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Abstract 
This study aims to establish a strategy for bridging the microstructure and mechanical properties of fine-
grain-structured dual-phase steel. A complete workflow is built up commencing with the microstructure 
observations and characterization in both phase and grain levels by assorted experimental techniques. An 
assessment criterion is proposed to quantitatively examine the representativeness of synthetic 
microstructure models in terms of the refined microstructural features including phase fraction, grain size, 
grain shape, and texture for each phase of the steel. The criterion is employed to define a two-step 
optimization procedure for building the synthetic microstructure model for the DP steel with nanoscale 
grain size. The crystal plasticity model is employed to describe the material deformation behavior. The 
corresponding material parameters are calibrated by an inverse approach combining the micromechanical 
nanoindentation test and the macroscopic uniaxial tensile test. The simulation with the calibrated 
parameters and the synthetic microstructure model gives an excellent prediction of the Lankford 
coefficient of the dual-phase steel. Benefiting from the strategy, a virtual laboratory is conducted to 
investigate the microstructure sensitivity on the mechanical properties, which serves a basis for the 
microstructure design with desired properties.  
 
Keywords 
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 Introduction  1
It is well known that the properties of metallic materials are affected by all microstructural features 
including the spatial distribution of phases, grains, inclusions, and even defects (Gottstein, 2004). For 
instance, the conventional dual-phase (DP) steels with a microstructure of ferrite matrix and dispersive 
martensite (normally 5-30%) show the low yielding strength around 300-380 MPa and the ultimate tensile 
strength within 600-700 MPa (Fonstein, 2017; Golovanenko and Fonstein, 1986), whereas the recently 
developed DP steels with higher martensite phase fraction up to 50-70% enhance the tensile strength to 
800-1200 MPa (Horvath, 2010). In addition to the phase fraction, the microstructural features in grain 
level for both phases, such as the distribution of grain size, shape, and crystallographic orientation are 
considered as the key factors that affect the macroscopic mechanical properties and the structural 
performances of the steels (Avramovic-Cingara et al., 2009; Bag et al., 1999; Kadkhodapour et al., 2011; 
Kang et al., 2007; Lai et al., 2016; Pierman et al., 2014; Schmitz and Prahl, 2016; Shen et al., 1986; Tasan 
et al., 2015; Tasan et al., 2014).  
Recently, various numerical approaches were developed under the frame of the integrated computational 
materials and engineering (ICME) to offer the qualitative and/or quantitative description for the 
microstructure-property relationship coupling multiscale material models and microstructure models, such 
as molecular dynamics (MD) or Monte Carlo (MC) method for the descriptions of the inherent properties 
at the atomistic level (Fermi et al., 1955; Prieto-Depedro et al., 2015; Shinzato et al., 2019; Xu et al., 
2013), dislocation dynamics (DD) for modelling of the dislocation motions at mesoscale (Akarapu et al., 
2010; Fivel, 2010; Jiang et al., 2019), and crystal plasticity (CP) for the crystal and phase level mechanical 
properties predications (Roters et al., 2010; Zhang et al., 2016), as well as the representative volume 
element (RVE), statistical volume element (SVE), or uncorrelated volume element (UVE) for the 
microstructure descriptions (Hill, 1963; Madivala et al., 2018; Sanei and Fertig, 2015; Yin et al., 2008). 
Among these approaches, considering the length scale applicability and calculation efficiency for solving 
engineering problems, the CP models in combination with RVEs (Diehl et al., 2017a; Uthaisangsuk et al., 



2011; Vajragupta et al., 2014) have attracted great attention in the material and mechanical engineering 
fields.  
The crystal plasticity theory based on dislocation motion on slip systems was firstly proposed by Taylor 
(Taylor, 1934a, b). In early-stage numerical approaches, the continuum constitutive equations were 
proposed (Hill, 1966; Hill and Rice, 1972; Rice, 1971) and utilized to calculate the dislocation-slip-
accumulated strain and predict the macrotexture evolution (Becker, 1991; Eisenlohr and Roters, 2008). 
The constitutive laws can be divided into two groups: phenomenological laws considering the critical 
stress as the state variable for dislocation motion while the physical-based laws taking into account the 
material physical features such as dislocation density. Except for dislocation slip, twinning (Hama and 
Takuda, 2011), phase transformation (Ma and Hartmaier, 2015), or other micromechanical deformation 
mechanisms are also investigated by CP models. Successful applications of the CP model can be found in 
the prediction of ears during cupping (Raabe and Roters, 2004; Zhao et al., 2004), the anisotropic 
deformation behavior (Kraska et al., 2009; Van Houtte et al., 2006; Xie et al., 2018d), yield locus and 
hardening curves (Lian et al., 2017; Zhang et al., 2016), strain gradient effects (Arsenlis et al., 2004; 
Arsenlis and Parks, 1999; Arsenlis and Parks, 2002; Ma et al., 2006a, b, c), residual stress formation 
during deformation (Xie et al., 2018a; Xie et al., 2018b), and the correlation to damage and fatigue (Diehl 
et al., 2017b; Gu et al., 2019; McDowell and Dunne, 2010; Prasannavenkatesan et al., 2011; Xie et al., 
2018c).  
Problem definition  
Despite this successful development and application of the CP model, one could notice that they are 
mainly focused on single-phase materials. For the DP or multiphase steels, the existing results are mainly 
qualitative. Two open questions for the limitation identified by the present study are i) calibration of 
reliable crystal plasticity parameters for every single phase of the multiphase materials and ii) the 
establishment of meaningful synthetic microstructure. The difficulty increases when the material features 
a micro or nanoscale grain structure.  
Parameter calibration of CP models  



In current literature, the force–displacement or stress–strain response obtained from macroscopic tests, e.g. 
uniaxial tensile tests (Zhang et al., 2015), fatigue tests (Yu et al., 2015) and the combination of multiple 
tests (Ebeling et al., 2009), or micromechanical tests, such as nanoindentation (Zambaldi et al., 2012) and 
pillar tests (Soler et al., 2012; Zheng et al., 2018) are generally employed for CP parameter calibration. 
Most of these approaches only gain success in single-phase materials; however, it is greatly challenged by 
the advanced high-strength steels (AHSS), where DP or multi-phase structures are found, and each phase 
contains very fine grains. The macroscopic mechanical tests alone are simply not suitable anymore to fit 
the CP parameters for more than one phase. The very fine grains, even ferrites for some cases with the 
average grain size of 2-3 microns, on the one hand, brings difficulties in characterizing the mechanical 
behavior of single crystals locally and on the other hand the fine hierarchical structure, e.g. martensite 
raises up great uncertainty in the micromechanical tests.  
In existing literature, the CP parameters of martensite phase in DP steel is either directly taken from a 
single-phase martensite with similar chemical composition (Tasan et al., 2014), or the parameter 
determination is based on the empirical equations from chemical compositions (Bong et al., 2017), which 
both lack a certain level of confidence in the specific material and application. Another approach 
combining the macroscopic stress–strain response and lattice strains of individual ferrite and martensite 
phase measured by an in situ neutron diffraction experiment under uniaxial tension was also developed to 
identify the parameters of each phase (Choi et al., 2013; Kim et al., 2017; Ravi et al., 2019; Woo et al., 
2012). However, despite the limited access to the equipment for the lattice strain measurement, the quality 
of this technique is distinctly affected by the identification of the lattice strain of ferrite and martensite due 
to their similar crystal structures.  
Synthetic microstructure model for DP steels  
In terms of microstructure model generation, various types of RVEs were developed for polycrystal 
metals. The first straightforward RVE generation approach is the digitization of the real microstructure 
(Choi et al., 2013; Lian et al., 2014; Raabe et al., 2001), which is straightforward but also shows the 
obvious drawbacks in keeping the statistical representativeness of the microstructure and manipulating the 



microstructure configurations in the microstructure design phase. Hence, for materials with complex and 
statistically homogenous microstructure, a synthetic RVE containing sufficient microstructural 
information should be a satisfactory tool. For this type of RVEs, some simple approaches create a regular 
cube RVE with the voxel mesh for uniform cube grains, in which only crystal orientations can be 
introduced (Mahnken et al., 2015; Raabe et al., 2002a; Raabe et al., 2002b; Woo et al., 2012). Regarding 
more complex morphology description, different Voronoi tessellation algorithms are intensively 
developed and applied considering the phase and grain patterns (Quey et al., 2011; Teferra and Graham-
Brady, 2015) and the hierarchical martensitic steel (Li et al., 2018) and bainitic steel (Osipov et al., 2008). 
Recent advance on the synthetic RVEs focuses on representing more microstructural features including 
phase fraction, grain size, grain shape, neighboring grain number, and grain orientation (Ghosh et al., 
2016; Groeber and Jackson, 2014). Generally, most algorithms show satisfactory performance on the 
phase and grain configurations such as average size and shape and give fair results on corresponding grain 
size and shape distribution functions. However, for DP or multi-phase materials, these grain-level 
characteristics are rarely compared with the experimental measurement. In addition, the grain 
crystallographic orientation shall be properly and separately studied in the RVE due to the possibly very 
distinct texture of different phases. Instead, a typical assumption used in most current RVEs is the random 
texture for all phases. The reasons are mainly two folds: i) a general and accurate algorithm for generating 
multi-phase synthetic RVEs with statistical distribution information for grain size, shape, and 
crystallographic orientation is not well established; and ii) a quantitative evaluation criterion of the 
representativeness of RVEs to the experimental characterization is missing.  
For single-phase materials, a semi-quantitative proposal is mainly employed, that an adequate number of 
grains, typically a few hundred, shall be included in the RVE (Ghosh et al., 2016); however, this method 
will not be suitable for a heterogeneous DP or multi-phase structure, where different phases have very 
distinct grain sizes. The reason is simply that the mesh size of the RVE is defined by the very fine grains 
and to ensure a certain number of grains with large grains size may result in elements with a magnitude of 
109, which will significantly challenge the computational time and memory size for even modern 



computer workstations. Accordingly, a tool to measure the quality of the representativeness of RVE is 
desired, as it will enable more flexible design of the RVE without the semi-quantitative restrictions in the 
existing studies (Ghosh et al., 2016; Mandal et al., 2018; Nakamachi et al., 2007), such as grain number. 
Automatically, it will result in an optimized synthetic RVE that is able to represent the phase fraction and 
the statistical distribution of grains size, shape, and texture at the same time.  
Aim and scope of the current study  
Viewing the scientific gaps presented by the literature review, it is clearly concluded that lacking proper 
solutions for the two questions identified by the presenting authors, i) construction of meaningful and 
representative synthetic microstructure and ii) parameter calibration of every individual phase, is 
significantly hindering the application of the micromechanical modeling approach with CP model for 
dual-phase steels for predictive and quantitative analysis. Therefore, the present study aims to provide 
solutions for these two open questions by proposing a microstructure representativeness assessment 
criterion and a parameter calibration procedure of the crystal plasticity model for the fine-grain-structured 
dual-phase steels. The application of such a criterion will improve significantly the accuracy and 
efficiency in building the structure-property relation and material design using computational methods and 
a trustworthy and effective approach to calibrate CP parameters for complex fine-grain DP 
microstructures will provide more confidence in the application of the strategy for quantitative analysis. In 
this study, the details of constructing the strategy will be shown and its predictive capability will be shown 
by analyzing the stress and r-value anisotropy for a high-strength DP1000 steel.  
The workflow starts from the microstructure characterization by light optical microscopy (LOM), 
scanning electron microscopy (SEM) and electron backscatter diffraction (EBSD) techniques in section 2. 
In terms of the material model, the constitutive equations in the CP model are formulated in section 3. 
Then, section 4 explains the proposed quantitative assessment criterion for RVE representativeness and its 
application to determine the optimal RVE for the reference material. Section 5 presents the material 
parameters calibration approach coupling the macroscopic uniaxial tensile tests and the microscopic 
nanoindentation tests. Consequently, a virtual laboratory is built up in section 6 to demonstrate the 



application of the strategy as well as draw conclusions of the microstructure effects on the plastic flow 
properties.  
 
  



 Material characterization  2
The investigated material in this study is a DP1000 steel sheet with a thickness of 1.5 mm. Various 
investigation techniques and analysis software are employed for the microstructure analysis. In addition, 
to get more accurate microstructure information for 3D RVE modeling, the rolling direction – transverse 
direction (RD-TD) plane as well as the rolling direction – normal direction (RD-ND) plane are 
investigated. Generally, the microstructure characterization for a DP structure includes three parts: 
inclusions analysis, phase analysis, and grain-level analysis.  
According to the LOM examination in Fig. 1, the DP1000 is composed of ferrite and martensite. After 
etching, the ferrite phase shows a brighter area while the martensite phase is grey and dark. The main 
inclusion is the TiN particle with a fraction of 0.05%, which will not be considered in the RVEs. Due to 
the fine microstructure, the LOM technique is failing to offer accurate phase identification. Accordingly, 
SEM is employed and to obtain a statistically representative description of the martensite phase fraction, 
eight spots are randomly chosen on an upper RD-TD plane (0.1 mm down from the material original top 
surface to remove manufacturing influence during sample preparation) with variable magnification from 
1000X to 10000X. In addition, eight positions are also measured along the whole thickness direction on 
the RD-ND plane. Fig. 2 sketches the measurement positions and illustrates three SEM graphs from these 
16 positions.  
Furthermore, the grain-level material microstructure information, such as grain size, shape, misorientation, 
and orientation, are gained by the EBSD method. The investigated surface is prepared with mechanical 
grinding and then electropolishing to remove the surface deformation and residual stress. The total 
investigated dimension is 100 m × 100 m on each plane. Fig. 3 displays partial EBSD orientation maps 
on both RD-TD and RD-ND planes with a dimension of 50 m × 50 m. The measurement step size is 50 
nm due to the fine grain structure of the investigated material. The detailed analysis of microstructure 
features is introduced in section 4.1.  
 



(a) 

 

(b) 

 
Fig. 1 LOM metallographs of DP1000 on (a) RD-TD and (b) RD-ND planes. 
 

  
(a) (b) 

  
(c) 

Fig. 2 SEM measurement plan (a) and the metallographs of DP1000 on RD-TD (b) and RD-ND (c) planes. 
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(b) 

 

  
Fig. 3 EBSD orientation maps of DP1000 on (a) RD-TD and (b) RD-ND planes. 
  



 Constitutive model 3
The crystal plasticity modeling formulation based on dislocation slip is used in this study. The governing 
equations of the model (Roters et al., 2010) are briefly introduced in the following.  
The deformation gradient F is multiplicatively decomposed into a purely elastic (reversible) part  and a 
purely plastic (irreversible) part  (Asaro and Lubarda, 2006): 

   Eq. 1
where  is the deformation solely due to plastic shearing on crystallographic slip systems and  results 
from the stretching and rotation of the crystal lattice. The deformation in Eq. 1 can be envisioned as 
accomplished in two stages: material first moves through the undeformed crystal lattice according to  
and then the lattice and material deform together giving rise to .  
The derivation of the plastic deformation gradient rate  is expressed as:  

    Eq. 2
where  is the plastic velocity gradient. If the deformation process involves only dislocation slip,  is 
defined as: 

     
⊗




 Eq. 3

where for slip system α,  and  are the unit vector describing the slip direction and normal direction 
to the slip plane;   is the slip rate and N is the number of active slip systems. The shear rate    is 
determined by the resolved shear stress  and the critical resolved shear stress . The kinetic law on the 
slip system α is defined as: 

    
 sgn Eq. 4

where  and m are the reference shear rate and rate sensitivity of slip system α respectively. The resolved 
shear stress   on slip system α is defined as: 

   ∙ 
⊗ Eq. 5



where   is the second Piola-Kirchhoff stress in the intermediate configuration defined by  . The 
micromechanical interaction between different slip systems should also be taken into consideration by: 

   ℎ



  Eq. 6

where ℎ is the hardening matrix and given as: 

ℎ   ℎ 1 −  


 Eq. 7
where ℎ, a, and  are slip hardening parameters. The value   incorporates the effect of self-hardening 
α  β  and latent hardening α ≠β  and is assigned as 1.0 for coplanar slip and 1.4 otherwise. 
Therefore, the hardening evolution law of slip system α is determined according to: 

   +   ℎ 1 −  



 d Eq. 8

where   is the initial critical resolved shear stress. To sum up, the involved parameters in crystal 
plasticity model are , , ℎ, ,  and . Regarding the quasi-static loading condition, the strain rate 
effect is currently not considered in this study. Hence, the strain rate related parameters  and  are 
chosen form literature (Tasan et al., 2014), as shown in Table 4. The remaining four hardening parameters 
for DP1000 need to be calibrated by the proposed inversely calibration strategy in the following sections.  
In terms of the solution of the constitutive equations on material points, finite element method (FEM) with 
Gaussian integration points or fast Fourier transformation (FFT) approaches with regular Fourier points 
can be employed. The detailed explanations of these schemes and their implementations with CP models 
as well as the comparisons between these two methods have been investigated in many studies (Liu et al., 
2010; Prakash and Lebensohn, 2009). Generally, the CPFFT method is an efficient replacement of the 
CPFEM with periodic boundary conditions due to its higher numerical performances with the economical 
computing time and better predictive capabilities as a mesh-free method. However, with respect to 
complex boundary conditions, the CPFEM method is preferred. Therefore, In this study, CPFEM is 



employed for nanoindentation simulation while RVE calculations are carried out by CPFFT. The detailed 
information will be introduced in section 5. 
  



 Synthetic microstructure generation 4
4.1 Microstructure feature analysis 
4.1.1 Phase fraction  
In DP steels, as the body-centered cubic (bcc) ferrite and body-centered tetragonal (bct) martensite grains 
have similar crystal structures, it is not straightforward to distinguish these two phases by EBSD. 
Generally, martensite is characterized by lower image quality (IQ) values and larger kernel average 
misorientation (KAM) values due to its hierarchical microstructure compared with ferrite. Hence, a 
specific grain average image quality (GavgIQ) value is normally employed to distinguish martensite and 
ferrite in the literature (Calcagnotto et al., 2011; Tasan et al., 2015). However, this single GavgIQ criterion 
is not satisfied to strictly delimit two phases in some DP steels, especially for a DP1000 with fine 
microstructure, since some ferrite and martensite grains show similar microstructural signals, i.e. GavgIQ 
or KAM values. As indicated in Fig. 4, although two peaks can be observed in the GavgIQ distribution 
figures roughly, in contrast to most DP600 or DP800 steels, the borderline between two phases is not clear, 
especially for the RD-ND plane. More specifically, in the range from 115000 to 135000, the GavgIQ 
values of some martensite and ferrite grains are close to each other. Hence, the EBSD method cannot be 
used to determine the phase fraction of DP1000. Instead, the high-magnification SEM images (Fig. 2) are 
employed. The relatively white grain areas with irregular lath structure are regarded as martensite whereas 
the homogeneously dark and grey grain areas are treated as ferrite. The software Digimizer is employed to 
account for the phase fraction. For the statistical analysis, the average phase fraction is calculated from all 
inspected positions on both RD-TD and RD-ND planes. It is concluded that the investigated DP1000 has 
55% ferrite and 45% martensite.  
For the detailed grain-level microstructure feature analysis for individual phases, ferrite and martensite 
need to be separated based on the EBSD measurement. Therefore, the following procedure is proposed to 
separate the two phases. Firstly, 5° is used as the minimum misorientation between two neighboring 
measured points to reconstruct the grain boundaries, and for martensite, the blocks are generally regarded 
as martensite grains. Regarding the phase identification, even the GavgIQ of 12500 can give the same 



phase fraction result as obtained by SEM, the uncertainty that martensite and ferrite grains still mix with 
each other cannot be avoided. To obtain the precise statistical microstructure information used for RVE 
generation, the determination of martensite and ferrite should be deliberate. Therefore, with a careful 
check on grain IQ maps, two IQ thresholds are chosen for two phases: GavgIQ < 115000 for martensite 
grains and GavgIQ > 135000 for ferrite grains, in order to make sure that the picked grains are definite for 
the phase that they belong to. The grains in the middle range, i.e. 115000 < GavgIQ < 135000 are omitted 
for the statistical microstructure characterization on grain level. After grain reconstruction and reselection, 
a workflow for the grain size, shape, misorientation, orientation distributions analysis is built up with the 
help of MATLAB/MTEX Toolbox (Bachmann et al., 2010; Hielscher and Schaeben, 2008; Mainprice et 
al., 2011). 

  (a) (b) 
Fig. 4 Grain average image quality distribution of DP1000 on (a) RD-TD and (b) RD-ND planes. 
 
4.1.2 Grain size distribution   
The grain size distribution function is defined as the statistical frequency of specific grain size. Actually, a 
mathematically exact given grain size may not exist, so in general, the frequency of grains with sizes 
within a predefined size interval is counted and this is usually represented as a histogram (Gottstein, 2004). 
The grain size can be characterized by the equivalent diameter d, which is in 2D the diameter of a circle 
that gives the same area as the grain, or in 3D a sphere that gives the same volume as the grain. The grain 
size distribution of crystalline solids mostly matches the logarithmic normal distribution, i.e. the frequency 



against the logarithm of the grain size (lnd) follows the normal distribution tendency. In mathematics, the 
normal distribution of x can be represented as: 

; ,   1
√2 exp −  − 

2  Eq. 9
then y = exp(x) has a log-normal distribution: 

; ,   1
√2 exp − ln − 

2  ,  > 0 Eq. 10
where   is the probability density function;   and   are the mean values and standard deviation, 
respectively. For grain size distribution,    and   ln. Besides, the characterized parameters of a 
distribution, the mode, median, and mean values are the same in an ideal normal distribution, i.e. they are 
all equal to . However, these three values are different from each other in a log-normal distribution. The 
mode value is the point of the global maximum of the probability density function, and it solves the 
equation  ln′  0: 

mode   exp  −  Eq. 11
Median is the point in the intermediate position when all data are listed in order from the minimum value 
to the maximum value, where the cumulative value is 0.5: 

median   exp  Eq. 12
Mean is the average value of the whole data: 

mean  exp  + /2 Eq. 13
In addition, the standard deviation of this log-normal distribution is calculated by: 

sqrt  exp 2 +  ∙ exp  − 1 Eq. 14
In terms of the grain size distribution, the most concerned characterized values are the arithmetic mean 
value and standard deviation. Since the grain size is inherently relative to grain area, the area fraction is 
considered as grain size distribution weight. Fig. 5 (a-d) give the log-normal distribution fitting and 
corresponding cumulated distribution functions (CDFs) plotting of both ferrite and martensite on RD-TD 
and RD-ND planes, respectively. Generally, the grain size area fraction distribution obeys the log-normal 



distribution. Besides, it is noted that the RD-ND plane shows a slightly smaller average grain size than the 
RD-TD plane. Therefore, for the 3D RVE generation, the average grain size of the RD-TD and RD-ND 
planes (Fig. 5 (e, f)) are employed as grain size distribution inputs. The arithmetical mean values of the 
fitted parameters are listed in Table 1. The ferrite in the investigated DP1000 has the average equivalent 
grain size less than 2 m while martensite grains are approximately only a quarter of the ferrite grains. 
 
4.1.3 Grain shape distribution   
Similar to the grain size distribution, the grain shape distribution is characterized as the statistical 
frequency of the grain shape factor, which can be presented by the aspect ratio (asp) of each dimension. If 
the grains are regarded as equivalent ellipsoids in a 3D Cartesian coordinate system, the grain shape could 
be simply described by the length ratio of the three ellipsoid coordinate axes, marked as a:b:c. Besides, 
these three coordinate axes can be unified with the material coordinate system, i.e. RD-TD-ND axes, for 
many steels experienced the rolling deformation. Hence, a:b:c=1:1:1 refers to equiaxed grains and 
a:b:c=1:0.1:0.1 represents that grains are extremely elongated along RD (Delannay et al., 2009). In the 2D 
EBSD measurement, the aspect ratio is defined as the length ratio of the minor axis to the major axis of 
the ellipse fit to the grain, resulting in its range from 0 to 1. Therefore, with the investigations on RD-TD 
and RD-ND planes, the aspect ratio of RD:TD and RD:ND can be calculated respectively. It can be 
noticed that the grain shape trends to hold the consistent distribution independent from the grain size. 
Hence, the number fraction is employed as the grain shape distribution weight. Two or multiple peaks are 
observed in the grain shape distribution as shown in Fig. 6, especially for martensite grains, which means 
a more homogeneous distribution in grain shape. Generally, the grain shape still conforms with the log-
normal distribution based on Eq. 9-Eq. 14. Here,     and   ln . The CDFs of calculated 
distribution functions and experimental data are also checked to further certify the fitting quality of the 
distributions. In contrast to grain size, only the arithmetical average aspect ratios mean of three 
directions are used for grain shape characterization in RVEs. For the investigated DP1000, 



RD:TD:ND=1:0.48:0.47 for ferrite and RD:TD:ND=1:0.49:0.48 for martensite, which describes a slightly 
elongated grain shape along RD.  
 
4.1.4 Texture and misorientation distribution   
The orientation distribution function (ODF) is employed to describe grain orientation distribution, as 
shown in Fig. 7. Both ferrite and martensite in DP1000 present the typical bcc rolled textures. The most 
important texture components in ferrite are the γ-fiber component {111}<112> and off-γ-fiber component 
~{554}<225>, while in martensite, the rotated-cube component {001}<110> has higher intensity. The 
grain orientation distribution of both phases on RD-TD and RD-ND planes is similar to each other. In 
order to numerically describe the grain orientation distribution, the texture index is introduced as a texture 
characteristics parameter. It is used for a rough classification of ODF into sharp and weak ones, and 
defined as the integration of orientation density of an ODF  (Bachmann et al., 2010): 

  −  d Eq. 15
In addition, the normalized quantitative difference ∆ between an interested ODF  and a reference 
ODF  is defined as well to evaluate the error between two ODFs, which could be calculated (Xie et 
al., 2013): 

∆ ∮ − d
∮ d    Eq. 16

Regarding the grain misorientation distribution, normally, there are two different ways for the 
misorientation description. One is based on the misorientation between nearest neighboring grains 
(marked as neighboring), and another is based on the misorientation between randomly picked grain pairs 
(marked as random), as shown in Fig. 8. It can be observed that the misorientation of ferrite and 
martensite grains show a similar distribution shape on both RD-TD and RD-ND planes. The probability 
distribution for the randomly picked misorientation angles follows the “Mackenzie distribution” 
(Mackenzie, 1964), which meets a cut-off at 62.8° due to the cubic polycrystals structure (Warrington and 
Boon, 1975) and displays an approximate maximum between 40° and 50° in a relationship with the 



inherent material ODF. Meanwhile, the neighboring misorientation is more relative to the local 
morphology within the two phases. It has the same distribution range as the random misorientation 
distribution. While a peak fraction occurs at a slightly larger orientation range from 50° to 60°, revealing a 
larger grain boundary angles between neighboring grains. Besides, a distinctly secondary peak around 
10°-15° on RD-TD planes indicates that the low angle grain boundaries (LAGBs) should not be 
negligible.   
 
4.1.5 Remarks  
To sum up, the microstructure characterization parameters can be determined for DP steel, as shown in 
Table 1. Generally, they are the phase fraction f, mean grain equivalent diameter d, mean grain shape 
factor asp, and texture index t for both phases. In detail, the expected value  and standard deviation σ of 
grain size distribution, ODF figures of grain orientation distribution, and grain misorientation distribution 
figures are also characterized. 
 
Table 1 Microstructure characterization of DP1000. 

DP1000 Phase fraction, f 
Average grain size, d (nm) 

Grain size distribution, 
 (nm) 

Grain size distribution, 
σ (nm) 

Average grain shape factor, asp 
Texture index, t 

Ferrite 0.55 1995.10 7.53 0.37 1:0.48:0.47 1.08 
Martensite 0.45 536.01 6.11 0.59 1:0.49:0.48 1.05 
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Fig. 5 Grain size log-normal distribution and cumulated distribution functions of DP1000 - (a) ferrite on 
RD-TD plane, (b) ferrite on RD-ND plane, (c) martensite on RD-TD plane, (d) martensite on RD-ND 
plane, (e) 3D average of ferrite phase, and (f) 3D average of martensite phase. 
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Fig. 6 Grain shape log-normal distribution and cumulated distribution functions of DP1000 - (a) ferrite 
phase on RD-TD plane, (b) ferrite phase on RD-ND plane, (c) martensite phase on RD-TD plane, and (d) 
martensite phase on RD-ND plane.  

(a) 

 

(b) 

(c) 

 

(d) 

Fig. 7 Grain orientation distribution of DP1000 – ODF on phi2=45° section of (a) ferrite phase on RD-TD 
plane, (b) ferrite phase on RD-ND plane, (c) martensite phase on RD-TD plane, and (d) martensite phase 
on RD-ND plane. 
 



  
(a) (b) 

Fig. 8 Grain misorientation distribution of DP1000 on (a) RD-TD and (b) RD-ND planes.  
 
4.2 Quantitative assessment criterion for the representativeness of microstructural features  
With the characterized microstructure information of the investigated materials, Dream.3D (Groeber and 
Jackson, 2014) is used to generate the synthetic digital microstructure in the form of the representative 
volume. The software is one of very few RVE generation tools that give selective feedback on the quality 
of the RVEs generated, such as grain size, shape information. Although it also integrates an optimization 
approach to fit the experimental input while generating the RVEs, the derivation of the generated 
microstructure still exists and it is not quantified. In addition, the representativeness of RVE is also 
strongly affected by the numerical parameters, i.e. RVE size and mesh size. Hence, a microstructure 
representative assessment criterion (MRAC) based on the RVE generator output results is necessary to 
quantify the RVE quality and optimize the RVE numerical setting.  
In terms of a fine-resolution RVE for a DP structure involving phase fraction, grain size, grain shape, 
grain orientation, etc., the comprehensive microstructural system already leads to the complex interactions 
between each individual feature. Hence, the assessment criterion should take into account not only each 
individual feature performance but also the overall quality to balance different microstructure aspects. For 
each single selected microstructural feature X, the absolute deviation ∆ between actual material input and 
RVE output can be calculated. Then the overall deviation ∆ can be summarized as the average value of all 



involved individual deviations. In terms of a DP structure, the basic focused individual microstructural 
features are the martensite phase fraction f, mean equivalent grain diameter d in grain size distribution 
function, mean grain shape factor asp in grain shape distribution function, and overall texture index t of 
grain orientation distribution function for each phase. Hence, seven parameters are analyzed in total. For 
the calculation of the individual deviation ∆, a consistent function can be employed for phase fraction, 
mean equivalent grain diameter, mean grain shape factor, as well as the texture index: 

∆  | − | × 100% Eq. 17
where the  and  are the characterized values of the corresponding microstructural feature X from 
RVE input (i.e. material information based on EBSD in section 4.1) and output (i.e. microstructure 
information of RVE), respectively. It is noted that these seven parameters are recommended to be the 
basic microstructure features for assessment. More advanced features shall also be included for fine-
tuning of the microstructure, which is shown in section 4.3. As one example, the overall deviation ∆ can 
be formulated with the following basic microstructure features for DP1000: 

∆ mean|∆|, |∆|, |∆| , |∆|, |∆|, |∆|, |∆| Eq. 18
The smaller the ∆ value is, the better the RVE representativeness is. In addition, to visualize the general 
deviation, the microstructure representativeness assessment diagram (MRAD) as a radar chart is proposed. 
If the outline of the MRAD is assumed as the reference material information for  and assigned to 1, 
The value  of the output RVE feature  on the radar diagram is:  

   ⁄  Eq. 19
With this criterion, the representativeness of RVE can be quantitatively assessed. It also should be noticed 
that the proposed criterion is helpful to evaluate the RVE representativeness on one hand, and on the other 
hand, it also assists to optimize the RVE with better representativeness, especially for the texture in RVE, 
as shown in section 4.3.  
 
4.3 Algorithm for the optimization of the representative microstructure  
The main use of the proposed method is in two folds:  



− Minimize the generated scatter caused by RVE uncertainty;  
− Optimize the RVE generation.  

The first application of the method is rather straightforward. It is based on the fact that the basic RVE 
setup in terms of size and mesh is clear. During building up a 3D RVE based on the geometrical methods 
(Bargmann et al., 2018), no matter which algorithm is employed, e.g. the traditional Voronoi tessellation 
approaches or the recently developed statistically equivalent microstructures methods, the final solution of 
the so-called optimal germs or the best-fit ellipsoids could be non-unique. This leads to the fact for all the 
algorithms that even with the same numerical parameters setting, e.g. element number or mesh size, and 
the consistent material information input, the characteristics of the generated RVEs can be quite different, 
which is also the fundamental reason for the need of an evaluation criterion. For instance, with the 
material features in Table 1, Fig. 9 shows the MRAD of 10 generated RVEs with the same element 
number and mesh size setting. According to Eq. 19, the light grey outline of the MRAD is the input 
material information. It can be concluded that, with the statistically equivalent microstructures algorithm, 
the grain shape factor is well controlled for all RVEs with the identical numerical setting, while the phase 
fraction and grain size of the output RVE show about 10% deviation at largest and the texture index of 
ferrite could lead to a 35% difference from the input. This is caused by the randomly picking procedure of 
input Euler angles in RVE generation. With this specific numerical setting, RVE No. 7 presents the 
smallest overall deviation while RVE No. 2 shows the worst result. In Table 2, the individual 
microstructure features are also listed for these two RVEs.  
For most of the studies involving RVEs, the setup of an optimal RVE actually starts with the RVE size 
and mesh size. In this study, by using the MRAC, the following two-step optimization procedure for the 
RVE generation is proposed:  

- Optimization of the RVE numerical parameters based on the basic MRAC.  
- Fine-tuning of the RVE microstructure features based on the advanced MRAC.  

The basic MRAC in the context is refereeing to the seven microstructural features that have been chosen 
before and illustrated in Fig. 9. For the investigated DP1000, the performance of RVEs with variable 



numerical settings are studied. Referring to a 3D cube RVE with voxel mesh, the numerical parameters 
including mesh size and element number in each dimension are focused. The entire RVE size is 
automatically decided by these two parameters.  
This first numerical parameter to be decided is the mesh size. Considering the average grain size of ferrite 
and martensite, the mesh size in the range from 100 nm to 400 nm is studied as shown in Fig. 10. For all 
the RVEs, the total number of 40×40×40 elements are fixed. It is noted that this is the element number, 
not the RVE size. The reason for using this parameter is that it can be directly correlated to the 
computational effort as shown in the second step. The MRAD shows that the shape factor for ferrite and 
martensite show a good response despite the mesh size. As analyzed in Table 1, the average grain size of 
ferrite is ~ 2000 nm and martensite is ~ 500 nm; hence, the mesh size changing from 400 nm to 200 nm 
gives similar output on ferrite grain size, while the smaller mesh size, 100 nm, provides better RVE 
performance on martensite grain size and phase fraction. However, with the identical element number, the 
smaller mesh size brings the smaller RVE size, i.e. less grain number and statistical information in RVE, 
which brings the distinct deviation on ferrite grain size in RVE with a mesh size smaller than 200 nm. 
This effect is also observed for the texture index, especially the one for ferrite. Consequently, a moderate 
mesh size should be chosen to balance the representativeness of martensite grain size and ferrite texture. 
Based on the overall deviation, Fig. 10 indicates 200 nm as the optimal mesh size of DP1000 RVE.  
In terms of the element number in each dimension, both the individual and overall deviations in Fig. 11 
demonstrate that the more elements in RVE result in better agreement with the input material 
microstructure owing to the increased RVE size with more grains. However, this is creating difficulty in 
the computational effort. With the von Mises benchmark simulations, the CPU hours of an RVE with 
262,144 (64×64×64) elements is approximate 18 times more than an RVE with 64,000 (40×40×40) 
elements, while the overall representativeness deviation is only reduced by about 1%. Therefore, to 
balance the RVE representativeness and the model computational capacity, the element number of 40 in 
each dimension is chosen. To sum up, the optimal RVE numerical setting of the reference DP1000 is the 
mesh size of 200 nm and the element number of 40 in each dimension.  



With the optimal structure, the RVE representativeness for each individual feature in the whole level can 
be satisfied. However, the overall agreement is not enough as the detailed microstructure distribution 
information should also be considered, especially for grain size and orientation. Therefore, the fine-tuning 
for RVE representativeness based on the advanced MRAC is necessary. For grain size, in addition to the 
mean value, the fine-tuning also includes the standard deviation of the distribution. That means the log-
normal distribution, as well as the cumulated distribution of grain size from input and output of RVE, 
should be compared. For grain orientation, except for the texture index parameter for the general 
description of the spread of ODF, the overall error ∆ between input and output, ODFs should also be 
weighted according to Eq. 16. Furthermore, typical texture components, including the position and 
intensity of them, shall be further assessed. Based on the optimized RVE from the previous step, the grain 
size distributions match the actual material input pretty well in the whole grain size range for both phases 
according to Fig. 12. Comparing the ODF figures of martensite phase in optimal REV and EBSD 
measurement in Fig. 13 (a, b), the texture of martensite is accurately represented as well due to the larger 
martensite grain number - more than 1000 martensite grains in RVE, whereas the original RVE ferrite 
texture in Fig. 13 (d) cannot cover the main texture components in Fig. 13 (c), especially for the off-γ-
fiber component ~{554}<225>. This is mainly caused by the limited ferrite grain number and the default 
grain orientation assignment method in Dream.3D. Therefore, an additional post-process for grain 
orientation distribution optimization of the RVE is introduced.  
The optimization is based on comparing the Euler angle of the most important texture components in 
reference material and original RVE output. In this specific case, this post-modified texture process is 
achieved by changing the Euler angles of the deviated grains in RVE to the Euler angle of typical texture 
component, {111}<112>. With this method, the optimal ferrite texture in Fig. 13 (e) shows a good 
agreement with the reference ODF. For the quantitative characterization of the improvement, the 
normalized quantitative difference ∆, i.e. error between two ODFs, is calculated according to Eq. 16. 
The ODF difference ∆  between input and the original RVE is 0.49 while between input and the 
modified RVE is 0.36. Thus, texture optimization can be regarded as a success. Meanwhile, the random-



picked grain misorientation distribution is naturally captured with the well-represented RVE texture, 
especially for the martensite phase, as illustrated in Fig. 14. With respect to ferrite, although due to the 
limited ferrite grain number is optimal RVE, the misorientation distribution curve is waved, the similar 
tendency with input information is still captured. As shown in a recent paper (Biswas et al., 2019) on the 
misorientation effect, it has been pointed out with consistent grain orientation distribution, the grain-to-
grain misorientation will not affect the stress–strain behavior in a notable way. They will have more 
impact on the strain localization and damage behavior of the material, which is beyond the scope of the 
current study. 
The final optimal RVE is visualized in Fig. 15, which includes 51 ferrite grains and 1040 martensite grains 
in total. Table 3 displays the numerical setting and the output microstructural features of the optimal RVE 
compared with the actual material, illustrating that the reference material microstructure features are well 
represented in RVE generally. This optimal RVE can be employed for crystal plasticity parameter 
calibration in the following section.  

 

Fig. 9 Microstructure analysis of 10 RVEs with the same numerical parameter setting by MRAD.  
 
Table 2 Microstructure features comparisons of RVEs with the same numerical parameter setting. 

RVE No. M F, nm M, nm F M F M ∆, % 
2 0.43 1843.65 568.86 1:0.49:0.46 1:0.51:0.47 1.52 1.06 7.44 



7 0.45 1975.34 551.14 1:0.49:0.45 1:0.51:0.47 1.25 1.09 3.58 

 

Fig. 10 Mesh size effect on the RVE representativeness.  
 

 

Fig. 11 Element number effect on the RVE representativeness.  
  



 
(a) (b) 

Fig. 12 The grain size distribution of the optimal DP1000 RVE.  

  (a) (b) 

 (c) (d) (e) 
Fig. 13 Grain orientation distribution comparisons based on ODF with phi2=45° section of: (a) EBSD 
measured martensite phase in DP1000 (b) martensite phase in the optimal DP1000 RVE, (c) EBSD 
measured ferrite phase in DP1000, (d) original ferrite phase in the DP1000 RVE, and (e) optimal ferrite 
texture in the optimal DP1000 RVE.  
 



 
Fig. 14 Grain misorientation distribution of the optimal DP1000 RVE.  
Table 3 Numerical setting and microstructure features of the optimal RVE of DP1000. 

Mesh size, nm RVE size, m3 Ferrite grain number Martensite grain number 
200 8×8×8 51 1040 

 
Phase fraction Ferrite Martensite 

f d, nm asp t d, nm asp t 
Input 0.45 1995.1 1:0.48:0.47 1.08 536 1:0.49:0.48 1.05 
RVE 0.45 2033.4 1:0.49:0.45 1.25 578.4 1:0.51:0.47 1.09 

 



(a) (b) (c) 
Fig. 15 Visualization of the optimal DP1000 RVE - (a) full structure, (b) ferrite phase, and (c) martensite 
phase (upper row for phase maps and lower row for grain maps). 
  



 Material parameter calibration of each individual phase 5
5.1 Strategy for the parameter calibration 
Nanoindentation test is widely used to investigate the crystal plasticity deformation behavior and calibrate 
the crystal plasticity model parameters (Schmaling and Hartmaier, 2012; Wu et al., 2017). In terms of 
dual-phase steel, the nanoindentation test performed within a single grain area provides an opportunity to 
identify the micromechanical response of each phase. In the current study, this method is applied to the 
ferrite grains. However, with respect to the hierarchical martensite, the EBSD identified martensite grains 
by 5° misorientation are corresponding to the block level, which gives a characteristic grain size below the 
micro-level. This is very challenging for the current nanoindentation technique to gain reliable data. 
Owing to the ultra-fine martensite size, only one indent can be performed within one martensite island 
without confirmation on the repeatability. Most critically, large scatter is found for the nanoindentation 
test on martensite as the sub-structure boundary effects are present. Therefore, it is not recommended to 
use the nanoindentation test to calibrate the martensite CP behavior. Alternatively, an inverse method is 
introduced for the parameter calibration of DP1000. As illustrated in Fig. 16, there are two major steps to 
follow:  

1. Calibrate the ferrite CP parameters based on the nanoindentation test and CPFEM modeling. 
2. Inversely calibrate the martensite CP parameters based on the macroscopic DP1000 flow curve 

and ferrite CP parameters by means of the RVE based CPFFT modeling.  
In the following sections, the experimental and corresponding modeling results will be introduced.  
 



 
Fig. 16 Flow chart of crystal plasticity parameters calibration of DP1000.  
5.2 Experimental results of nanoindentation and tensile tests 
The nanoindentation experiments are performed by a TI980 TriboIndenter of Bruker Nano Surfaces 
Division in Aachen, Germany. For the investigated DP1000, due to the tiny grain size, the cube-corner 
indenter tip is chosen for the nanoindentation test on ferrite. It is the sharpest indenter resulting in the 
minimum affected area with the same indentation depth. With the shape of the cube-corner indenter, this 
tip has the sharpest total included angle of 90° and the highest aspect ratio of 1:1. With difference 
curvature radius from 40 nm to 100 nm, there will be different kinds of cube-corner tips, here, the 
curvature radius smaller than 40 nm is chosen.  
In this study, scanning probe microscopy (SPM) is applied to locate the interesting area/grains coupling 
with the RD-TD EBSD orientations map in order to perform the indentation on the aimed spot. The 
displacement-controlled testing mode is chosen with a quasi-static loading rate, 0.1 nm/s. The indent depth 



is controlled as 100 nm to avoid the possible influence from the other grains in the depth direction. For the 
applicability of crystal plasticity parameters, ferrite grains with different crystal orientations are chosen 
and multiple tests are performed on each grain. The SPM images after indentation are performed to 
validate the tests are performed on the intended grains and no microstructure boundaries are involved. For 
the detailed sample preparation and grain selections, the readers are referred to Wu et al. (2017).  
Fig. 17 presents the nanoindentation set up on three different ferrite grains. The EBSD and SPM maps of 
the selected ferrite grains are shown in Fig. 17 (a)-(c) for Grain blue (B), purple (P), and green (G) with 
respect to their orientation colors on the inverse pole figure (IPF) color map, shown in Fig. 17 (d), 
respectively. It is clear that with these three relatively large grains, it is possible to conduct multiple 
parallel tests with enough distance between the indents. The load–displacement curves, i.e. P-h curves, 
will be employed for the CP parameter calibration of the ferrite phase, as shown in Fig. 19. For each 
crystal orientation, two parallel tests are shown as examples with black and red dot lines. It is noted the 
quantitative pile-up profile in 2D or 3D is not reliable to be used, as the scanning indenter for the profile is 
the same one used for indentation, which fails to give enough resolution for quantitative analysis.  

  (a) (b) 

  
(c) (d) Fig. 17 Nanoindentation on ferrite grains with different orientations: (a-c) comparisons between EBSD 

and SPM images, (d) ND inverse pole figure for grain orientations.  



The DP1000 flow curve along RD and TD is obtained by the uniaxial tensile test, in which the specimen 
of DP1000 is gripped at each end and stretched at quasi-static condition (strain rate of 0.0001 s-1) and 
room temperature in a universal tensile test machine (Zwick 100kN). The sample geometry and testing 
procedure are reported in Lian et al. (2018) according to the European Standard EN 10002-1. The applied 
load and extension are measured by means of a load cell and strain gauge extensometer, respectively. The 
flow curve, hardening rate, Lankford coefficient of DP1000 can be analyzed with the uniaxial tensile test 
results and are displayed in Fig. 20 and Fig. 22. The RD stress–strain response is employed for the 
parameter calibration, while RD r-value evolution, as well as the TD stress–strain curve and r-value 
evolution, are used for the model and parameter validation. 
 
5.3 CPFEM simulation of the nanoindentation test of the ferrite phase  
By means of the CPFEM, the nanoindentation test can be simulated numerically and the CP parameters 
can be calibrated accordingly. In this study, the commercial finite element program Abaqus/Standard with 
a user-defined subroutine (UMAT) is used. Taking into account the actual cube-corner tip geometry 
employed in the test, the edge of the cube-corner is adjusted to be round as shown in Fig. 18 (a, b). This 
procedure also helps to improve the convergence of the simulation by avoiding the sharp edges. The 3D 
finite element model for single grain nanoindentation is shown in Fig. 18 (c). The grain dimension is 
3 μm × 3 μm × 2 μm. A fine mesh (finest as 30 nm) is set up in the contact area, which is the critical 
deformation area and a coarse mesh is applied for other regions. It is noted that the mesh on the cube 
corner tip zone is required to be coarser than the mesh in the contact area of the grain to avoid penetration. 
The element type is 3D solid elements with full integration (C3D8) in Abaqus. Frictionless conditions 
between the indenter and the specimen are assumed. The loading aptitude in the simulation is the same as 
that in the experiment.  
In CPFEM, the crystal orientation is a required input from EBSD measurement. An iterative procedure is 
then run for the three grains to optimize the crystal plasticity parameters by minimizing the deviation of 
the predicted P-h curves from the experimental ones. Fig. 19 displays the simulated P-h curves (blue solid 



lines) of the selected ferrite grains at 0.1 nm/s loading rate with the finally optimized parameters listed in 
Table 4. It is evident that the predicted P-h curves reach a reasonably good agreement with the 
experimental ones for all investigated ferrite grains. It is noted that the strain rate related parameters  
and  are not subjected to the optimization process. Instead, typical values from literature are applied as 
shown in Table 4 (Tasan et al., 2014).  
 

(a) (b) (c) 
Fig. 18 Nanoindentation FE model: (a) 3D single grain nanoindentation FE model, (b) edge-rounded cube-
corner indenter model, (c) single grain model. 
 

  Fig. 19 Material parameters calibration by nanoindentation CPFEM simulation of ferrite grains in 
DP1000.  
 



5.4 CPFFT simulation of the tensile test 
The statistically-characterized microstructure-based RVE optimized in section 4.3 is employed as the 
sample of the DP steel to conduct the CP parameters calibration of martensite. As the optimal RVE 
composes 64,000 elements, considering the calculation performance limitation of FEM, the FFT spectral 
solver achieved by DAMASK (Roters et al., 2019) is employed to determine the solution for equilibrium 
and compatibility in finite strain formalism at each discrete material point. The calibration is based on the 
optimization of the stress–strain behavior along RD of the RVE as shown in Fig. 16. Finally, the 
calibrated quasi-static flow curve and corresponding hardening coefficient curve are shown in Fig. 20 
(a,b) and the CP parameters of both ferrite and martensite phase in DP1000 and listed in Table 4. It is 
clear that a good agreement between the experiment and the RVE simulation is achieved. Combining Fig. 
19 and Fig. 20, it can be concluded that this ferrite parameter set works well in both single-crystal 
nanoindentation and mesoscale RVE prediction.  
To validate the RVE model as well as the calibrated CP parameters, the Lankford coefficient from the 
CPFFT simulation is compared with the experimental result and shown in Fig. 20 (c). In the experiments, 
a strong scatter is observed due to the measurement technique based on the 2D optical system. 
Considering the parallel tests, the model shows a very good prediction of the average initial r-value. In 
addition, the decreasing trend of the Lankford coefficient is also well captured by the simulation. 
Furthermore, with the help of RVE virtual laboratory and calibration CP parameters, the grain-level local 
deformation behavior can be investigated. Combining the initial RVE phase map in Fig. 15 (a) and the 
local stress and strain patterns of DP1000 after uniaxial tension in Fig. 21, it is observed that in DP1000, 
martensite contributes to strength principally, while the plastic deformation is mainly occurring in the 
ferritic phase.  
Besides, for further model and parameter validation, the uniaxial tensile test along TD is also performed 
and the numerical predictions on flow curve, hardening behavior, and r-value are compared with 
experimental results in Fig. 22. The stress–strain response and hardening behavior are well captured by the 



micromechanics models. Similar to RD results, the r-value prediction is acceptable in the average level 
and the slightly decreased tendency is also observed in both numerical prediction and experiments. 

  (a) (b) (c) 
Fig. 20 RVE coupling crystal plasticity simulation of DP1000 uniaxial tensile tests along RD: (a) flow 
curves, (b) hardening coefficient curves, and (c) Lankford coefficient evolution curves.  
 
Table 4 Crystal plasticity parameters of investigated DP1000. 

Phase , MPa , MPa ℎ, MPa a  ,  m 
Ferrite 200 370 4500 1.3 0.001 0.05 

Martensite 680 700 40000 2.5 0.001 0.05 
 

(a) 

 

(b) 

 
Fig. 21 Strain (a) and stress (b) patterns of DP1000 RD uniaxial tension simulation.  



  (a) (b) (c) 
Fig. 22 RVE coupling crystal plasticity model prediction on DP1000 uniaxial tensile tests along TD: (a) 
flow curves, (b) hardening coefficient curves, and (c) Lankford coefficient evolution curves. 
  



 A sensitivity study of the microstructure effects on mechanical properties  6
With the approach coupling RVE generation and CP simulations, the bridge between macroscopic 
mechanical properties and microstructural features is built up. In this virtual laboratory, the RVE can be 
produced with variable microstructure and their corresponding plastic deformation behavior can be 
predicted by CP models. Consequently, the microstructure effects on mechanical properties can be 
investigated. For the interested mechanical property Y and microstructural feature X, the microstructure 
induced sensitivity S can be defined as the partial derivative of the output Y with respect to the input factor 
X (Sobol', 1990): 

   ∂∂  in ,  Eq. 20
In this way, the microstructural sensitivity is quantitatively analyzed. It should be noticed that the variable 
parameters for the sensitivity study are the specific RVE output factors rather than the input requirements. 
Therefore, the statistical characterization of the microstructure features in the output RVE should be 
carried out for the parameter sensitivity investigation. It is noted that for some microstructural features, the 
input factor cannot be represented by a single numeric value, the sensitivity definition according to Eq. 20 
cannot be employed here. For example, the 3D grain shape factors are two aspect ratios from both TD/RD 
and ND/RD planes, even with the same input shape factor value for both phases and both planes, the 
generated RVE could perform a slight scatter on four output shape factor values. Besides, the texture 
component is normally indicated by Miller index or Euler angles, which needs at least three parameters. 
Hence, in order to analyze these features, the mechanical property  is normalized with respect to the 
value  gained from CP simulation of the optimal RVE for the reference material:  

     Eq. 21
Here, in terms of DP steel, the phase fraction, grain shape, and texture are considered. Regarding the 
mechanical behavior, strength property is quantitatively characterized by the predicted flow curves using 
the developed modeling strategy. In this study, the uniaxial tension along RD is focused, and three 



indicators are chosen as the output Y for the microstructure parameter sensitivity on yielding and work 
hardening: 

• Yielding point: σ0; 
• Flow stress at the true plastic strain equal to 0.05 (close to the uniform strain of the reference 
DP1000): σ0.05; 
• Arithmetical mean strain hardening rate n until the true plastic strain equal to 0.05:  
mean

.  
 

6.1 Phase fraction effect  
The mechanical properties of DP steel are significantly influenced by the phase fraction of martensite and 
ferrite. RVEs with martensite volume fraction of 20%, 30%, 60%, and 70% are generated, as shown in 
Fig. 23. The numerical setting of RVEs keeps the same with the optimal one, i.e. with the element number 
of 40×40×40 and the mesh size of 200 nm×200 nm×200 nm. Additionally, with the use of MRAC and 
MRAD, the output of RVEs holds exactly the same distribution of grain size, shape, and orientation. This 
ensures also the comparison is only on the phase fraction without influences from other features. The 
detailed microstructure information is listed in Appendix A.1. The martensite phase fractions are also 
recalculated of the output RVEs, which show a good agreement with the input requirement. It is, however, 
noted that the crystal-level mechanical property might be dependent on the phase fraction due to the 
internal chemical composition partitioning, e.g. carbon. This effect is not taken into account for the current 
study.  
Fig. 24 (a) illustrates the flow curves predicted by RVEs coupling CP with variable martensite phase 
fraction. The martensite phase fraction in the legend is marked based on the RVE input for readability. 
The accurate martensite phase fraction calculated from RVE output in Fig. 23 is considered for parameter 
sensitivity according to Eq. 20. It is demonstrated that with increasing phase fraction of martensite, the 
flow curve locates at a higher position, i.e., the strength of DP1000 increases with a higher phase fraction 
of martensite. This is determined by the CP parameter differences between ferrite and martensite in Table 



4. The hierarchical substructure, enriched carbon content, higher dislocation density, and fine lath size 
contribute to the high strength and hardness of martensite. In addition, based on the quantitative sensitivity 
on σ0, σ0.05, and n shown in Fig. 24 (b), changing of martensite phase fraction results in the slightly 
increased flow strength and distinctly decreased work hardening rate at the same time due to the lower 
strain hardening coefficient of martensite compared with ferrite. The yielding strength is more sensitive to 
the phase fraction in contrast.  
 

DP RVEs 
phase maps 

    
Input 0.20 0.30 0.60 0.70 
RVE 0.21 0.33 0.63 0.70 

Fig. 23 RVEs with variable martensite phase fractions - phase maps (blue: ferrite and red: martensite).   

  (a) (b) 
Fig. 24 Martensite phases fraction effect on the plastic flow behavior of DP steels: (a) predicted flow 
curves and (b) sensitivity parameters.  
 



6.2 Grain shape effect  
For the reference DP1000, the grain shape factor for ferrite and martensite is 1:0.49:0.48 and 1:0.49:0.49 
respectively, indicating a moderately rolled microstructure. In order to study the effect of grain shape on 
plastic flow behavior, two extreme cases are considered: the grain shape aspect ratios are assumed as 1:1:1 
for equiaxed grains in RD, TD, and ND and 1:0.1:0.1 for the drastically elongated grains along RD. In 
addition, two moderate cases are also taken into account to refine the shape effect study with 1:0.75:0.75 
and 1:0.25:0.25. To minimize the variables, both phases are assigned with the same input shape factor. 
RVEs with different grain shapes are built, as shown in Fig. 25, including the analyzed shape aspect ratios. 
Once again, except for the desired shape aspect variation, the rest of the microstructural features are set 
the same as the reference material. Comparing the input and output features characterization (see 
Appendix A.2), even with the extremely elongated grains generation, the proposed MRAC and 
optimization procedure still manages to obtain the RVEs with statistics in a great agreement to the input 
data.  
Fig. 26 demonstrates that grain shape has non-negligible influences on both the yielding point and strain 
hardening behavior. Due to the extremely high aspect ratio of 1:0.1:0.1, the distinct high strength from this 
RVE may be caused by the combined effects from both shape factor and boundary condition. But the 
decrease of grain shape aspect ratio from 1 to 0.25 also results in the increased yielding strength and 
decreased strain hardening rate, as shown in Fig. 26 (b). The decreased grain shape aspect ratio 
corresponds to the reduced grain shortest axis length in TD and ND, which results in the limited 
dislocation movement free path in these dimensions. In the range from 1:1:1 to 1:0.5:0.5, the investigated 
mechanical properties are closed to each other, but a weak tendency is still observed. In addition, the 
distorted grains also bring more heterogeneous microstructure morphology, which potentially leads to 
easier strain localization and damage.  
 
 
 



 
 
 
 
 

DP RVEs 
grain map 

    

Ferrite 
grain map 

    

Martensite 
grain map 

    
Input Ferrite: 1:1:1 

Martensite: 1:1:1 
Ferrite: 1:0.75:0.75 

Martensite: 1:0.0.75:0.75 
Ferrite: 1:0.25:0.25 

Martensite: 1:0.25:0.25 
Ferrite: 1:0.1:0.1 

Martensite: 1:0.1:0.1 

RVE Ferrite: 1:0.98:0.93 
Martensite: 1:0.98:0.94 

Ferrite: 1:0.75:0.71 
Martensite: 1:0.75:0.70 

Ferrite: 1:0.30:0.25 
Martensite: 1:0.30:0.26 

Ferrite: 1:0.16:0.12 
Martensite: 1:0.17:0.12 

Fig. 25 RVEs with variable average grain shape factors - grain maps. 



  (a) (b) 
Fig. 26 Grain shape effect on the plastic flow behavior of DP steels: (a) predicted flow curves and (b) 
normalized sensitivity parameters. 
6.3 Texture effect  
Seven most important bcc texture components are considered, i.e. cube component {001}<100>, rotated 
cube component {001}<110>, Goss component {011}<100>, α-fiber component {112}<110>, γ-fiber 
components {111}<110>, {111}<112>, and off-γ-fiber component ~{554}<225>, as shown in Fig. 27 (a). 
To simplify the analysis process and avoid the additional deviations introduced by variable phase fraction, 
grain size, and grain shape, the optimal RVE generated in section 4.3 is chosen. In addition, the texture for 
ferrite and martensite is also not distinguished to keep a single texture variable in the analysis. It is, 
however, noted that the crystal plasticity parameters for ferrite and martensite are different and kept the 
same as the reference DP1000 steel. There are 1091 grains in total, for every simulation, these grains are 
assigned with orientations differing the misorientation angular tolerance within 15° (refers to the larger 
angle grain boundary) from one special texture component center. An example ODF figure for the α-fiber 
component {112}<110> on phi2 at 45° section is shown in Fig. 27 (b). 
Fig. 28 (a) illustrates the flow curves predicted by RVE modeling. Analogously, the results for the 
yielding strength, flow strength at true plastic strain equal of 0.05, and the strain hardening rate are plotted 
in Fig. 28 (b). Generally, with the consistent CP parameter and RVE structure, the α-fiber component 
{112}<110>, γ-fiber components {111}<110>, {111}<112> and off-γ-fiber component ~{554}<225> 
show a higher yield strength and tensile strength, whereas the cube {001}<100>, rotated cube 



{001}<110> and Goss {011}<100> components show lower yield points and strain hardening rates. The 
latter observation matches the performance of martensite texture on work hardening at the macroscopic 
level. The most interesting texture is an α-fiber component {112}<110>, which performs the best strength 
behavior with not only the highest yielding point and tensile strength, but also the highest work hardening 
rate.  

  
(a) (b) 

Fig. 27 (a) Schematic drawing of typical bcc texture components and (b) RVE texture with an α-fiber 
component {112}<110> on ODF figure at phi2=45° section.  

 

 

 (a) (b) 
Fig. 28 Grain orientation effect on crystal plasticity: (a) predicted flow curves and (b) normalized 
sensitivity parameters.  
 



6.4 Remarks  
This section aims to demonstrate the applicability of the suggested strategy in the microstructure design 
field to optimize the mechanical properties. It offers a tool for variable yet accurate and quantitative 
analysis on the effect of each individual microstructure feature, as demonstrated above. It is not our 
intention to draw conclusive remarks at this stage to guide the microstructure design of DP steels, as there 
are still several important features missing. One of these is the effect of grain size. Due to the well-known 
Hall-Petch effect, grain size could contribute quite significantly to the plastic flow behavior. It is not 
included in the current study, as it requires a gradient sensitive crystal plasticity model, which is still under 
on-going development. We are incorporating a computational-light strain-gradient theory developed by 
Stephan Wulfinghoff et al. (Wulfinghoff et al., 2013; Wulfinghoff and Böhlke, 2012), which would give a 
chance to import the size effect into the simulation. Besides, except for the global response on stress-strain 
behavior, the local deformation representation shall also be considered in the future, as it would be critical 
for damage and failure analysis. Another aspect, which was also simplified here, is the assessment 
criterion for the mechanical properties. For a comprehensive analysis, it is necessary also to incorporate 
the anisotropic behavior of the microstructure in terms of both strength and plastic deformation as well as 
the damage behavior in damage-tolerant related design.  
 
  



 Conclusions 7
• A detailed method for the statistical and quantitative characterization of dual-phase steel (DP1000) 

with fine-grain microstructure is illustrated in terms of phase fraction, grain size, shape and orientation 
distribution of ferrite and martensite.  

• A microstructure representativeness assessment criterion/diagram (MRAC/MRAD) is proposed based 
on the difference of the individual and global microstructural features between the synthetic structure 
and the experimental measurement. This strategy can be used to guide the evaluation of the 
representativeness of the synthetic microstructure for any microstructure generator.  

• According to the proposed assessment method, a two-step optimization procedure is conducted to 
obtain the synthetic microstructure for the fine-grain structured DP1000. An additional fine-tuning 
procedure is considered for the representativeness in detailed microstructure distribution. The optimal 
synthetic microstructure is proven to be quantitatively representative for the real dual-phase material 
in terms of phase fraction, grain size and shape, and orientation distribution for each phase, especially 
for ferrite with only about 50 grains in the synthetic microstructure model.  

• For the fine-grain DP steel, a parameter calibration procedure of the crystal plasticity model is 
proposed. Nanoindentation test with a cube-corner tip on the fine ferrite grains with an average grain 
diameter of 2 m is used to calibrate the ferritic crystal plasticity parameters, while an inverse method 
is used for the martensitic crystal plasticity parameters by using the macroscopic tensile tests and 
modeling with the optimized synthetic microstructure model. A good agreement of the Lankford 
coefficient between the simulation and experiments validate the synthetic microstructure model and 
the calibrated parameters.  

• With the proposed strategy, a microstructure sensitive analysis is performed on the plastic flow 
behavior of DP steels. Increasing the phase fraction and grain shape aspect ratio along the rolling 
direction increases the strength of DP steels. In addition, among seven bcc typical texture components, 
the α-fiber component {112}<110> achieves high strength and work hardening rate.  
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Appendix
A.1  Microstructural features of RVEs with variable phase fractions. 

 
Phase 

fraction 
Average grain 

size, nm 
Average grain 
shape factor 

Texture 
index 

RVE1 Ferrite 0.79 1942 1:0.49:0.46 1.19 
Martensite 0.21 571 1:0.51:0.47 1.13 

RVE2 Ferrite 0.67 1951 1:0.50:0.46 1.20 
Martensite 0.33 569 1:0.51:0.47 1.12 

RVE3 Ferrite 0.37 1954 1:0.48:0.56 1.21 
Martensite 0.63 568 1:0.51:0.47 1.12 

RVE4 Ferrite 0.30 1943 1:0.48:0.45 1.21 
Martensite 0.70 583 1:0.41:0.47 1.16 

 
A.2  Microstructural features of RVEs with variable grain shape factors. 

 
Phase 

fraction 
Average grain 

size, nm 
Average grain 
shape factor 

Texture 
index 

RVE1 Ferrite 0.55 1967 1:0.98:0.93 1.24 
Martensite 0.45 561 1:0.98:0.94 1.11 

RVE2 Ferrite 0.55 1926 1:0.75:0.71 1.25 
Martensite 0.45 568 1:0.75:0.70 1.08 

RVE3 Ferrite 0.55 2000 1:0.30:0.25 1.22 
Martensite 0.45 561 1:0.30:0.26 1.05 

RVE4 Ferrite 0.55 1975 1:0.16:0.12 1.21 
Martensite 0.45 556 1:0.17:0.12 1.10 
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 A workflow for quantitatively characterizing the statistical microstructure of the fine-grained 
DP1000 is built up.  

 A microstructure representativeness assessment criterion/diagram (MRAC/MRAD) is 
proposed to evaluate the representativeness of synthetic microstructure.  

 An optimal synthetic microstructure model for the fine-structured DP1000 is established and 
validated. 

 A crystal plasticity parameter calibration procedure for DP1000 is developed. 
 The microstructural features effects are investigated via the virtual laboratory with the 

proposed strategy.  
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