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Abstract. The mechanical properties of formed components are determined by the interaction 
between the microstructure and the load path of the forming process. To investigate and understand 
these effects, micromechanical simulation concepts can be used, such as statistically 
Representative Volume Elements (sRVE) coupled with crystal plasticity simulations. This study 
presents a concept that uses sRVE simulations to quantify the influence of three different deep 
drawing load paths on the fatigue resistance of DP800 steel. The first step is a scale-bridging 
simulation approach that employs macroscopic simulations of the deep drawing process to extract 
the boundary conditions for the sRVE simulations with Damask. Subsequent cyclic loading is then 
simulated. 50 sRVE are computed for each load path to estimate fatigue resistance based on a 
Fatigue Indicator Parameter. The results indicate that fatigue resistance increases with increasing 
deformation-induced strain hardening. Additionally, a positive correlation between the martensitic 
ligament structures and fatigue resistance was observed. 
Introduction 
To achieve Europe’s’ ambitious climate goals [1], it is increasingly necessary to design and 
construct structural components more efficiently. This requires continuous improvement of 
manufacturing processes, such as forming processes, in conjunction with the materials used. 
Several studies have already demonstrated that a well targeted and damage controlled forming 
process leads to improved component performance and can ultimately unlock lightweight potential 
[2,3]. In deep drawing, a critical sheet metal forming process, key parameters for modified process 
control include variables such as blank holder force, drawing velocity, friction, and the radius of 
the drawing ring [4,5]. 

To achieve a precise selection and optimization of materials for different manufacturing 
processes, it is essential to have a fundamental understanding of materials and their 
microstructures. Simulation methods are often used to achieve this understanding. In 
microstructure simulation, numerical crystal plasticity (CP) models are frequently used in 
conjunction with statistically Representative Volume Elements (sRVE), for example for the 
modelling of complex materials in [6,7]. Bargmann et al. [8] provide a comprehensive overview 
of the various methods for generating and applying sRVE. They offer a significant advantage in 
that they allow for the independent investigation of individual microstructure components, which 
can be experimentally challenging and often impractical [9]. Pütz et al. [10] quantified the 
influence of martensitic band structures in DP800 steel on the initiation of martensite fracture 
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under bending loads using statistically representative volume elements (sRVE). In addition, the 
study found that the influence is depending on the phase contrast. 

When optimizing component design, it is important to consider not only the forming process 
but also the load boundary conditions of the component application in the next step. Many parts 
and components are subjected to cyclic loads, and as a result, almost 90% of all component failures 
can be attributed to fatigue phenomena [11]. For accurate modelling of fatigue, the representation 
of the underlying physical mechanisms is crucial, which therefore makes crystal plasticity models 
paired with sRVE a method of choice [12]. Experimental investigations have shown that fatigue 
cracks frequently occur at persistent slip bands (PSBs) [13,14]. Based on these underlying physical 
mechanisms, various so-called Fatigue Indicator Parameters (FIPs) can be derived and used for 
prediction of the fatigue lifetime based on simulative results [15]. 

In this paper we present a simulation concept for the evaluation of fatigue life. Within this 
concept, the effects of the microstructure of a material as well as those of the load path before 
fatigue can be considered. The fatigue resistance of differently deep-drawn parts, such as seat rails, 
is used to demonstrate this concept. The aim is to gain a better understanding of the interaction 
between the complex strain paths during the manufacture and component in-use with the 
microstructure. 
Materials and Methods 
The approach presented in this study is based on three distinct steps. First, a geometric 
reconstruction of the material to generate sRVE. Secondly, an approach for transferring the load 
paths of the macroscopic forming simulation to the sRVE and third, a methodology for the material 
simulation and the subsequent estimation of the fatigue resistance.  

Material reconstruction. The example material in this study is a commercially available dual-
phase steel DP800. The material was already extensively characterized in various previous studies, 
especially the complex micromechanical behavior of the material [16–18]. The used sRVE from 
the material were created using the AI-supported sRVE-generator DRAGen [19,20], developed by 
the author’s group. This generator can reconstruct the morphology of the microstructure with 
greater accuracy than conventional methods, including the distinct martensitic banded structures 
that frequently occur in dual-phase steel grades. For these steels in particular, an accurate 

  

Figure 1: Exemplary sRVE with martensite band (oriented along x- and z-direction) used in 
this study. Left: Representation of the individual grains (the colors are only an indicator for 

the individual grains, they do not correspond to a specific orientation). Right: visualization of 
the different phases (martensite: blue, ferrite: red) 
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representation of the microstructure is important for a correct modelling of the mechanical 
properties [21]. For more details on the underlying generation mechanisms in the generator, the 
reader is referred to Henrich et al. [20]. A total of 50 statistically representative volume elements 
(sRVE) were generated, evenly distributed between 25 specimens featuring martensite bands and 
25 without. To maintain statistical representativeness while simultaneously managing 
computational costs, a size of 20x20x20 𝜇𝜇𝜇𝜇 was chosen. In this context, 1 𝜇𝜇𝜇𝜇 was discretized into 
2 points, resulting in an edge length of 40. The martensite content was specified at 30%. The 
ultimate martensite content of the sRVE was determined as 31.2 ± 2.3 %, the slight differences 
arise from the discrete sRVE-generation process. The configuration of martensite bands adhered 
to data from a referenced source [22]. Figure 1 provides a representative depiction of an sRVE 
featuring a martensite band. The left side of the figure shows the grain structure, the right side 
shows the distribution of the phases. For the sRVE simulation, the spectral solver of the open 
source framework DAMASK [23] is used. 

Macroscopic simulation approach. To seamlessly transpose the boundary conditions of a 
forming process onto the sRVE in the subsequent step, a suitable scale bridging modeling approach 
becomes necessary. As an illustrative application, deep drawing with varied drawing die radii 𝑟𝑟𝐷𝐷 

is considered, as detailed in [4] and depicted in Figure 2. Different drawing ring radii of 3, 6 and 
9 mm were selected as exemplary process variations. To enable the transfer of boundary 
conditions, a specific element in a region of interest within the macroscopic simulation model must 
be chosen. Depending on the goals of the investigation, this selection can be based on various 
criteria, such as the element with the highest equivalent plastic strain or von-Mises equivalent 
stress. Alternatively, a specific location on the component may serve as a reference element for 
extracting the boundary conditions. In this study, the criterion chosen was the maximum equivalent 
plastic strain at the end of the load path, aimed at examining the impact of distinct strain hardening 
behavior on the fatigue properties. It is noteworthy that the element is not constant, it varies with 
different die radius. Due to the different simulation codes employed for macroscopic 
(Abaqus/CAE) and microscopic (Damask) simulations, the conventional Abaqus internal 
submodelling method for transferring boundary conditions is ruled out. Consequently, an explicit 
user-defined subroutine (VUMAT) is utilized to perform the elasto-plastic simulation of deep 
drawing, generating the deformation gradient as an output. The nine components of the 
deformation gradient serve as a load case for the Damask simulation, comprehensively 
characterize the load path. As a simplification, the entire forming process is assumed to occur at a 
constant strain rate of 0.001 1/s, owing to the unavailability of strain rate-dependent material 
parameters for the sRVE-simulations. Nonetheless, given the uniform speed at which all deep 
drawing tests are conducted, the impact of this simplification is anticipated to be minimal. 

Microscopic simulation approach. The complete load path for the simulation is as follows: 
First, the sRVE is loaded according to the load path of the deep drawing. The sRVE is then relieved 
so the homogenized macroscopic stress drops to zero and only residual stresses remain in the 

 

1. Blank Holder 

2. Die 

3. Punch 

4. Die radius 𝑟𝑟𝐷𝐷 

5. Sheet material 

Figure 2: Schematic structure of the deep drawing process. Figure adapted from [4]. 
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microstructure. Finally, the sRVE is cyclically loaded in a strain-controlled manner with an 
amplitude of 0.5% for 10 cycles.  

A crystal plasticity model is used to map the mechanical behavior of the ferrite. Given the 
unavailability of valid information about the crystallographic orientations in the martensite due to 
the unresolved very small substructures in the used sRVE, the martensite is assumed to exhibit 
isotropic plasticity. The model employed for this purpose is also accessible in Damask, and its 
formulation closely resembles the crystal plasticity model utilized [23]. The parameters for DP800 
were taken from a prior publication and are listed in Table 1: 

 
Table 1: Material model parameters used for ferrite and martensite for DP800. 

Phase 𝑁𝑁𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝛾𝛾𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 (−) 𝑎𝑎 (−) 𝑛𝑛 (−) 𝜉𝜉𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆0  (𝑀𝑀𝑀𝑀𝑀𝑀) 𝜉𝜉𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
𝑖𝑖𝑖𝑖𝑖𝑖  (𝑀𝑀𝑀𝑀𝑀𝑀) ℎ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆−𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆0  (𝑀𝑀𝑀𝑀𝑀𝑀) 

Ferrite 24 0.001 4.5 5 150 400 625 
Martensite -- 0.001 1.25 30 250 750 2500 

 
The fatigue modeling approach adheres to the methodologies outlined in Gillner et al. and 

Henrich et al. [12,24]. The critical parameter in this context is the plastic slip 𝛾𝛾𝑠𝑠𝑠𝑠 accumulated 
during cyclic loading, serving as an indicator of dislocation slip and the occurrence of persistent 
slip bands. Within the framework of crystal plasticity, 𝛾𝛾𝑠𝑠𝑠𝑠 is computed based on the plastic velocity 
gradient (𝐿𝐿𝑝𝑝). 

𝛾𝛾𝑠𝑠𝑠𝑠 =  ∫ �2
3
𝐿𝐿𝑝𝑝: 𝐿𝐿𝑝𝑝𝑑𝑑𝑑𝑑

𝑡𝑡
0  (1) 

The velocity gradient is directly linked to the deformation gradient: 

𝐹̇𝐹𝑝𝑝 = 𝐿𝐿𝑝𝑝𝐹𝐹𝑝𝑝 (2) 

In this context, 𝐹𝐹𝑝𝑝 denotes the plastic deformation gradient, and 𝐹̇𝐹𝑝𝑝represents its derivative w.r.t. 
the time. In the crystal plasticity model embedded in Damask, the plastic deformation gradient is 
integrated into the multiplicative decomposition of the overall deformation gradient. 

𝐹𝐹 = 𝐹𝐹𝑒𝑒𝐹𝐹𝑖𝑖𝐹𝐹𝑝𝑝 (3) 

Here, 𝐹𝐹𝑒𝑒 represents the elastic and 𝐹𝐹𝑝𝑝 denotes the plastic component of the deformation gradient. 
𝐹𝐹𝑖𝑖 characterizes inelastic strains arising from factors such as damage or phase transformations. The 
overall deformation gradient 𝐹𝐹 is prescribed as a load path. 

After the simulation, the grain-averaged plastic slip is extracted using a python-based 
postprocessing routine and the maximum is taken over each sRVE. Here, it should be noted that 
the plastic slip accumulation is only calculated for the cyclic loading, the accumulation during the 
forming process is not considered: 

𝛾𝛾𝑠𝑠𝑠𝑠,𝑚𝑚𝑚𝑚𝑚𝑚𝑟𝑟𝑟𝑟𝑟𝑟 = max � 1
𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝
𝑔𝑔𝑔𝑔 ∑ 𝛾𝛾𝑠𝑠𝑠𝑠

𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝
𝑔𝑔𝑔𝑔

𝑖𝑖=0 �     | 𝑔𝑔𝑔𝑔 = 1. . .𝑁𝑁𝑔𝑔𝑔𝑔 (4) 

The parameters are defined as follows: 𝑁𝑁𝑔𝑔𝑔𝑔 is the number of grains per Representative Volume 
Element, 𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝

𝑔𝑔𝑔𝑔  is the number of points per grain, and 𝛾𝛾𝑠𝑠𝑠𝑠 represents the accumulated plastic slip per 
material point. the averaging process relies on the number of points, which is a common practice 
in other methods. Consequently, each sRVE yields on specific 𝛾𝛾𝑠𝑠𝑠𝑠,𝑚𝑚𝑚𝑚𝑚𝑚𝑟𝑟𝑟𝑟𝑟𝑟  value. To accommodate the 
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scatter in the simulations, the values for each load case are depicted in a histogram, and a right-
sided Gumbel distribution is fitted to this data. This approach originates in the weakest link theory 
[25]: 

𝐹𝐹(𝑥𝑥; 𝜇𝜇,𝛽𝛽) = 𝑒𝑒−𝑒𝑒
−(𝑥𝑥−𝜇𝜇)

𝛽𝛽  (5) 

The parameters 𝜇𝜇 and 𝛽𝛽 characterize the location and scale of the probability density function 
(pdf). As per Henrich et al. [24], the product of 𝜇𝜇 and 𝛽𝛽 results in a Fatigue Indicator Parameter 
(FIP), offering insights into the material's resistance to fatigue. In general, a high FIP indicates a 
high probability of fatigue failure and vice versa. 

𝐹𝐹𝐹𝐹𝐹𝐹 = 𝜇𝜇 ∗ 𝛽𝛽 (6) 

It is crucial to emphasize that this indicator is purely qualitative and does not offer insights into 
the actual service life of the material or component. Its suitability lies in comparing various load 
cases and/or material conditions. 
Results 

Figure 3 displays the evolution data of the deformation gradients extracted from the macroscopic 
simulation. The solid lines depict the F11 component of the deformation gradient (x-direction), 
while the dashed grey line represents the F33 component (z), which is consistently 1.0 for all three 
load cases, indicating a plane strain state in the respective element. Notably, significant differences 
in final deformation are evident among various drawing die radii. Specifically, at a radius of 9 mm, 
the F11 deformation gradient at the end of the load case is around 1.22, contrasting with 1.03 and 
1.06 for radii 6 and 9, respectively. The tension-compression load change is more pronounced at 
radius 3 than at radius 6, and it is observed that shear components of the deformation gradient are 
relatively low. Therefore, the shear components are not depicted here. 

 

Figure 3:  Deformation gradients for all load cases considered. The solid line shows the F11 
component (x-direction). The F33 component (grey dashed line) is 1 for all 3 load paths, 

which means no deformation in the z-direction. 
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The different load paths consequently result in distinct fatigue behavior. The figures 4 - 6 depict 
histograms and fitted Gumbel distributions for the 50 sRVE for all three considered load cases. 

 

Figure 4: Histogram and fitted Gumbel distribution (orange) for drawing die radius of 3mm. 

 

Figure 5: Histogram and fitted Gumbel distribution (orange) for drawing die radius of 6mm. 

 

Figure 6: Histogram and fitted Gumbel distribution (orange) for drawing die radius of 9mm. 
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Alongside the visual representations in the histograms, the computed fatigue indicators are 
presented in Table 2. A FIP was calculated for all 50 sRVE and a separate FIP for a subset with 
and without martensite bands from 25 sRVE each. 

 
Table 2: Fatigue indicator parameter and location and scale parameter of the Gumbel 

distribution for all three considered load cases. 
  𝐹𝐹𝐹𝐹𝐹𝐹 (−) 𝜇𝜇 (−) 𝛽𝛽 (−) No. sRVE 
Radius 9mm All 0.0010 0.0887 0.0117 50 
 Bands 0.0009 0.0880 0.0101 25 
 No Bands 0.0012 0.0895 0.0130 25 
Radius 6mm All 0.0024 0.1316 0.0182 50 
 Bands 0.0017 0.1330 0.0128 25 
 No Bands 0.0028 0.1308 0.0210 25 
Radius 3mm All 0.0015 0.1046 0.0144 50 
 Bands 0.0012 0.1030 0.0114 25 
 No Bands 0.0018 0.1068 0.0166 25 

 
These data indicate that the Fatigue Indicator Parameter for a drawing die radius of 9 mm is 
significantly lower than that for 3 mm and 6 mm, with a difference of approximately 2.4 times to 
radius 6 and about 1.5 times to radius 3. This discrepancy is attributed to both a higher average 
accumulated strain (𝜇𝜇) and increased scatter (𝛽𝛽). The differences in the FIP directly correlate with 
the final equivalent plastic strain of the different load paths, as illustrated in Figure 7. A higher 
final level of strain hardening leads to a lower FIP. It is also noteworthy that, for all three load 
cases, the FIP for the subset without martensite bands is higher than for the subset with martensite 
bands. This is primarily attributed to the higher scatter in the former. 

Discussion 
The results presented in the preceding section can be analyzed through several stages. Firstly, a 
distinct correlation between strain hardening and the FIP becomes evident, where higher levels of 
strain hardening result in a lower FIP and therefore a greater resistance to fatigue. This association 
is explicable by the fact that, at a higher level of strain hardening, a higher portion of the 
deformation at the grain level is elastic, thereby reducing the accumulation of plastic slip. 

 

Figure 7: Correlation between Fatigue Indicator Parameter and global equivalent plastic 
strain, averaged over al 50l sRVE. The FIP tends to decrease with higher strain hardening. 
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However, it is observed that both the mean strain and the scattering increase with decreasing strain 
hardening. Experimental studies indicate that scattering tends to increase with an extended fatigue 
life, which deviates from the observed behavior here. Further investigations are required to 
elucidate the reasons behind the opposing trends exhibited by the location and scale parameters. It 
should also be noted that preforming should not be advantageous for parts that are already pre-
fatigued. With such parts, non-critical fatigue cracks may become critical. However, as forming 
from an initial state takes place here, this phenomenon may not be relevant.  

A final aspect to discuss is the distinction between the sRVE with and without martensite bands. 
It becomes evident that the absence of martensite bands primarily results in a higher 𝛽𝛽 parameter, 
indicating higher scatter. Since a higher proportion of the strain is absorbed by the martensite in 
the presence of martensitic band structures [10], this can lead to a more homogeneous distribution 
of strain in the ferrite and therefore less scattering. Therefore, although martensite bands favor the 
occurrence of ductile damage, they can potentially be beneficial in terms of the fatigue resistance.  

Lastly, the analyses presented here does not account for the influence of microscopic damage. 
In general, micropores may develop - primarily through the fracturing of the hard martensite in the 
case of the current DP800 - that can also serve as initiation points for fatigue cracks. Given that 
the distinct load paths are expected to result in varying degrees of damage depending on the 
drawing die radius [4], the consideration of damage is essential for a more generalized assessment 
of fatigue resistance. Addressing this aspect can be achieved within the framework of 
representative volume element simulations, for instance, using suitable phase field models [26], 
even though acquiring the necessary data for the calibration of these models poses a considerable 
challenge. 
Conclusion 
A new simulation concept was presented that uses sRVE simulations and a scalebridging approach 
to evaluate the effects of microstructure and load path on fatigue resistance. The application of this 
approach to the fatigue resistance of deep-drawn components made of DP800 with different 
process parameters revealed a strong dependence of the fatigue resistance on the degree of 
hardening. It has been demonstrated that the presence of martensitic band structures can positively 
affect fatigue resistance. Although variables such as deformation-induced damage have not yet 
been considered, there is a concept available that can be utilized in the design of new materials 
and manufacturing processes.  
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