of R, Rm and Rp0.2). It is observed that variation of these material properties has very low 
influence on the variation of major strain for the considered part geometry. 

Figure 5 shows the plot of major strain variation due to all sigma variables for configuration 1 (left) 
and 2 (right) with 1 and 5 blank sections respectively. Configuration 1 has an additional sigma variable 
for material property variation which has minor influence on the major strain variation as already seen 
in figure 4 (right). As seen in table 1, the lubrication range in the marked region of figure 5 varies from 

Figure 4. Comparison of measured (marked points) vs predicted material thickness (left) and variation in major 
strain due to variation of material properties from simulation results in absolute scale (right). 
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1-3 g/m2 for configuration 1 whereas from 2-3 g/m2 for configuration 2. Even though the lubrication 
variation of configuration 2 is less than that of configuration 1, configuration 2 shows a higher variation 
in major strain than 1. In other words, the marked areas in figure 5 predicts a larger variation in major 
strain for blank with 5 sections than for blank with 1 section. It is also observed that the maximum value 
of major strain is higher for configuration 2 than for 1. This expresses that depending on how the 
lubrication profile is modelled, the simulation produces different predictions. 

During SMF, on increasing the blankholder force, the blank is held more tightly due to increased 
restraining force. At a certain value of blankholder force, this restricts the flow of material to an extent 
that results in fracture due to excessive thinning. To examine whether the simulation results depict a 
similar trend, the formability result from Sigma analysis at maximum blankholder force for blank with 
1 and 5 sections is examined as shown in figure 6, left and right, respectively. The Formability result 
gives a quick survey of the parts ability to form into the desired shape based on the computed results 
considering the strain state in forming limit diagram. The marked area in figure 6 predicts a risk of splits 
in the case of blank with 5 section (right) while no risk of splits in the case of blank with 1 section (left). 
This indicates a difference in predictions when modelling lubrication profile in different ways. 

5. Conclusions 
This research is an initial step towards achieving quality control of parts manufactured in production. 
The current need is a shift in the trend from solely controlling production tool parameters to controlling 
product properties and process conditions. The present research demonstrates a procedure to investigate 
the effects due to variation of design parameters on the simulation results using a commercial forming 
simulation software. The material and lubrication properties are varied over a certain range and the 
effects due to this variation are visualized and compared to gain a preliminary understanding of the 
effect of these parameters on the numerical predictions of part quality. Results indicate a correlation 
between numerical predictions of the part quality and the part lubrication. Depending on how the 
lubrication profile is modelled, some regions in the part exhibit different variations in major strain and 
formability results. The suggested way to model lubrication is to use pre-lube measurement data from 
the production line. The approach for including phenomena such as elastic press and die deformations, 
modelling realistic friction conditions and building lubrication profile using pre-lube data is also briefly 
discussed. It must be noted that all conclusions stated are valid only for this study, that is, for the part, 
lubricant and coatings used in this work. More investigations on several car parts are needed in order to 
generalize and gain a deeper understanding of these results. From a broader perspective, more of such 
investigations would improve knowledge about what affects part quality and how issues with quality 
can be solved. This could potentially improve the quality of manufactured parts, reduce the time spent 
on identifying and solving quality issues by providing improved decision support. In future, such 
investigations could provide the capability to predict the required product /process conditions in order 
to meet desired quality targets. 

Figure 5. 
section (left) and 5 sections (right).

Figure 6. Formability plot at maximum blankholder 
force for blank with 1 section (left) 
and blank with 5 sections (right).

Max: 0.18 

Min: 0 
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6. Future work 
Future research will involve a more detailed investigation. Some ways to take this research forward 
could be as follows: Firstly, strain measurements from the real part should be compared with 
measurements from simulation results to verify the accuracy of this model in detail. The present research 
considers lubricant distribution only on one side of the blank since only single side measurements were 
available. However, the blank in reality has lubricant present on both sides. Next steps could be to model 
lubricant distributions of both sides when lubricant measurements from both sides are available. 
Processing lubricant data consumes time and resources. Future research could aim at building an 
automated pre-lube data processing strategy with as many pre-processing tasks automated as possible. 
The forming process involves large loads over varying frictional conditions. This results in temperature 
rise of the process tools even in a cold forming setup. Future research should study the influence of 
temperature variance on the prediction of part quality. Present research only includes the major forming 
step. Future research should model all forming steps. Furthermore, springback phenomena can be 
modelled to investigate its effect on part quality. The present work has applied methods and approaches 
to a single car part, the Volvo XC90 front door inner. Future research should also investigate whether 
the observed trends and results are valid for other parts as well. 
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Abstract. With growing demands on quality of produced parts, concepts like zero-defect 
manufacturing are gaining increasing importance. As one of the means to achieve this, industries 
strive to attain the ability to control product/process parameters through connected 
manufacturing technologies and model-based control systems that utilize process/machine data 
for predicting optimum system conditions without human intervention. Present work 
demonstrates an automated approach to process in-line measured data of tribology conditions 
and incorporate it within sheet metal forming (SMF) simulations to enhance the prediction 
accuracy while reducing overall modelling effort. The automated procedure is realized using a 
client-server model with an in-house developed application as the server and numerical 
computing platform/commercial CAD software as clients. Firstly, the server launches the 
computing platform for processing measured data from the production line. Based on this 
analysis, the client then executes CAD software for modifying the blank model thereby enabling 
assignment of localized friction conditions. Finally, the modified blank geometry and 
accompanied friction values is incorporated into SMF simulations. The presented procedure 
reduces time required for setting up SMF simulations as well as improves the prediction 
accuracy. In addition to outlining suggestions for future work, paper concludes by discussing the 
importance of the presented procedure and its significance in the context of Industry 4.0. 

1. Introduction 
Manufacturing practices are rapidly evolving with continual advancements in material sciences, 
production and information technology [1]. New generation products demand higher quality, better 
features, shorter development times, improved performance and customization at an affordable price. 
This trend appears to augment even further with the dawn of fourth-industrial revolution (Industry 4.0). 
Although, there are several definitions of the term Industry 4.0, at its heart, it aims to collect data in real-
time for integrating and improving entire manufacturing process [2]. In the context of sheet metal 
forming (SMF) [3], this means to attain the ability to control product/process parameters through 
connected manufacturing technologies and model-based control systems that utilize process/machine 
data for predicting optimum system conditions without human intervention. 

SMF is a complex nonlinear process with changing product/process conditions such as die 
deformations, tooling temperatures, material scatter, lubrication amounts and sheet mechanical 
properties [4]. Due to such variations, it is difficult to guarantee the quality of a manufactured part 
although a lot of new concepts endeavor on monitoring and controlling the production process [5]. One 
way to achieve control in manufacturing is through control systems. At an abstract level, a control 
system consists of a sensor that collects data (usually related to product properties), a prediction model 
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that can predict appropriate future state of the production system based on its current state and a 
controller that proposes required change to the production system (typically an input to the actuation 
mechanism) to get product properties closer to the desired specifications [2]. The data collected by 
sensors is used to assess whether current system settings are suitable to achieve desired product 
specifications. Using a prediction model, a controller determines the change required in production 
system. The effect of this change is again measured by sensor and the process is repeated.  The efficiency 
of a control system depends on several factors such as the measuring capability of the sensor (sufficient 
bandwidth to capture variations [2], robustness to withstand high loads/disturbances [5]), production 
systems response to change (sensitivity, flexibility) and robustness of prediction mechanism (fidelity, 
timeframe, prediction model, knowledge management/re-use). Building a reliable prediction model, 
requires knowledge about how system behaves under various conditions. One way to derive knowledge 
about system behavior is via numerical SMF simulations. Since the reliability of simulation models is 
proved by real data [5], it is desirable to include data from production within simulation models.  

However, building data-based simulation models suffers from several challenges amongst many such 
as, limited capabilities provided by modern SMF simulation softwares to incorporate production data, 
the time required to analyze data and translate it for use in simulations. This research presents an initial 
procedure to address these challenges in addition to discussing the significance of data-based 
simulations within an Industry 4.0 framework. Present contribution demonstrates an automated 
approach for analysis of data measured in production and its configuration for use in SMF simulations. 
Previous research [6,7] have shown influence of lubrication modelling on the prediction accuracy of 
simulation models and it is of interest at Volvo Cars to account for these in simulations. This research 
intends to lower the threshold for building data-based simulation models and the time consumed for the 
same through a preliminary case study. For this purpose, the case study has chosen to use pre-lube 
lubrication data on the blanks.  

2. Production system and measurement setup 
The part considered in this research is a front door inner of a Volvo XC90 and is produced in a single-
action transfer press. Firstly, a coil of sheet metal is converted into blanks at the blanking line in one 
manufacturing step involving trimming and piercing operations. Then the blanks are fed into a transfer 
press in groups of 200-300 blanks per pallet. The final geometry of the part is attained at the transfer 
press in five manufacturing steps involving drawing, trimming, flanging and restriking operations. The 
blank thickness is 0.7 mm and has a pre-lube (Fuchs Anticorit RP4107S) lubrication on it for corrosion 
prevention. An equipment to measure and monitor the amount of lubricant on the blank is installed in 
the blanking line at Volvo Cars which stores all measured data in a central directory. It stores data such 
as the coil number, coil feed rate, lubricant type, sensor tip as well as length position, lubricant amount 
and date/time stamp for each measured point. This data is available to visualize both on site at the 
blanking line and offline using a data viewer [8]. The visualization presents quick statistical analysis of 
the measured data such as standard deviation, minimum/maximum value of the lubricant amounts and 
contour plots of lubricant variation along the length/width of the coil. The expected lubricant amount 
throughout blank is 1 g/m2. However, it is observed that the blank has a varying lubricant distribution 
along its length/width with values between 0.6 g/m2 to 2.3 g/m2. The variation could be due to several 
factors such as transportation of the coil, coiling/uncoiling, contact between the sheet surfaces when the 
coil is rolled. This variation is not accounted within SMF simulations at Volvo Cars today with a uniform 
lubricant amount assigned to the entire blank. The following section presents a detailed description of 
the proposed automated procedure. 

3. Results 

3.1. Automation strategy 
To perform data analyses, configuration (that is to translate data into specific form) and geometry 
manipulation in an automated fashion, communication between involved modules is required. For this 
purpose, a strategy inspired from client-server model is adopted with 1 server and 2 clients where a 
server (the controller) communicates with the clients (the service provider) for execution of a task. 



NUMISHEET2018            IOP Publishing 
IOP Conf. Series: Journal of Physics: Conf. Series 1063 (2018) 012135   doi :10.1088/1742-6596/1063/1/012135

39 

Present work uses an in-house developed application in VB.NET [9] as the controller, MATLAB [10], 
a numerical computing platform, as client 1 (for data processing) and CATIA V5 [11], a CAD software, 
as client 2 (for geometry manipulation and localized lubricant assignment). Figure 1 depicts a simplified 
workflow of the automated approach. In the first step, the controller launches the data processing module 
for data analysis. After the analysis is finished, arguments are passed back to the controller. In the next 
step, the controller launches CAD software for dividing the blank geometry into several sections. 
Finally, the result from this analysis is used as an input for SMF simulation which is performed in 
AutoFormplusR7 [12]. 

Figure 1. Workflow of the automated procedure. 

3.2. Data processing 
The coil feed rate at the blanking line varies between 20 m/min and 40 m/min. The typical number of 
measured data points over an hours’ time for a coil feed rate of 25 m/min is equal to half a million. This, 
corresponds to approximately 200 measurement points on each trimmed blank. The data points 
measured across the blank is in a diagonal direction since the sensor moves back and forth along the 
width of the coil relative to the coil feed direction. Figure 2 (left) shows motion of sensor tip with respect 
to coil length. The data measured in production is exported as an excel file using the data viewer. The 
purpose of data analysis is to gain a deeper understanding of how data is varying over time, conduct 
statistical analysis and based on this understanding translate data into a specific format for use in SMF 
simulations. For this purpose, the controller, in the first stage, launches the data processing module and 
executes a script. The script contains a generic algorithm developed for handling lubrication data. 
Firstly, the algorithm loads the measurement data file from the directory and imports data. Present work 
considers measurement points of 200 blanks since it is assumed to satisfactorily represent the variation 
in lubrication profile for blanks corresponding to the same pallet.  

The data points are imported in a series format with each data type stored in a column vector having 
the number of rows equal to the number of data points. In the next step, the algorithm sorts the data such 
that all data points for a particular sensor tip position are aligned. It is observed that the variation of 
lubricant amount at a particular sensor tip position along the coil length is quite less when compared to 
the variation along the coil width. It is assumed that the mean of all lubricant values along the coil length 
corresponding to a particular sensor position satisfactorily represents the average lubricant amount at 
that position. Hence the next step of the algorithm calculates mean of all lubricant values corresponding 
to each sensor tip position. The plot depicted in figure 2 (middle) shows the same. It can be observed 
that the lubricant amount along the width varies in a pattern with higher lubricant amounts at the edges 
of the blank and lower lubricant amounts towards the center. It is not possible to use this lubricant profile 
directly within AutoForm. A workaround to mimic the trend of lubricant variation within SMF 
simulations could be divide the blank into several sections and assign average lubricant amounts to each 
section. However, the challenge is to decide the number and the position of each section along the blank 
width where the division should be made. One alternative is to create an algorithm which identifies 
point/s along the lubrication profile where the mean value changes abruptly and assign a section at that 
point. However, it is challenging to identify abrupt changes in the lubrication profile depicted in figure 
2 (middle) which has several outliers (or points away from the profile center). To get rid of these outliers 
the next step of the algorithm calculates a moving mean of lubrication profile plotted in figure 2 (middle) 
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using the function movmean [10]. This function calculates a moving average along the lubrication 
profile, considering a user defined number of data points. In other words, it computes a centered moving 
average along the lubrication profile for a sliding window size of user-defined length [9]. Additional 
function arguments Endpoints and shrink are used to control the calculation of mean near the endpoints. 
This allows to reduce the window size near the end points when the number of data points is less than 
the window size. The window size is set to 80 data points, which means that 80 points along the 

Figure 2. Motion of sensor tip against coil length (left), Mean (middle) and moving mean (right) of all 
data points corresponding to each sensor tip position. 

If a small number of data points is considered within sliding window, it outputs a curve that better 
follows the previously plotted lubrication curve, hence also incorporating outliers. It is required to both 
follow the central tendency of the lubrication profile and eliminate the outliers. Since 80 data points 
within the sliding window satisfactorily achieves this and hence it is used. Figure 2 (right) shows a 
moving mean plot of lubrication profile depicted in figure 2 (middle) with 80 data points in sliding 
window. The next step is to identify the number/position of the sections to be created and this is achieved 
using function findchangepts [10]. This function allows to specify input arguments such as the maximum 
number of division points, input vector (lubrication profile in our case) and the statistical property based 
on which the division should occur. The statistical property could be variance, standard deviation, mean 
or a spectral characteristic, although the function works best for the statistic property mean [10]. Hence 
the statistical property chosen is mean. The function findchangepts runs an algorithm that identifies 
abrupt changes in the mean value along the lubrication profile while minimizing the total residual error 
[10]. This means that for a given signal with sample points x1, x2, x3, ….. xN, and for a maximum number 
of K changes to be identified, the function minimizes J(K) in equation (1) [10]. Here k0 and kK are 
respectively the first and last sample of the signal, χ is the section empirical estimate, ∆ is the deviation 
measurement and β is the proportionality constant corresponding to a fixed penalty added for each 
change point [10]. For an in-depth explanation of the algorithm, please refer [10]. 

J K = ∆ xi; χ xkr
………xkr+1-1 +βK

kr+1-1

i=kr

K-1

r=0

The maximum number of change points could be set 
changepoints will lead to more sections as a lot of changepoints would be detected in the regions having 
steeper slope. More sections imply a computationally costlier SMF simulation. Hence 4 changepoints is 
decided to be a reasonable number. Figure 3 (left) shows the division of lubricant profile using function 
findchangepts with a maximum number of changepoints to detect equal to 4. The horizontal lines 
represent the calculated lubricant amounts corresponding to each section. In the next step, the algorithm 
passes the information about section division (i.e., position and the calculated lubricant amounts for 
each section) as an output to the controller. 

3.3. CAD geometry manipulation 
In the next stage, the controller launches and executes CAD. This allows access to the objects, methods 
and properties in CAD. An algorithm is written to modify the blank outline in CAD. This algorithm 
imports the blank outline, adds new lines to the blank outline at specified distances using the input from 
previous step (to divide blank into sections) and saves the geometry. Figure 3 (right) shows the 
automatically divided blank geometry. Finally, the sectioned blank is imported into AutoForm software 

(1) 
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and the calculated lubricant amounts are assigned to each section. This way pre- lube measurement data 
is incorporated into SMF simulations.  

Figure 3. Lubricant profile division in data processing module (left) and Automatic 
generation of blank sections in CAD with localized lubrication amounts (right). 

3.4. Validation 
Preliminary investigations to study the effect of lubrication profile on prediction of part quality were 
conducted in [6] using the same part as considered in this research. For a detailed explanation of the 
simulation setup refer [6]. The results predicted different part quality for two similar SMF simulation 
setups except that one had a uniform lubricant amount with no sections and the other had a varying 
lubricant amount with 5 sections. Figure 4 middle and right show the formability result for the two 
simulation models with no blank sections and five blank sections respectively. The result predicted with 
5 blank sections is closer to the formability of the part in reality. The investigation also shows that 
prediction of for blank with 5 sections is larger than that with no section. 

Figure 4. Simulation setup with sectioned blank outline (left), Formability plot for model with no blank 
sections (middle) and 5 blank sections (right). 

4. Discussion 
Past decade has seen a rise in the usage of sensors to harvest production data with the aim to integrate 
and facilitate communication between various elements of production system. However, it has been a 
challenge to achieve this due to limited capability of analysing and interpreting data. Furthermore, due 
to inherent process variations and complexity, the ability to use this data to attain optimum production 
system settings has also suffered. Another challenge is the ability to include this data within SMF 
simulations to increase knowledge about how the system behaves under various conditions. Present 
contribution addresses these challenges through an initial case study. The work proposes an automated 
procedure to analyse, interpret and configure data measured from the production system. The present 
work also demonstrates a procedure to model the pre-lube lubrication data within SMF simulations. It 
should be possible to extend and adapt this approach to other types of production data (for ex; 
temperature variation of tool), however this is yet to be confirmed and could be a focus for future study. 
Adopting automated data processing procedures benefits by offering consistency, efficiency and 
reproducibility. Control nowadays is focussed on achieving desired product properties rather than 
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controlling tool displacement. Model-based control systems hold potential to support in this context and 
rely upon robust prediction models [2]. The knowledge gained from data-based simulations, upon 
validation, can be used to build robust prediction models. Knowledge of cause and effect chains could 
also be used to describe the process characteristics in the form of mathematical models [5].  

5. Conclusions 
Present research has demonstrated an automated procedure to analyse, interpret production data and 
configure data for use within SMF simulations. The presented procedure reduces time required for 
setting up SMF simulations as well as improves the prediction accuracy.  

6. Future work 
Focus of future research will, in general, be concentrated upon automation and decision support systems 
to assist in making informed decisions in the early phases of product development. Future research will 
focus to extend the presented approach to include other data from production such as temperature 
variation of process tools. Present research considers pre-lube lubrication amounts while future research 
could add external lubrication and examine its effects. Measurement only on one side of the blank is 
considered in this work. In reality, lubrication is present on both sides of the blank. Next step could be 
to measure and model lubricant data on both sides of the blank. Future research could also focus efforts 
on building mathematical models representing production process characteristics. 
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Abstract: Ability to predict and control the outcome of the sheet metal forming process demand 

holistic knowledge of the product/process parameter influences and their contribution in shaping 

the output product quality. Recent improvements in the ability to harvest in‐line production data 

and  the  increased  capability  to  understand  complex  process  behaviour  through  computer 

simulations opens up the possibility for new approaches to monitor and control production process 

performance  and  output  product  quality.  This  research  presents  an  overview  of  the  common 

process monitoring  and  control  approaches while highlighting  their  limitations  in handling  the 

dynamics of the sheet metal forming process. Current paper envisages the need for a collaborative 

monitoring and control system for enhancing production process performance. Such a system must 

incorporate comprehensive knowledge regarding process behaviour and parameter  influences in 

addition to the current‐system‐state derived using in‐line production data to function effectively. 

Accordingly, a  framework  for monitoring and control within automotive sheet metal  forming  is 

proposed. The framework addresses the current limitations through the use of real‐time production 

data,  and  reduced  process  models.  Finally,  the  significance  of  the  presented  framework  in 

transitioning to the digital manufacturing paradigm is reflected upon. 

Keywords:  in‐line  measurement  data;  modelling  and  simulation;  product  quality;  process 

performance; process monitoring and control; Industry 4.0; sheet metal forming 

 

 
1. Introduction 

The  sheet metal  forming  (SMF) process  involves non‐stationary  conditions  and  complicated 

phenomenon such as non‐linearities, temperature variation, batch‐to‐batch fluctuations in material 

properties  and  complex  product  geometries, making  it  challenging  to  achieve  desired  product 

specifications and ensure process performance [1‐5]. Due to the high tooling costs associated with 

SMF,  justified  by  large‐volume  and  efficient production  runs, product  quality  control  is  of  high 

importance [6]. Timely detection, diagnosis (identification of root‐cause) and correction of a fault is 

hence paramount to enhance process performance leading to improved product quality and reduced 

production costs. 

In  the  past,  most  industrial  process  monitoring  (IPM)  approaches  were  focused  on  fault 

detection i.e., on the ability to detect a fault and reduce the time between a faults’ occurrence and 

detection [7]. More recently, with concepts like zero‐defect manufacturing gaining importance, the 

focus has shifted towards fault diagnosis and troubleshooting activities that consume a considerably 

larger portion of the process downtime [1,7] compared to fault detection activities. In this context, 

several data‐driven [7‐11], model‐based [12‐14] and statistical [15] approaches have been proposed 

to  support  the  identification  of  the  underlying  root  cause  of  a  fault.  However,  most  of  these 

approaches  lack  features  necessary  to  completely  diagnose  and  isolate  a  fault  [16].  Similarly, 

numerous control approaches have been developed to regulate increasingly complex manufacturing 

processes [17,18]. Although these approaches have gained significant popularity within sophisticated 

manufacturing processes  such as  in semiconductor production or chemical plants,  their potential 

within other manufacturing domains such as metal forming remain underexploited [18]. Most control 
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approaches within metal forming aim to control and optimize machine parameter settings instead of 

the  product  properties  which  is  usually  the  property  of  interest  for  the  end  customer  [6,19]. 

Furthermore, the control actions in such approaches are generally based on either offline models, or 

the online process models which involve several approximations to be computationally feasible [19]. 

In both cases, the influence of product‐process parameter correlations on the output product quality 

is overlooked by not explicitly modelling such complex relationships [20]. Thus, in the presence of 

changing production conditions, the overall effectiveness of control loops is affected leading to higher 

costs and process downtime. To summarize, the prevalent monitoring approaches lack features to 

comprehensively  analyze  and  isolate  parameter(s)  causing  process  upsets  [7].  Similarly,  control 

approaches within complex automotive processes such as sheet metal forming, although effectively 

controlling production tool settings [19], encounter challenges due to varying production conditions 

leading to inconsistent output product quality and process faults.  

One way to deal with this issue is by combining data‐driven and model‐based approaches into 

a hybrid procedure [7,19]. Data‐driven refers to approaches that extract necessary information for the 

underlying process model structure predominantly from operation data (in addition to subsidiary 

sources such as background process knowledge, process flowsheets, etc.). Industry 4.0 [21] promises 

new opportunities in this context which would facilitate collection, transmission and exploitation of 

production data to adapt/improve the manufacturing processes. Model‐based refers to approaches 

where the underlying model structure is based on apriori knowledge of the process and its behaviour 

which  is  deduced  from  first‐principle models  thus  incorporating  quite  detailed  process‐specific 

structure. 

Current work  proposes  a  framework  for  enhancing monitoring  and  control  of  sheet metal 

forming through a hybrid data‐ and model‐based approach. The proposed framework uses data from 

production  to  capture  the  observations/ deviations present  in  the  real process while  the process 

model helps to interpret this data using knowledge of the process behaviour derived from advanced 

physics‐based simulation models. The guiding research question of the paper is; 

RQ: What are  the  shortcomings of  the process monitoring and  control approaches within  sheet metal 

forming and how can these be mitigated? 

 

2. Research Approach  

The  research presented  in  this paper  is structured using  the  framework proposed by Design 

Research Methodology  (DRM)  [22], consisting of  four stages. DRM approach  is chosen because  it 

involves very  intuitive steps which support clear problem formulation, analysis and solution. The 

first  stage, Research Clarification  (RC)  aims  to gather  an understanding  of  the problem,  explore 

literature and formulate a research plan. The second stage, Descriptive Study I (DS‐I) looks deeper 

into  a  specific  situation/case,  highlights  the main  issues  involved  and  develops  a  clear  line  of 

argumentation. In the Prescriptive Study (PS) stage, the desired support is deliberated and realized 

while in the final Descriptive Study II (DS‐II) stage, the efficacy of the developed support to address 

the issue at hand is evaluated. Current research builds upon research [5,23,24] previously conducted 

with a  leading global automotive manufacturer. Research  [5,23,24] comprised of  the RC and DS‐I 

stages which started by understanding  the problems  faced by  the  industry  in relation  to  the case 

investigated, gathered empirical data through industrial visits to clarify specific research challenges 

followed by investigation and exploration using simulation tools. The current paper constitutes an 

additional RC and an initial PS, in extension to the RC conducted previously.  

Papers  for  literature  review  were  collected  through  Scopus  and  Google  Scholar  databases, 

proceedings of conferences related to the research context. Snowballing technique [25] was used for 

finding  additional  relevant  literature.  Initially,  state  of  the  art  (SOTA)  papers  in  the  domain  of 

monitoring and control of manufacturing processes were studied  in order  to gain an overarching 

summary of the methods employed for dealing with product quality issues and process upsets while 

understanding the challenges involved. Further, approaches within the application domain of SMF 

were examined to identify gaps and opportunities. The review included papers written in English 

and published in relevant journals, conferences. The papers were filtered by reading the title, abstract, 
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conclusion in the initial stage to judge its relevance to the research context followed by reading the 

full‐text.  The  list  of  selected  papers were  thoroughly  read,  analyzed  and  the main  points were 

extracted.  Finally,  based  on  the  previous  research  [5,23,24]  together  with  the  literature  review 

conducted in the current paper, a framework for monitoring and control within automotive SMF is 

proposed. 

 

3. A theoretical basis for process monitoring and control 

Monitoring and control of manufacturing processes is challenging due to the wide number of 

process parameters  involved  in shaping the output product characteristics [19]. Broadly speaking, 

the  topic  of  monitoring  and  control  of  complex  manufacturing  processes  can  encompass 

methodologies  at  several  levels  within  the  manufacturing  realm;  e.g.,  production  process  and 

equipment  level, manufacturing  systems  level  and production operation planning  level. Current 

paper limits its scope to the production process and equipment level. The following section provides 

an overview of the methodologies employed at production process and equipment level.  

 

3.1. Process Monitoring 

Industrial Process Monitoring (IPM) is an activity that involves tracking of machinery, systems 

and processes  in real‐time  to achieve production consistency, safety and economic viability [7]. The 

focus of IPM has evolved through the years, initially almost entirely dedicated towards improving fault 

detection performance while more recently, diagnosis and root‐cause analysis is gaining importance in 

which the set of variables causing a fault are identified and isolated [16]. Moving forward, the emphasis 

is in the direction of predictive analytics where the evolution of operational risks is assessed, aiding 

better  planning  and  shutdown  operations,  minimizing  production  losses  and  securing 

equipment/operator safety [7]. 

[16] presents a review on the prevalent process monitoring approaches highlighting recent trends 

within IPM and the variety of approaches emerging within applied statistics, engineering and machine 

learning communities. The  review points out  that  classical monitoring approaches,  incorporating a 

generic  probabilistic  model  structure  representing  normal  operating  conditions  (NOC),  such  as 

Shewhart [26], EWMA, and CUMSUM [27], are unsuitable for root cause analysis as these methods do 

not contain process‐specific structure information other than the parameter estimates of the NOC model 

obtained from process data [7]. Modern industrial settings are characterized by increasing data volumes 

and  dimensions,  non‐stationary  dynamics,  heterogeneous  datasets  and  need  monitoring  of  the 

correlation  structure.  As  a  consequence,  monitoring  approaches  have  evolved  to  multivariate 

approaches and  further  to high‐dimensional methodologies  such as Principal Component Analysis 

(PCA) and Partial Least Square  (PLS)  [7]. However,  these approaches are non‐causal  in nature and 

hence would lead to ambiguous results when used for fault diagnosis purposes [16]. A good example 

is the smearing‐out effect in PCA based process monitoring [28‐30] in which, for a given change in the 

monitoring statistic, the method is not able to distinguish between the set of variables causing a fault 

and the variables which are a consequence of the fault.  

As a response to this limitation, subsequent approaches aimed at incorporating more of the causal 

information into process NOC models, i.e., the knowledge regarding causes and effects of a change in 

state  are  embedded  into  the  underlying model  structure  to  effectively  guide  fault  diagnosis  and 

troubleshooting activities. A common perception amongst process monitoring research [7,16,31] is that 

the inclusion of process‐specific information into the monitoring methods shall bring extra sensitivity 

towards process fluctuations leading to finer fault detection/diagnosis. Though this will benefit the fault 

detection capability,  fault diagnosis/troubleshooting activities will reap significantly greater benefits 

from the added sensitivity since these activities are known to consume considerably larger portion of 

the process downtime [7].  The approaches in this context may be divided into two categories, data‐

driven or model‐based. Some examples of the data‐driven approaches and model‐based in this context 

approaches can be found in [7,16].  
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3.2. Process Control 

Process control, in simple terms, is the activity of regulating a process using an automated control 

system based on process measurements. Several publications have reviewed the state of the art in the 

advancements of manufacturing process control at a generic level spanning multiple process control 

techniques [17,18,32] or within specific application areas [6,33]. Part quality and dimensional integrity 

are two important factors governing the productivity of machine tools especially in high‐speed regimes 

[17,32] and hence several strategies for control of servo‐systems, estimating contour error,  tool path 

profile  planning,  feed‐rate  scheduling  for  cycle  time  optimization,  tool  condition monitoring  and 

overall productivity optimization have been developed [17].  

In contrast to the automatic feedback control on sensed signals, the approach of adjusting process 

inputs to the predicted responses of the process is broadly referred to as model‐based process control [17]. 

Popular control strategies in this regard include; Adaptive Process Control, Model Predictive Control, 

Time‐Delay Control, Long‐term process control etc., as elaborately explained in [17]. Interested reader 

is referred to [17,18] for more information. Most of these methods concentrate on the control of a single 

operation as an independent manufacturing process [17]. However, a wide range of industries have 

multistage manufacturing  processes  (e.g.,  automotive,  semiconductor) which  involves  interactions 

between sequentially executed process operations and across the operation on a particular product [18]. 

Furthermore,  the need  to understand and control such  interactions  is recognized by  [17]. Likewise, 

Statistical Process Control [34] has been popular within industries including multistage manufacturing 

processes and has  led  to huge gains  [35]. However,  it does not prescribe corrective measures when 

quality drifts  are observed  [35]. This  led  to  the  inception of  run‐to‐run  (R2R)  control  almost  three 

decades ago  [18]. The application of R2R  control encompass a number of  industries while a major 

portion of academic research in this field is conducted within semiconductor manufacturing industry 

[17].  The  approaches  mentioned  thus  far,  although  generally  popular  within  industries  like 

semiconductors,  pharmaceutical,  machining  and  some  types  of  automotive  manufacturing  (e.g., 

assembly process), have limited use within metal forming processes.  

 

4. Process control within Metal forming: Challenges and Opportunities 

Almost three decades ago, [36] reviewed closed‐loop control of product properties recognizing 

the restricted influence the control community has had on the progress of manufacturing processes 

or process control despite tremendous potential. Around a decade ago, [33] presents an exhaustive 

review on the advances in control of SMF. The review classifies control procedures to tackle issues 

within SMF into four categories; open‐loop control, closed‐loop machine control, in‐process control 

and  cycle‐to‐cycle  control. Open‐loop  control  is a pre‐process procedure  to adjust  tooling design 

(through e.g., grinding, welding) and the process variables in tool try‐out section before using it in 

the production line. This procedure is time consuming involving several trials and a poorly tuned 

SMF process leads to frequent production process halts. Closed‐loop machine control focuses upon 

in‐line control of SMF tool forces either using process models or die‐maker experiences. The main 

disadvantage of  this  is  that  it cannot handle disturbances  (e.g., variation  in  lubrication and blank 

thickness) affecting part quality and process consistency [37]. Cycle‐to cycle control uses Statistical 

Process Control (SPC) methods to implement control. Such control maintains a database of important 

process variables. This database is used by machine operators to determine critical process variables 

and manually adjust the process. In‐process control ensures that a process variable follows a reference 

trajectory  by manipulating  tool  forces. Although  in‐process  control  is  a  reasonable  solution  for 

overcoming production inconsistencies, there are still many challenges in regard to design of process 

controller, determining  reference  trajectory  as well  as  sensing/actuation  technology development 

[33].  

Most metal forming processes today have control systems and multiple feedback loops [19]. The 

majority of these control systems aim to control the equipment and not the properties of the actual 

product [19], which  is usually the main property of  interest for customers. For example, a control 

loop may regulate  the  force or speed of a machine  tool, which  in  turn contributes  to shaping  the 

output product, although it is uncommon to have unique feedback loops for regulating for instance, 
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the temperature or the residual stresses in the workpiece that directly influences the microstructure 

of the output product [19].  As a consequence, the influence of disturbances due to variation in, for 

instance, material properties, lubrication amounts, blank thickness cannot be eliminated [6,33]. Two 

tests involving closed‐loop control was conducted by [37] with a predetermined blankholder force 

trajectory although different lubrication conditions showing differences in part quality.  

Likewise, [6] argues that current control strategies, although claiming to be closed‐loop control, 

focus to match the tool settings to a pre‐planned target sequence rather than iteratively updating the 

tool settings based on the current state of the workpiece so as to match the output product state to 

the desired product  state. Moreover,  these  control  systems  are based on off‐line process models 

meaning which  the control  systems ensure  the operation of  the equipment according  to a model 

developed before the operation begins [6]. According to [6], three key aspects to convert the current 

control approaches within metal forming to be proactive are; sensors (types of sensors for monitoring 

workpiece during process operation), actuators (introduction of actuators with sufficient flexibility 

and responsiveness to allow adjustments in response to evolving process conditions), models (creation 

of models of sufficient accuracy and speed to allow operation online).  

 

5. Results 

 

5.1. Motivation for the Framework 

To tackle the shortcomings of the data‐driven or model‐based approaches, several researches 

have made recommendations on the possible way forward. [6] points towards the need to consider 

the current state of the system while determining control response instead of utilizing pre‐planned 

control sequence built using offline process models. Furthermore, [20] foresees the development of 

metal forming research towards a hybrid approach where physics‐based models are combined with 

big data  in manufacturing. On  similar  lines,  [19] points  to  the potential  of providing  significant 

improvements in quality of finished product through the combination of increased information about 

product properties  and model‐based  control  systems. Additionally,  [33]  envision  the  creation  of 

systems  that  will  combine  SPC,  machine  control,  in‐process  control  and  cycle‐to‐cycle  control 

capabilities to significantly improve the part quality and consistency within SMF process. In short, 

research  [6,7,19,20,33]  foresee  the potential of benefiting  from  a  combination of data‐and‐model‐

based  approaches moving  forward.  In general,  there  is  a  lack of  an overarching  frameworks  for 

monitoring and control of complex manufacturing processes, with only a few examples depicting 

application specific approaches such as [6,38]. One explanation for this as pointed out by [19] is the 

presence of a vast range of manufacturing processes and products making it difficult to propose such 

an approach. 

5.2. Instantiating the Framework 

The  proposed  framework,  combining  data‐driven  and model‐based  concepts  into  a  hybrid 

methodology, is presented in Figure 1. The framework consists of the following steps; It starts with 

an input to the manufacturing line which is uniquely marked. Through that marking, the input is 

identified,  and  input  specification  data  is  retrieved  from  data  storage  (e.g., material  properties, 

surface  coating),  while  other  input  data  (e.g.,  temperature,  thickness,  friction  conditions),  not 

available from data storage, is measured using sensors in the process. The retrieved and measured 

data, together with the desired target product specifications is fed into process models to proactively 

predict  the product/‐process  settings needed  to attain  the desired output.   Further,  the predicted 

settings  are  used  to  adjust  the  product  properties  (e.g.,  friction  conditions,  temperature)  and/or 

process  tool  settings  (e.g.,  force,  speed,  displacement).  Using  these  settings,  the manufacturing 

process executes its operation. Depending on the type and complexity of the part being produced, 

there may be several manufacturing steps. This would then imply that the product/‐process settings 

need  to  be  adjusted  at  several  intermediate  steps  in  a  similar manner. After  the manufacturing 

process finishes execution, sensors measure the output product quality (e.g., surface finish, geometry, 
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dimensions). All process sensors continuously stream data to a central unit (in addition to

intermediate nodes).

Figure 1. Schematic of the proposed Framework.

This data is used by the monitoring platform to supervise product/‐process variables, detect

faults, identify root‐cause of faults, and to maintain process health. The monitoring platform includes

data‐driven models (primarily for variable supervision, fault detection and process health

monitoring), hybrid models (a combination of data‐driven and model‐based models for diagnosis

and predictive analytics) and contains information about normal operation conditions (NOC).

Depending on the scenario, extent of data possible to harvest, data storage/transmission

infrastructure, and type of process models as well as the effort required to derive them, varying data‐

driven/model‐based methods are suitable.

Likewise, the information from the monitoring platform and the measured data is fed into the

process control system. The control system uses reduced process models (e.g., meta‐models [13,14],

for viability in real‐time) to determine appropriate control response in order to diminish the gap

between actual process output and desired process output. These settings are used to adjust

manufacturing process. The framework includes a feed‐forward control loop (to adjust process based

on input measurements), a feed‐back control loop (to adjust process based on in‐line and output

parameter measurements) as well as a monitoring platform for enhancing product/‐process

supervision, process fault detection/diagnosis and for providing product/‐process current state

information to the control system.

6. Discussion

On one hand, data‐driven approaches benefit by requiring minimal understanding of the

inherent process mechanisms [8] while on the other hand; suffer from dimensionality issues, often

require huge amount of data for reliable performance and do not contain features for full fault

diagnosis and isolability [7]. On the other hand, model‐based approaches albeit capture and provide

a clear cause‐effect relationship between product/‐process parameters [11] they fail to take into

account the external disturbances and noises prevalent in real production processes [8] while also

require rigorous experimentation/effort to derive the process models [6]. It is believed that the

combination of operation data that capture fluctuations present in reality with model‐based

approaches that comprise of extensive knowledge regarding product‐/process behaviour could

benefit the monitoring and control approaches in the context of complex manufacturing processes.

Current research, while reviewing research efforts in this context, instantiates a hybrid framework

for enhancing process monitoring and control within automotive SMF.
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Moving  forward,  several practical  considerations  are of  interest  and  important  to highlight. 

Albeit  several  industrial  sectors  (e.g.,  chemical,  pharmaceutical,  semiconductors,  food  [7])  have 

already started reaping the benefits from data, these opportunities are still quite under‐exploited in 

automotive SMF, especially due to the complexity, scale, high tooling costs, and advanced process 

control involved. Even though literature clarifies the presence of several promising concepts related 

to sensor, tooling, modelling [6] within metal forming,  it has  led to  little  industrial take‐up [6,20], 

depicting the difference between state‐of‐the‐art and state‐of‐practice. Furthermore, solely collecting 

data  in  itself does not generate benefits. Usually,  large data  imbalance exists  in data accumulated 

from different manufacturing  scenarios  (e.g.,  normal  operation  conditions  and  faulty  examples), 

which creates challenges e.g., in regards with accurate sample density estimations and construction 

of appropriate class boundaries for multi‐class classifier approaches [12]. Similarly, incompleteness 

of data (e.g., missing or erroneous values) often common  in  large‐scale  industrial processes could 

lead  to  inaccurate  computations  (projections  and  predictions)  and  hence  research  related  to 

incomplete data  is an interesting area [31]. Likewise, most  large‐scale industrial processes  involve 

challenging  industrial conditions  (e.g. noise, dirt, vibrations) and  therefore need more research  to 

improve  the  effectiveness  of  the  approaches  in  such  environments.  Issues  also  stem  from 

dimensionality,  heterogeneity  and  the  presence  of multiple  data management  tools within  such 

processes.  Thus,  although  increasing  data  volumes  create  new  possibilities  to  drive  production 

processes  to higher performance  levels there  is a  lack and need of newer strategies  to enable  that 

possibility [39]. 

To  realize  the  proposed  framework,  it  is  paramount  to  establish  effective  communication 

between  the  various  components  in  the  manufacturing  environment.  Internet  of  Things  (IoT) 

technology would provide access to a central repository [6] for managing data storage, access, and 

transmission  to  the  required  regions.  Likewise,  data  processing  and  automation  strategies  for 

analyzing,  interpreting and configuring operation data  is equally essential  to realistically manage 

huge amounts of data, render useful insights and foster connectedness amongst various parts of the 

production plant [5,23,24].  

Despite today’s computing power, finite element models for sheet metal forming applications 

remain computationally expensive and as such not suitable for use in online closed‐loop control [6]. 

Hence, most model‐based control efforts have  resorted  to approximations  in order  to  reduce  the 

solution time although the developers of process models have been focusing on accuracy rather than 

increasing speed [6]. Furthermore, deriving appropriate process model reductions based on accurate 

simulation model involves a lot of modelling and validation effort to produce good results [14]. Thus, 

more efforts towards effectively deriving reduced process models is needed. 

 

7. Conclusions 

Most modern metal forming operations include control systems and multiple feedback loops; 

however, these are predominantly focused on controlling the machine settings while aiming to move 

towards  controlling  product  properties.  In  this  context,  several  data‐driven  and  model‐based 

approaches  are  prevalent,  and  it  is  believed  that  a  combination  of  these  approaches  help  in 

eliminating the shortcomings of the current approaches. Current paper introduces a framework for 

monitoring and control within automotive SMF  implemented  through a hybrid data‐ and model‐

based approach. A hybrid approach benefits by  capturing  the disturbances prevalent within  real 

production  process while  also  incorporating  extensive  knowledge  about  system  behaviour  and 

parameter correlations.  

In order to facilitate the implementation of the framework, the research recognizes the need to 

bring monitoring and control realms closer together. Such hybrid approaches, in the authors’ opinion, 

will  be detrimental  in  establishing  connectedness within  an  industry  4.0  enabled manufacturing 

process.  Concepts  facilitating  data  collection,  transmission,  exploitation  to  adapt/improve  the 

manufacturing processes seem promising  in regard  to  the  framework applicability. The proposed 

framework is believed to also be relevant to complex manufacturing processes in general. 
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Future work will focus on research towards assessing the validity of the approach and judging 

its  feasibility,  for  instance,  via  implementation  of  the  framework  on  a  lab‐scale  prototype 

environment. This would help in further developing the framework providing deeper insights into 

other practical problems to be considered during large‐scale implementation. In future, it would also 

be interesting to explore how the knowledge obtained from production processes can be useful for 

designing better products in the early stages of product development as a means of getting design 

and manufacturing closer. 
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A major issue within automotive Sheet Metal 
Forming (SMF) concerns ensuring desired output 
product quality and consistent process perfor-
mance. This is fueled by complex physical phenom-
ena, process fluctuations and complicated param-
eter correlations governing the dynamics of the 
production processes. The aim of the thesis is to 
provide a deeper understanding of the challenges 
and opportunities in this regard within automotive 
SMF. The research is conducted in collaboration 
with a global automotive manufacturer.

The research shows that systematic investigations 
using process simulation models allow exploration 
of the product-process parameter interdepend-
encies and their influence on the output product 
quality. Furthermore, it is shown that incorporat-
ing in-line measured data within process simulation 
models enhance model prediction accuracy. In this 
regard, automating the data processing and model 
configuration tasks reduces the overall modelling 
effort.

However, utilization of results from process simu-
lations within a production line requires real-time 
computational performance. The research hence 

proposes the use of reduced process models de-
rived from process simulations in combination 
with production data, i.e. a hybrid data- and mod-
el-based approach. Such a hybrid approach would 
benefit process performance by capturing the 
deviations present in the real process while also 
incorporating the enhanced process knowledge 
derived from process simulations. Bringing mon-
itoring and control realms within the production 
process to interact synergistically would facilitate 
the realization of such a hybrid approach.

The thesis presents a procedure for exploring the 
causal relationship between the product-process 
parameters and their influence on output product 
quality in addition to proposing an automated ap-
proach to process and configure in-line measured 
data for incorporation within process simulations. 
Furthermore, a framework for enhancing output 
product quality within automotive SMF is pro-
posed. Based on the thesis findings, it can be con-
cluded that in-line measured data combined with 
process simulations hold the potential to unveil 
the convoluted interplay of process parameters on 
the output product quality parameters.
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