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Abstract. Material properties can vary both along a sheet-metal coil and from coil to coil despite 
tight tolerances influencing the process stability of sheet-metal processes and the part quality, 
which leads to rejects and machine downtime [1]. This significantly affect the economic efficiency 
of the process. Monitoring fluctuations in material characteristics at regular intervals along sheet-
metal coils is enabled directly by non-destructive testing (NDT) before the process offering 
conclusions on the material properties. Another material monitoring technique arises from 
monitoring process conditions of the upstream processes, e.g., cold rolling, leading indirectly to 
insights on material properties. In this work, a systematic literature review (SLR) [2] is conducted 
to investigate recent approaches for material monitoring and for the utilization of resulting material 
data for optimizing different sheet-metal forming processes. Existing approaches for different 
sheet-metal forming processes are critically appraised. Based on the SLR research gaps are 
revealed and research opportunities, e.g., arising from a potential transfer of existing solutions 
between different forming processes and recent advances in data-driven methods, are identified. 
Introduction 
Despite tight tolerances, variations in material properties along a sheet-metal coil or between 
different batches of the same material have been shown to occur during sheet-metal production 
[3]. These material fluctuations lead to defects such as burr formation or dishing behavior in 
shearing processes and to defects such as spring back in bending or forming operations [4]. Thus, 
fluctuating material properties result in rejects, robustness problems and downtime of sheet-metal 
forming processes. Typically, material properties are only measured at the beginning and at the 
end of coils. This makes it difficult to draw conclusions about the material quality in the event of 
defects.  

With the rise of the digital transformation in manufacturing to the Industry 4.0 the concept of 
the Internet of Production is gaining more importance [5]. In an Internet of Production all process-
characterizing information about a production process is available for the realization of real-time 
process control and decision support.  In the case of material variation that means the information 
about the material properties along the coil needs to be available to achieve full transparency, to 
adapt the process to changes in material properties and in case of workpiece defects to provide 
data for effective troubleshooting.  

One solution to this problem is to measure or monitor the material characteristics along the 
sheet-metal coil before the sheet-metal process with the help of non-destructive testing (NDT). 
Already in 1994, Engel et al. demonstrated the potentials of NDT for sheet-metal processes [6]. 
Nowadays NDT allows drawing direct conclusions about material properties, such as tensile 
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strength or elongation at break, and can be performed inline at regular intervals along the coil as it 
is being processed [7]. 

Besides NDT, another approach to material monitoring arises from monitoring process 
conditions of the upstream processes of sheet-metal forming processes, e.g., hot rolling [8], leading 
indirectly to insights on material properties. The use of cross-process data fundamentally enables 
the identification of quality-relevant parameters in the process chain and thus, the optimization of 
the process itself or of the subsequent process in the process chain. The sharing of information 
along the process chain is one of the main goals of an Internet of Production.  

Since a lot of research is already done in this field, this paper methodologically researches the 
approaches to handle fluctuating material properties for the usage in an Internet of Production. The 
two presented approaches of monitoring material properties along sheet-metal coils lead to 
following research questions: 

RQ1. How can fluctuating material properties be directly measured by NDT? 
RQ2. How can fluctuating material properties be indirectly measured by monitoring the 

upstream process? 
RQ3. How is the knowledge of fluctuating material properties along the coil utilized to 

optimize sheet-metal processes? 
To answer these questions a systematic literature review (SLR) is conducted. First, the research 

methodology is described in section 2 and after that in section 3,4 and 5 the research questions are 
discussed chronological based on the results of the SLR. In section 6, research gaps in the field of 
material monitoring are identified. 
Research Methodology  
The research methodology of the conducted SLR is based on the research methodology from Xiao 
and Watson [2]. It consists of three stages planning, conducting and reporting with different steps 
(Fig 1). The problem formulation is already described in section 1 in the form of three research 
questions.  

 
Fig. 1. Methodology of the SLR (adapted from [2]). 

 
Based on these research questions, topics for keywords were selected (see Table 1). The first 

keyword topic focusses on “mechanical properties” and “material variations” ensuring that the 
retrieved literature contains these or synonyms of these terms. In addition, the literature search is 
intentionally limited to publications on sheet-metal forming, in particular, common sheet-metal 
forming or shearing technologies and the most important upstream processes for the production of 
sheet-metal coils. Here common sheet-metal forming processes were chosen. The last keyword 
topic focuses on different monitoring and utilization methods of known material properties based 
on the fact that known material characteristics are used for control or data-driven analysis. 
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Table 1. Keywords of the conducted SLR. 

 
With these keywords 355 publications were found in the database Scopus. Scopus only considers 
peer-reviewed papers, books, and conference papers. Duplicates and publications that were not in 
English or older than from the year 2000 were removed. Based on the research questions the 
publications were examined by their title and abstract. Then a backward/forward search was 
conducted. An overview of the conducted SLR is given in Fig. 2. 

 
Fig. 3. Publication per year. 
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Fig. 2. Review process of the conducted SLR. 
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A first analysis of the publications per year shows that the topic of monitoring fluctuating material 
properties for optimizing sheet-metal forming processes became increasingly important until 2014 
and after 2014 the importance remained, leading to the assumption that this topic is still relevant 
and will be relevant in the future.  

To give a first overview of the results, Fig. 4 shows the number of publications found in the 
SLR after filtering for duplicates and time for different keyword topics displayed in the rows of 

column 3 of Table 1. It is evident that 
the topic of material variation is 
addressed primarily for the upstream 
processes, hot rolling, cold rolling, and 
roller levelling and for the sheet-metal 
forming processes stamping, deep 
drawing and bending. There are not 
many publications regarding sheet-
metal separation processes.  
In the following three sections the 
research questions will be discussed 

based on the outcome of the SLR. A summary of the cited publications is given in Table 2.  
Non-Destructive Testing in Sheet-Metal Forming (RQ1) 
Non-destructive testing methods are suitable for measuring the material properties at regular 
intervals along the coil before the sheet-metal forming process. The operating principles of non-
destructive testing methods include ultrasonic testing, X-ray examinations and electromagnetic 
methods. In sheet-metal forming, electromagnetic methods are commonly used because there is a 
correlation between the mechanical and electromagnetic properties of sheet-metal since the 
microstructure is influencing both. Several scientific publications study how signals from various 
electromagnetic sensors correlate with material properties.  

For instance, Magnetic Barkhausen noise was used to measure hot-stamped high strength steel 
[9] and cold-rolled steel strips [10,11] in a lab setting. These measurements were used to predict 
different material properties, e.g., yield strength. Unterberg et al. distinguish whether material 
specimen were extracted from the start, the middle, or the end of a sheet-metal coil using a machine 
learning algorithm with magnetic Barkhausen noise as input data [12]. However, magnetic 
Barkhausen noise has not yet been used for inline monitoring.  

Commonly used sensors for in-line measurements of sheet-metal material include, eddy current 
sensors (eddy current method), the 3MA sensor (micromagnetic, multiparametric microstructure 
and stress analysis), and the IMPOC sensor (magnetic inductive method). For each of these 
sensors, it has been shown that the sensor signals are related to the mechanical properties. Various 
publications report successfully using 3MA sensor for inline sheet-metal monitoring and 
predicting tensile strength, yield strength, residual stress, and hardness of the material along a coil 
with a regression based on 3MA data [13-15]. Heingärtner used multidimensional regression based 
on eddy current data to calculate the material parameters tensile strength, yield strength, uniform 
strain, and elongation at break in inline production [7]. Moreover, Lee et al. tested different 
machine learning algorithms to predict the yield stress and the uniform elongation based on 6 
features of eddy current signals and achieved a high accuracy [16]. Zoesch et al. were able to detect 
cracks and thinning of material during deep drawing with two sensors (eddy current, 3MA) [17]. 
The IMPOC sensor was used to predict mechanical parameters such as tensile strength and yield 
strength [18] as well as to find uniformity in material properties along coils [19]. 

Fig. 4. Publication regarding different processes. 
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Indirect Measurements of Material Properties (RQ2) 
The monitoring of processes that produce sheet-metal represents an alternative strategy to directly measuring the 
material in sheet-metal forming processes. The inline monitoring of sheet-metal producing processes not only facilitates 

the optimization of these processes itself, but also of 
downstream sheet-metal forming processes. 

For the process of hot rolling, it was already 
shown in 2005 that it is possible to predict different 
mechanical properties such as yield strength of hot 
rolled steel coils based on data including process data 
such as coiling temperature and chemical factors with 
an artificial neural network. However, approximately 
21% of the predicted yield strength values deviated 
more than ±15 MPA from the true value [23]. Chen 
and Fan showed in 2021 that based on the input data 
rolling temperature, curling temperature and the 
chemical composition of the material the material 
properties tensile strength, compression and 
elongation can be predicted by different regression 
models with an coefficient of determination of over 
99% [8]. In [21] similar results were presented. In 
addition, electromagnetic monitoring was used in a 
hot strip mill to monitor the phase transformation and 
to extract the data of austenite transformation. Based 
on this data the hot rolling process was optimized in 
an offline control system [22]. Cuznar and Glavan 
investigated the data-driven optimization of the cold 

rolling process. The developed models enabled optimal cold rolling parametrization and real-time 
monitoring [24]. 

The roller levelling process was monitored by Nikula and Leiviskä using acceleration 
measurements. They utilized these measurements to predict the properties yield strength, width 
and thickness of the processed steel along the coil [27].  Magro et al. investigated an approach to 
predict the yield stress after the tension levelling process and to adapt the initial process parameters 
according to an analytical model [26]. Grüber and Hirt proposed a semi-analytical model that 
calculates the levelling force and determines in an inverse approach the material data [25].  

In another approach, times series signals from force sensors of the stamping process as an 
upstream process are evaluated and used to predict the tensile strength, yield strength and 
elongation at break of the processed material [28]. 
Utilization of the Knowledge of Fluctuating Material Properties (RQ3) 
Fluctuating material properties create uncertainties for downstream sheet-metal forming processes. 
These uncertainties influence the process stability, the process outcome and hence the product 
properties [20]. Thus, material fluctuations must be included in the process parameterization to 
increase the stability of the process or when adapting the process with different control strategies 
to optimize the process outcome. 

For a stamping process, variations of material were measured with non-destructive testing and 
different motions for a servo-press were evaluated [29]. The data of this experiments were then 
evaluated using Bayesian logistic regression resulting in a model that determines motion profiles 
for a servo-press based on material characteristics [31]. Maretta and Di Lorenzo proposed a method 
were meta-models and Monte Carlo simulation were combined to analyze the influence of coil-to-

Research 
Question Processes/Sensors Literature 

Fluctuating 
material 
properties 

Sheet-metal 
forming in general  [1,3,4,20] 

RQ1 

Magnetic 
barkhausen noise  [9-12] 

Eddy current  [6,7,16,17] 
3MA  [13-15] 
IMPOC  [18,19] 

RQ2 

Hot rolling [8,21-23] 
Cold rolling  [24] 
Roller levelling  [25-27] 
Stamping  [28] 

RQ3 
Stamping  [29-31] 
Deep drawing  [32-40] 
Bending  [41-43] 

Table 2. Summary of the publication 
conducted in the SLR.  
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coil material variations on thinning and spring back to enhance the robustness of a stamping 
process [30]. 

A method for knowledge-based control of a deep drawing process was proposed by Fischer et 
al., combining feedforward control based on inline material measurements from an eddy current 
sensor and feedback control based on inline measurements of draw-in [36]. Another approach to 
minimize the influence of material variation by feedback control was presented by the same author 
[37]. Heingärtner et al. implemented an intelligent control system using numeric simulations and 
material data acquired by eddy current, process settings and draw-in measurements to optimize the 
manufacturing of kitchen sinks and tested it on a production site [38].  

Endelt distinguishes between non-repetitive uncertainties and repetitive uncertainties in sheet-
metal forming. While non-repetitive uncertainties are for example variance in sheet thickness and 
uneven lubrication. The repetitive uncertainties are for example changes in material properties, 
tool wear and tool temperature, which lead to process downtimes [33]. To handle these 
uncertainties Endelt and Danckert proposed a control strategy with an inner loop reducing the 
current draw-in error of the produced part and an outer loop based on a iterative learning control 
scheme handling the repetitive uncertainties and transfer information to optimize the draw-in 
flange from the produced part to the next part [35]. Endelt tested also a similar approach of iterative 
learning control algorithms on two benchmark problems [34]. Furthermore, Endelt develop the 
control strategy based on an inner loop and an outer loop further by adding numerical simulations 
to reduce the draw-in error [33]. A numerical study for a deep drawing process, where material 
fluctuations were included through a sensitivity analysis, and a proof of concept for a new control 
strategy by adapting the blank position was conducted by Briesenick et al. [32].  

Based on various material data such as IMPOC signals and oil levels recorded in a stamping 
plant, van Stein implemented an anomaly detection algorithm in a car body stamping process to 
detect outliers in material properties along steel coils [39]. On the same press shop, Purr examined 
various data sources in a press shop from various measuring systems also IMPOC signals with the 
aim of detecting fluctuations in the process. The result shows that the material fluctuations have a 
strong influence on the quality of the car body components [40]. 

In bending, material variations lead to spring back and thus, control strategies have been 
developed. A summary of these strategies is given in [20]. In this systematic literature review the 
focus was on the fluctuations of material properties. In [41] the authors used finite element 
simulation to identify a spring back compensation strategy. It was shown that this compensation 
strategy is able to reduce spring back under varying material properties and sheet thickness. Lafon 
et al. modelled different uncertainties, especially material properties to find a robust optimization 
procedure for a draw bending process [42]. The effect of yield strength variation and part 
dislocation was studied by Waheed et al. to optimize bending force and residual stresses [43]. It 
was found that the yield strength has a major effect on bending force and residual stresses. 
Identified Research Gaps 
The SLR revealed existing scientific studies, which already apply different NDT methods to obtain 
insights about material properties at regular intervals along sheet-metal coils in-line at the shop 
floor. Nevertheless, only few studies investigate in-line monitoring of material properties in 
relation to the parametrization of sheet-metal forming processes and the outcoming part quality at 
industrial scale. The investigation of non-destructive material measurements along coils offers the 
quantification of influences originating from the material and enables profound data-driven 
evaluation based on a high amount of available data to realize decision support and real-time 
control. Furthermore, NDT has been used to predict material properties by using features of raw 
signals but further investigation of correlations between specific signal properties of the raw 
signals and specific material properties provide an opportunity to derive new insights into 
potentially underlying cause-and-effect relationships. 
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Although existing publications already report that knowledge of material properties was 
obtained by monitoring upstream processes, in particular hot rolling, cold rolling, roller levelling 
and stamping, it is at best used to optimize the same process but there is no publication using these 
insights to optimize the subsequent sheet-metal forming processes. Compared to NDT, the 
approach to monitoring upstream processes usually requires cross-company collaboration, which, 
combined with the heterogeneity of the different process data, further complicates this approach. 
However, research on other manufacturing technologies suggests, that a holistic optimization of 
process sequences not only offers economic but also ecological advantages [44]. A holistic 
approach in sheet-metal processing requires to overcome existing data silos and to share data 
across processes in the sense of an Internet of Production [45].  

Another opportunity arises from the combination of the two material monitoring approaches to 
obtain larger data sets, facilitating the use of data-driven methods to adjust the sheet-metal process 
to ensure to enable a high-quality process outcome despite fluctuating material properties. Data-
driven methods for process optimization and control in sheet metal processing offer the potential 
to learn complex, unknown interdependencies along process sequences. This leads not only to the 
optimization of the sheet metal forming process and the quality of the resulting part, but also to 
the adaptation of upstream processes to specified material requirements based on the previously 
established dependencies between varying material properties and process parameterization. 

In addition, research is mainly limited to sheet metal forming processes, whereas the influence 
of material variations and a corresponding process optimization has not yet been investigated for 
sheet metal shearing processes. Hence, there is an opportunity to transfer the solutions presented 
from sheet metal forming to shearing processes. 
Summary 
A systematic literature review was conducted showing that there are two different approaches to 
monitoring fluctuating material properties along coils. It has been shown that non-destructive 
testing is used successfully inline to measure material properties. Moreover, various methods to 
monitor material properties in the upstreaming processes hot rolling, cold rolling, roller levelling 
and stamping were pointed out. The knowledge of material properties along a coil is already used 
to optimize stamping and deep drawing processes based on different control strategies and research 
considers fluctuating material properties to optimize different bending processes.  

In addition, research gaps were identified: 1) The utilization of knowledge of material properties 
along coils in relation to the parametrization of sheet-metal forming processes and the outcoming 
part quality on an industrial scale needs to be investigated in more detail. 2) Further cross-process 
data exchange is required to research the optimization of downstream processes when fluctuations 
in material properties occur. 3) The investigation of material variations in sheet-metal shearing 
processes is still an open topic.  
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