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Abstract Achieving the optimal dimensional quality for automotive body parts
today is a time and cost-intensive process still often based on trial-and-error
approaches. There are two ways to improve the accuracy in the production process:
Early modification of the tools in the press shop is one way to significantly manip-
ulate the dimensional quality of parts, although resulting in high costs. The other—
much more time and cost-effective—way is trying to change the geometry in the
body shop, although providing a lesser adjustment range. Definition of a reasonable
parameter adjustment in a single joining stage needs expert knowledge because the
adjustment of a single fixture component can have a complex impact on the final
assembly. In this publication, a new approach based on finite element simulation and
statistical methods is presented being able to characterize the interactions between
clamp settings and assembly geometry and to identify the main impact factors on
the dimensional accuracy of assembled body parts. The surrogate model is based on
smart data, gathered from FEM simulations.

Keywords Body manufacturing process · Body shop · Body-in-white ·Matching
process · Assembly simulation · Smart data · Coupled process analysis · CPA ·
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Introduction

Considering the customers’ increasing expectations of vehicle quality in terms of
design, appearance, and functionality, the manufacture of dimensionally accurate
and robust car bodies represents a fundamental aspect of automotive production.
Typically, even slight variations in gaps between body assemblies, such as side panel
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frames and doors, can have a significant impact on the visual appearance of a vehicle.
Throughout the body manufacturing process, many process influences affect the
quality of the body assemblies (e.g. geometry variations of the individual parts)
potentially resulting, in the geometry lie far outside the required tolerances [1]. This
means that the ramp-up phase until the start of production (SOP) is characterized by
time-consuming and cost-intensive adjustment loops. The shortening of these trial
and error processes is an essential criterion for achieving competitive advantages in
automotive manufacturing.

To achieve the highest possible degree of process capability, the numerical vali-
dation of individual process steps in car body production based on the finite element
method (FEM) is part of the industrial standard [2]. The springback and gravity simu-
lations performed are the prerequisite that enables a valid analysis of the dimensional
quality of individual parts and assemblies at an early stage of development. In the
automotive production process, the application of simulation methods based on the
finite elements has been state of the art since decades [3]. The simulation results
can then be used during the planning phase as well as at the start of the series
production process in order to save time-consuming and cost-intensive quality loops
[2]. Frequently used simulation engines are the commercial packages AutoForm,
PAM-STAMP, ANSYS, or LS-DYNA.

Due to the large number of adjustment options along the automotive process
chain, the identification of complex interactions based on trial and error approaches
is not very target-oriented, so simulation is increasingly supplemented by parameter
studies. Especially in the field of sheet metal forming and assembly simulation,
Machine Learning (ML) methods are used to predict and optimize the effects of
undesired process variations on the quality of parts and assemblies [4].

Through the integration of statistical methods into the virtual production process,
it is possible to perform systematic variant calculations in the form of parameter
studies. In automotive industry, studies are frequently employed to support, among
others, the following tasks:

• springback compensation in sheet metal forming [5–7].
• robustness evaluation and optimization of the manufacturability of drawn parts

during deep drawing to identify critical areas [8].
• optimization of the dimensional accuracy of assemblies [9].
• 3D representation of statistical measures on the surface of discretized scan or FE

meshes by data reduction methods [10–12].
• identification of typical hemming defects [13, 14].
• sensitivity analysis to identify quality-relevant process parameters along the

automotive process chain [11, 15].

An important approach for systematic use of parameter studies in the automotive
environment is the method called Coupled Process Analysis (CPA) presented in
[15]. Themain advantage is the shape-based (elementwise) visualization of statistical
quantities on the surface of FE and scan meshes in sheet metal forming and assembly
processes. The procedure is shown in Fig. 1.
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Fig. 1 CPA algorithm [15]

The method can be divided into five steps: In the first step, simulation variants
are calculated by varying defined input parameters (e.g., variations of clamp and pin
positions in fixture). The second step is to standardize the inconsistent simulation
data. In the next step, themesh-based simulation results (deviations fromCAD target)
are transformed into a low-dimensional feature space. The idea is a feature map of
large data sets into a new coordinate system so that the input data can be described
using a small number of geometric errormodes. In the fourth step, surrogatemodeling
is performed in the low-dimensional feature space. Here, the input parameters are
functionally linked with the error modes by linear and quadratic regression models.
The models can also be used to estimate the sensitivities of the parameters in the
feature space by variance-based methods. Through the possibility of inverting the
feature mapping, a functional connection can be made between the surrogate models
and the real space domain. This connection enables the shape-based visualization of
sensitivities on the part geometry (step 5) and the optimization of the input parameters
in the sixth step.

From these observations, it can be concluded that it is highly relevant to study
how FE simulations and machine learning methods can be integrated more tightly,
in particular, to find process-relevant parameters, which influence the dimensional
quality of parts and assemblies. Therefore, within the present publication, a concept
is presented that allows the identification of relevant process parameters affecting the
dimensional accuracy of assemblies based on FEM simulations. The CPA algorithm
presented in [15] is used for the statistical analysis of the correlations.
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Overview of the Developed Concept

The developed concept is presented in the followingwith the correspondingworkflow
shown in Fig. 2.

1. Forming simulation with AutoForm

The scatter of springback of the stamped part is strongly influenced by the vari-
ation of the sheet thickness, by the process forces of the press (e.g. blankholder
force), the blank position in the die, the friction and material properties (yield
stress and anisotropy of thematerial) [1]. Therefore, in a first step, the geometric
variations of body parts are obtained by simulating the stamping process with
varying parameters inAutoForm. The individual parts (subject to springback) are
used as input data for the subsequent assembly simulations done with ANSYS.
The idea is to take the individual part variation into account in the assembly
simulation, the variation of the individual part geometry realistic, simulated
deformations.

2. Assembly simulation with ANSYS

The second step is the assembly simulation with ANSYS. With the chosen simu-
lation model, it is possible to account for the sheet thickness distribution, a
provided stress state and the (deviating) geometry of each individual part. In
addition, it is possible to map the current configuration of the fixture. This
includes the kinematics of the fixture units, clamping and joining sequence
as well as the position of the clamps in the fixture. The assembly simulation
process can be divided into several steps: First, the individual parts are inserted
into the fixture, then the clamps are closed, the individual parts are joined
by connecting nodes, the clamps are released and finally the joined assembly

Fig. 2 Developed concept to identify process relevant parameter
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(positioned according to RPS) is measured to determine the deviation between
measurement and reference geometry (CAD).

The primary objective of the study is to identify changes in the dimensional
quality of the assembly as a consequence of a defined adjusting of the clamps of
the fixture. In order to systematically generate input data for the CPA algorithm,
a design of experiments (DOE) plan is createdwith various settings of the clamps
of the fixture. In the context of the investigation, the simulation model has been
extended so that various settings of the clamps of the fixture can be implemented
and corresponding simulations are calculated automatically.

3. Statistical analysis by CPA algorithm

Based on the ANSYS simulation data, CPA is used to identify how the clamps
of the fixture varied in step 2 and influence the dimensional accuracy of the
assembly. For this purpose, a surrogate model is built, which approximates the
relationship between clamps settings and part geometry.

4. User-friendly visualization

With the CPA algorithm, the calculated sensitivities of the clamps can be
visualized node-based on the FE mesh surface in the last step.

Sensitivity Analysis of a Wheelhouse Sub-Assembly

In the first case study, the presented concept is applied to a two-piece sub-assembly of
a wheelhouse. The aim is to identify the influence of six clamps of the fixture on the
dimensional quality of the sub-assembly. Figure 3 shows the varied input parameters
within the simulation model.

Based on the input parameters, ten samples are generated using a random-based
sampling strategy (Latin hypercube), and the final dimensional accuracy is calculated
for each test variant using the ANSYS simulation engine. The resulting FE meshes
are standardized as an input for the CPA algorithm, where they are linked to the input
parameters by statistical models. For analyzing the sensitivity effects of the clamp
parameters, a MATLAB-based graphical user interface (GUI) was designed, with
which the user is able to apply the CPA algorithm independently and menu-driven.
Themesh-based results of the CPAmethod for identifying cause–effect relationships
can be seen in Fig. 4.

The results show that the prognosis quality of the CPAmodel is very high. A total
prognosis of approx. 94% (coefficient of determination) can be achieved. The upper
bar chart in Fig. 4 on the left shows that the clamp parameter “BT1_SF1” has the
greatest influence on the dimensional accuracy with almost 50%, followed by the
clamp parameter “BT1_BT2_SF2” with 27%. Likewise, the local sensitivity on each
FE-node of the entire ANSYS mesh can be determined by the CPA model. The lower
bar chart in Fig. 4 shows the impact of the different clamp parameters on a single
point 1 (position is indicated on the right-hand side of Fig. 4). The point lies in an area
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Fig. 3 Varied input parameters within the simulation model

Fig. 4 CPA results of the wheelhouse sub-assembly
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with a very high variation range of about 8 mm (Fig. 4—right). A local prognosis
value of approx. 96% can be obtained here. Due to the high prediction quality of
the model, it can be stated that the CPA model works well for this multi-part body
assemblies.

Sensitivity Analysis of a Structural Side Panel

With the developed procedure, it is also possible to simulate the manufacturing
process of more complex assemblies; such as the structural side panel shown in
Fig. 5. The assembly, which is produced in four (sub)-assembly stages, consists of
nine individual parts. One simulation result with a modification of the clamping
settings in the last assembly stage is shown as an example. The so-called shim task
causes the b-pillar to rotate transverse to the driving direction (around the y-axis).
Figure 5 visualizes the clamp and pin positions in fixture (Pn). The rotation of the
b-pillar by approx. 5 degrees is achieved by adjusting the P4, P10, P13, P24, P44, and
P45. In addition, the b-pillar is displaced by 0.1 mm in opposite driving direction.
Figure 5 includes the quantitative adjustments of the clamps and pins (Pn).

Figure 6 shows the simulation resultwith rotatedb-pillar. Themaximumdeviation
to the reference at the assembly amounts to 3.7 mm in the transition area to the roof
rail (M3 in Fig. 6). This simulation result—as one among many (n > 10)—is used

Fig. 5 Clamp and pin positions in structural side panel fixture (Pn) and the belonging adjustment
value
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Fig. 6 Simulation result; total deformation as a measure of deviation from the reference geometry

by the CPA algorithm to create a surrogate model for predicting the influence of a
shim task on dimensional accuracy of the assembly (Fig. 7).

Again, a high prognoses quality of approx. 91% is achieved. The clamp group 1,
located at the bottomof the b-pillar, hasmajor influence on the dimensional accuracy.
Further validation with practical test series is pending.

Fig. 7 CPA results of the structural side panel assembly
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Conclusion

The construction of dimensionally accurate car body assemblies is a huge challenge
in automotive industry. Complex multi-step joining procedures, involving diverse
process uncertainties, do not admit simple cause–effect relationships between clamp
parameter adjustments and resulting geometrical deviations in the joined assembly.
The present paper suggests a new approach based on simulation and statistics, which
is able to approximate these interactions to a large extend.

It is possible to map the manufacturing process, involving the stamping process,
the assembly and the measurement, completely virtually (AutoForm, ANSYS). The
resulting assembly geometries for varying process input parameters (stamping
parameters as well as clamp settings) are given as input to a prediction model based
on Coupled Process Analysis (CPA). Here, also measurement data can be provided.
Based on the input data, CPA is used to identify how the clamps of the fixture varied in
the step before influence the dimensional accuracy of the assembly. For this purpose,
a surrogate model is built, which approximates the relationship between clamps
settings and part geometry. The results show that the effect of the clamp settings can
be predicted with a high accuracy via statistical models even for complex assemblies.

Acknowledgement This research is supported by Federal Ministry of Education and Research
(Bundesministerium für Bildung und Forschung BMBF) in context of the collaborative research
“KMU-innovativ -Verbundprojekt MoKomp: Modellbasierte Kompensation von Fehlern in der
Operationsfolge von Fertigungsprozessen”.

References

1. Birkert A, Haage S, Straub M (2013) Umformtechnische Herstellung komplexer Karosseri-
eteile. Springer, Berlin. https://doi.org/10.1007/978-3-642-34670-5

2. Wahl M, Schulz F, Altermann T et al (2011) Die Prozesskettensimulation – Ein Beitrag zum
virtuellen Karosseriebau. Reports from the IWU 59: Verlag Wissenschaftliche Scripten, pp
259–269

3. Hofmann M, Neukart F, Bäck T Artificial intelligence and data science in the automotive
industry. CoRR 2017; abs/1709.01989

4. Poelmeyer J, Breme M, Wahl M (2015) Process chain simulation at audi tool shop. Reports
from the IWU 88: Verlag Wissenschaftliche Scripten, pp 377–384

5. Kakandikar G, Nandedkar V (2018) Springback optimization in automotive shock absorber
cup with genetic algorithm. Manuf Rev 5. https://doi.org/10.1051/mfreview/2017013

6. Asgari SA, Pereira M, Rolfe BF et al (2008) Statistical analysis of finite element modeling
in sheet metal forming and springback analysis. J Mater Process Technol 203(1–3):129–136.
https://doi.org/10.1016/j.jmatprotec.2007.09.073

7. Wei L, Yuying Y, Zhongwen X et al (2009) Springback control of sheet metal forming based on
the response-surface method and multi-objective genetic algorithm. Mater Sci Eng A 499(1–
2):325–328. https://doi.org/10.1016/j.msea.2007.11.121

8. Wolff S (2015) Robustness analysis of metal forming simulation – state of the art in practice.
Reports from the IWU 88: Verlag Wissenschaftliche Scripten, pp 319–334

https://doi.org/10.1007/978-3-642-34670-5
https://doi.org/10.1051/mfreview/2017013
https://doi.org/10.1016/j.jmatprotec.2007.09.073
https://doi.org/10.1016/j.msea.2007.11.121


410 A. Birkert et al.

9. Konrad T, Gasco V,Wiegand K et al. (2015) Sensitivity analysis of forming process parameters
regarding the shape accuracy of single and assembled parts. 12th AnnualWeimar Optimization
and Stochastic Days, Weimar

10. Schwarz C, Ackert P, Mauermann R (2018) Principal component analysis and singular value
decomposition used for a numerical sensitivity analysis of a complex drawn part. Int J Adv
Manuf Technol 94(5–8):2255–2265. https://doi.org/10.1007/s00170-017-0980-z

11. Schmadalla V, Schwarz C (2019) Virtual identification of significant parameters regarding the
quality of assemblies. In:Bad Nauheim: virtualcarbody conference, pp 22–23

12. Das A, Franciosa P, Pesce A, Gerbino S (2017) Parametric effect analysis of free-form shape
error during sheet metal forming. Int J Eng Sci Technol 9(09S):117–124

13. Lin G, Iyer K, Hu SJ et al (2005) A computational design-of-experiments study of hemming
processes for automotive aluminium alloys. Proc Inst Mech Eng Part B: J Eng Manuf
219(10):711–722. https://doi.org/10.1243/095440505X32661

14. Gürgen S (2013) A parametric investigation of roller hemming operation on a curved edge part.
Arch Civil Mech Eng 19(1):11–19. https://doi.org/10.1016/j.acme.2018.07.009

15. Schwarz C et al (2022) Model-based joining process design for the body shop process chain
international conference on advanced joining processes (AJP2022). Proceedings in engineering
mechanics https://doi.org/10.1007/978-3-030-95463-5_2

https://doi.org/10.1007/s00170-017-0980-z
https://doi.org/10.1243/095440505X32661
https://doi.org/10.1016/j.acme.2018.07.009
https://doi.org/10.1007/978-3-030-95463-5_2

	Contents
	Part I  Numerical Implementation of Advanced Constitutive Models
	1  A New Trial Stress for Newton's Iteration Based on Plastic Strain Rate Potential
	2  Anisotropic Time-Dependent Continuum Damage-Coupled Plasticity Model for Predicting Ductile Fracture of 6xxx Series Aluminum Alloys
	3  Characterization of Impurities in Nanomaterials
	4  Constructing Exact Solutions to Modelling Problems
	5  Crystal Plasticity Modelling of Localization in Precipitation Hardened AA6060
	6  Deformation and Fracture in Micro-stamping Process
	7  Die Design for Flashless Forging of a Polymer Insulator Fitting
	8  DP1180 Material Calibration Between Sheet Metal Simulation and Prototype
	9  Evolution of the R-value and Its Determination Based on Reverse Fitting for Sheet Metal
	10  Modelling Transient Mechanical Behavior of Aluminum Alloy During Electric-Assisted Forming
	11  Numerical Prediction of Failure in Single Point Incremental Forming Using a New Yield Criterion for Sheet Metal
	Part II  Modeling of Sheet Metal Forming: In Memory of Prof. Jean-Claude Gelin
	12  3D-Swivel-Bending—A Flexible and Scalable Forming Technology
	13  A Comparative Study of Incremental Sheet Forming Process to Achieve Optimal Accuracy
	14  A Virtual Laboratory Based on Full-Field Crystal Plasticity Simulations to Predict the Anisotropic Mechanical Properties of Advanced High Strength Steels
	15  Development of a Numerical 3D Model for Analyzing Clinched Joints in Versatile Process Chains
	16  Experimental and Finite Element-Based Analyses of FLCs for AA5052 and AA5083 Alloys
	17  Finite Element and Experimental Investigation of Multi-stage Deep Drawing of Stainless Steel 304 Sheets at Elevated Temperature
	18  Formability Analysis of Metal–Polymer Sandwich Composites Made of Al and PE Sheets Using Numerical Simulations
	19  Numerical Modeling and Optimization of Fiber Metal Laminates
	20  Investigation of the Effect of Blank Holding Force on Earing Defect During Circular Deep Drawing Process Through Finite Element Analysis and Experimentation Using AA6061 and Low-Carbon Steel Sheets
	21  On the Generalized Plane-Strain Constraints for Orthotropic Plasticity Modeling of Sheet Metals
	22  Springback Investigation of Advanced Path-Dependent Constitutive Models for Sheet Metal Forming
	23  Stretch-Flanging Behavior of Dual-Phase Steel Using Single-Point Incremental Forming Process
	24  Three-Dimensional Control Point Based Surface Description for Data Reduction, Reverse Engineering and Springback Compensation in Sheet Metal Forming
	25  Time-Dependent Method for the Inverse Evaluation of Yield Locus Using Nakazima Experiments
	Part III  Mechanics and Materials of Sheet Forming: In Honor of Thomas B. Stoughton
	26  A Novel Testing Methodology for In Situ Microstructural Characterisation During Continuous Strain Path Change
	27  Comparison of Experimental and Finite Element Analysis Results of a Car Body Part with the Optimization of Material Parameters
	28  Draw Die Development to Maximize Aluminum Formability Potential for Making Styling Featured Outer Panels
	30  Hydroforming Behaviour of TIG-Welded Tubes of Austenitic Stainless Steel
	31  Influence of Kinematic Hardening on Clinch Joining of Dual-Phase Steel HCT590X Sheet Metal
	32  Lightweighting Through Stiffening Dart Formation and Its Rigidity Evaluation
	33  Modeling of the Anisotropic Evolution of Yield Surface Based on Non-associated Flow Rule
	34  On Strain Hardening Modeling in Associated and Non-Associated Orthotropic Plasticity
	35  Prediction of Ductile Fracture in Bainitic Steel with Dependence on Stress States and Loading Orientation
	36  Shape Optimization of a Cruciform-Like Specimen for Combined Tension and Shear Loading
	Part IV Machine Learning and Big Data
	37  Data-Based Prediction Model for an Efficient Matching Process in the Body Shop
	38  Deep Learning-Based Defect Inspection in Sheet Metal Stamping Parts
	Part V Multiscale Modeling of Deformation and Fracture Behavior of Metallic Materials
	39  Analysis of Damage and Fracture Mechanisms in Steel Sheets: Biaxial Experiments and Numerical Simulations
	40  Damage Evolution in DP600 Sheets Using a Combined Finite Element—Cellular Automata Model
	41  Deformation and Failure Behavior of Steel Under High Strain Rate and Multiaxial Loading
	42  Forming–Structural-Coupled Analysis: The Method to Predict Die Deformation Using Quick Simulations
	43  Investigating the Formability and Failure Mechanism of an Advanced High Strength Steel by a Microstructure-Based Hierarchy Modeling Approach
	44  Investigation on the High Strain Rate Formability of Al-Cu-Mg Alloy by Solid–Liquid Coupling Simulation
	45  Neutron Diffraction and Crystal Plasticity Analysis on Q&P Steel in Deformation
	46  Predicting the Flow and Failure Properties of Dual-Phase Steel Using Phenomenological Models
	Part VI Modelling of Thermo-Mechanical Sheet Forming
	47  Development of a Hot Cutting Process for Functional Parts by Stress State-Dependent Damage Modeling
	48  Impact of Thermal Conditions on Predicted Formability of TRIP Steels
	49  Local Heat Treatment for Springback Reduction in Deep Drawing of  Advanced High-Strength Steel
	50  Strain and Stress-Based Forming Limit Diagrams for Inconel 718 Alloy
	51  Validation of Comprehensive Material and Friction Models for Simulation of Thermo-Mechanical Forming of High-Strength Aluminium Alloys Using HFQ Technology
	Part VII Modelling of Failure
	52  Development of a Modified Punch Test for Investigating the Failure Behavior in Sheet Metal Materials
	53  Effect of Width/Thickness Effect of Sheet Metals on Bendability
	54  Investigation of a Pre-strain-Specific Edge Crack Sensitivity Factor and Its Implementation in FEM
	55  Prediction of Deformation and Failure Anisotropy for Magnesium Sheets Under Mixed-Mode Loading
	56  Prediction of Necking Initiation in Case of Abrupt Changes in the Loading Direction
	57  Strain Rate-Dependent Hardening Behavior of Weld Metal in Laser Welded Blanks with GEN3 AHSS
	58  The Importance of the Choice of the Yield Criterion in Triaxiality Evaluation for Highly Anisotropic Zirlo Sheets
	Part VIII Modelling of Friction
	59  A Numerical Study of Local Elastic Tool Deformation in Sheet Metal Forming Simulation
	60  Analysis and Evaluation of the Clamping Force on the Tool Surface During the Blanking Process
	61  Evaluating Lubricants for Warm Forming of Aluminum 6xxx Alloys
	62  Implementation of Real Contact Areas Into Sheet Metal Forming Simulations Using Digital Spotting Images
	63  Optimization of Slip Conditions in Roll Forming by Numerical Simulation
	64  Surface Texture Design for Sheet Metal Forming Applications
	Part IX Challenges and Opportunities in Forming Aluminum
	65  Effect of Thermal Treatment on Deep Drawability of AA3xxx Alloy
	66  Sensitivity Study of Plastic Anisotropy on Failure Prediction in Hole-Expansion
	67  Dynamic Deformation Behaviour of Al-Li Alloys Under High Strain Rate Deformation
	68  Research on Electric Current-Assisted Draw Bending of AA7075-T6 Sheet
	Part X Other Topics
	69  Numerical Modeling for Progressive Crushing of Composite and Hybrid Metal—Composite Structures
	70  A New Sample for Oscillation-Free Force Measurement at High Strain Rates and Its Physical Principles
	71  A Novel Benchmark Test for Validating the Modelling and Simulation Methodology of Modern Gas-Based Hot Sheet Metal Forming Processes
	72  Analysis on Deformation Behavior of High-Strength Steel Using the Finite Element Method in Conjunction with Constitutive Model Considering the Elongation at Yield Point
	73  Automatic Extraction and Conversion of the Bending Line from Parametric and Discrete Data for the Free-Form Bending Process
	74  Characterization of Cohesive Zone Model Properties of Laminated Metal Sheet with a Thin Adhesive Layer
	75  Clinching in In Situ CT—A Novel Validation Method for Mechanical Joining Processes
	76  Design Guideline of the Bolt Hole Based on the Parametric Formability Analysis
	77  Experimental and Numerical Evaluation of DP600 Fracture Limits
	78  FE Simulations About the Influence of Work Hardening Derived from Embossing Process on Hole-Expansion of Duplex Embossed Sheet
	79  Identification and Validation of Brass Material Parameters Using Single Point Incremental Forming
	80  Improvement of the Strength of an Aluminum Liner by Beading Under Consideration of Internal Pressure and Low Temperatures
	81  Influence of Loading Direction on the Mechanical Parameters of Pre-formed Materials in Tensile Test
	82  Microstructure Modelling of the HEC Behaviour of a Novel Vanadium DP980 Cold Rolled Alloy
	83  Numerical Description of the Physical Properties of Stretch Web Connectors in Progressive Die Stamping
	84  Numerically Coupled Tools for Double-Sided Incremental Sheet Forming
	85  Overcoming Major Obstacles of Springback Compensation by Nonlinear Optimization
	86  Sheet Metal Forming Simulation System Strongly Coupled with Die Tool Deformation
	Author Index
	Subject Index



