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Abstract

In recent years, FEA simulation of forming processes has increasingly developed as a good alternative to complex experimental work in the
determination of process parameters and product properties. However, detailed material data (e.g. flow curves) are necessary for the execution
of FEA simulations, which are often not available to manufacturers and users in the early stages of the product development. In this paper, a
method is shown by which application it is possible, that only on the basis the general mechanical properties (e.g. tensile strength, sheet thickness)
and the use of data-based prognosis models of supervised machine learning to predict directly a result regarding suitable process parameters as
well as expected forming result properties. Thereby an extensive technological database was generated for the joining by forming process self-
pierce riveting (SPR) by means of numerical simulation. Subsequently, different learning algorithms are trained using these numerical data and

their prediction quality is compared.

© 2020 The Authors. Published by Elsevier Ltd.
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1. Introduction

The digitalization of production is currently one of the
most important fields of action to ensure growth and
employment in the future. Mechanical joining technology
plays an important role as an interlinked cross-sectional
technology and must continue to develop within the
framework of digitalization in order to remain competitive.
The application of machine learning methods has great
potential to enable digital business models for system
manufacturers and users of mechanical joining technology.

An essential development effort in the integration of
mechanical joining technology into production is the design
of the joining tools and the determination of the resulting
joint properties. This development work is mainly
experience-based and experimental. First, the process
parameters are selected on the basis of experience and the
resulting joint properties are verified experimentally by

2351-9789 © 2020 The Authors. Published by Elsevier Ltd.

metallographic analyses. If the joint properties do not meet
the expectations, further iteration loops are performed until
an acceptable solution is found. The Ford F-150, in which
semi-tubular self-pierce riveting was able to replace spot
welding as the main joining process in large-scale production
for the first time, is an example of the use of approx. 60 rivet-
die combinations. The process parameters were determined
purely experimentally [1]. Especially with constantly
changing design statuses, which users of mechanical joining
technology are confronted with, e.g. in automotive
engineering, the experimental procedure is time-consuming
and cost-intensive. In addition, the components to be joined
and the corresponding equipment must be available for
parameter determination, which is often the case only
relatively shortly before the start of production, especially
with smaller suppliers. In addition, the necessary know-how
for the selection of suitable joining parameters must be
available.

This is an open access article under the CC BY-NC-ND license https://creativecommons.org/licenses/by-nc-nd/4.0/)
Peer-review under responsibility of the scientitic committee of the 23rd International Conference on Material Forming.
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In the research described here, a methodology was applied
by whose application it is possible to predict directly a
statement about suitable joining parameters (e.g. rivet, die)
as well as expected joint properties (e.g. interlock) using
data-based calculation models of supervised machine
learning and only general information (thickness, tensile
strength) about the sheets to joined as input data.

In research work on mechanical joining technology,
methods of machine learning have already been used. In [2]
neural networks were used to predict process parameters and
joint strength in solid self-pierce riveting. In the
investigations [3] and [4] first neural networks and later k-
nearest neighbor regressions were used to predict the load
bearing capacity of clinch joints. In [5] neural networks were
used to classify errors in process monitoring for radial
clinching. According to [5], inadmissible process states
could be classified well with the help of neural networks that
were trained by means of the backpropagation method.
Lambiase used in [6] 27 clinching simulations to train an
Artificial Neural Network (ANN) with one hidden layer with
100 Neurons and three output layers to create an optimization
tool for the selection of clinching parameters which lead to a
high joint strength. According to [6], despite the small
amount of data, good forecast results of ANN could be
observed.

2. Considered Process: Self-pierce riveting
2.1. Process description

Self-pierce riveting with semi-tubular rivet (SPR-ST) is
the most used mechanical joining technology for car bodies
when using aluminum and steel combinations. This joining
method can be divided in three steps, shown in Fig. 1. The
first step is characterized by positioning the rivet and the
sheets between the punch, blank holder and die (a). When the
punch presses the rivet in the punch-sided sheet, the rivet
pierces a slug out of the material, which remains inside the
cavity (b). The contour of the die forces the rivet to expand
and an interlock is created (c). [7]

5 :
6 1. Punlch 3. Blank holder 5. Die-sided part

2. Semi-tubular rivet 4. Punch-sided part 6. Die
Characteristic values  Requirement
Interlock > 0,15 mm
Interlock height

Rivet head position < +0,2 mm
Min. thickness > 0,1 mm
die-sided part

Rivet oot diameter < d,

Rivet head diameter

Fig. 1. Self-pierce riveting: a) — ¢) Process steps, d) Characteristic values

[71

SPR joints are evaluated by certain geometrical criteria
(Fig. 1 d). These criteria correlate with the strength properties
of the joint and must fulfill specific values in order that the
joint can be considered as OK. The required values stated are
based on standards from the automotive industry. No
specified values are known for the interlock height.

2.2. Material combinations

In the study described here, the SPR-ST process of steel and
aluminum sheets is investigated. Thereby, the materials and
thicknesses described in Table 1 are considered. The steel
sheets with R,, > 650 MPa were only placed on the punch-
side, otherwise there would have been unwanted
deformations of the considered rivets.

Table 1. Considered materials

Arrange- Material Run ! Ryo2 Thicknesses
ment in MPa in mm
EN AW-6016 240/ 129 0.8 1.15 1.5 2.0
Punch- T4
and die- EN AW-5182 287/ 144 .15 125 15 2.0
sided CR210IF 363 /241 0.8
DX53D 287/ 144 1.0 125 1.5 1.75
HCT600XD 627/ 390 125 15 175 20
Only HCT780XD 1035/622  1.25
punch-
sided HCT980XG 1022 /865 1.0

3. Experimental reference joints

In order to validate the simulation models of the SPR
process and to generate a separate experimental database for
the following considerations, with the materials of table 1
125 combinations were identified on the basis of a partial
factorial experimental design according to the optimized
latin hypercube sampling method [8] and subsequently
experimentally joined and evaluated. The process parameters
like rivet length and die design were chosen experience
based.
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Fig. 2. Distribution of OK and not OK joints in relation to the tensile
strength and sheet thickness ratio of the joined parts

Fig. 2 visualizes the results of experimental joining
investigations. Thereby green dots represent the joints, which
fulfill all necessary criteria (Fig. 1 d) and the red dots the
joints which do not meet at least one of the criteria in relation
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to the tensile strength and sheet thickness ration of the punch-
and die-sided sheets.

Thereby it can be noted, that sheet thickness ratios above
1.7 lead to critical results, which is in good correspondence
with the general advice for SPR that it is better to join thinner
in thicker sheets [7]. The average scatter of the geometrical
characteristic values interlock and minimum thickness of the
die-sided part in the experiments was approx. 20 % with
three evaluated experiments per test series. This value is
cited in the later investigations as a quality characteristic for
the accuracy of the numerical or data-based prognoses.
Interlock and minimum thickness of the die-sided part are
considered, as these are by far the most important
characteristic values and show the most correlation to the
joint strength.

4. Data Mining via Numerical Simulation
4.1. Simulation Models

Following for all 125 experimental joints 2D simulation
models in Simufact V15 with the in Fig. 3 shown structure
were build up. Due to the following numerical sensitivity
analysis the simulation models are designed with the
background in mind to achieve a good balance between
forecasting accuracy and computing time. An average
computing time of 13 minutes per SPR process simulation is
achieved on a workstation with 14 cores.

/ Punch (rigid)

Steel-steel 0.1/0.1
Steel? 0201
aluminum

Aluminum-

o 04102

Geometrical
damage 0.1 mm
model

Rivet 1200
Punch-side 1000 x sheet
part thickness
ot 750 x sheet
Die-side part fhiskriss

Fig. 3. 2D-simulation model for the SPR-process in Simufact V15

The chosen parameters of the combined friction model are
a result of a numerical sensitivity analysis by fitting the
calculated with the experimental joint contour and force-
displacement curve of the SPR process. Flow curves for the
sheet and the rivet material are determined by stack
compression tests (SCT) due to the good comparability in
terms of stress state between SPR and SCT [9].

Fig. 4 shows an overview of the validation of the SPR
simulation models with the experimental data. All
numerically calculated joining results between the red
dashed lines represent connections in which the deviation

between simulation and experiment is at most 20 % and thus,
also in retrospect to the scattering of the experiments, have
sufficient accuracy. In total, 71 of the 125 simulation models
calculated meet these accuracy criteria and can be used for
the following sensitivity analysis.

Interlock u, ,

1.0

e
o0

Experiment
o
(@)}

0 0.2 04 0.6 0.8 1
Simulation

Min. material thickness die-
sided part 7,

0.2 04 0.6 0.8 1
Simulation

Fig. 4. Deviation of the simulated to the experimental result for interlock
and minimum thickness of the die-sided part for the SPR process of the
125 considered material combinations

4.2. Numerical sensitivity analysis

Goal of the numerical sensitivity analysis is to generate an
extensive database for the SPR process of the steel and
aluminum sheets under consideration. In numeric, both
process parameters and material properties can be varied
much more flexibly than in experiments. 150 parameter
variations are performed for each of the validated 71
simulation models, which will result in a total number of
10650 SPR joining results. For each material combination,
the following input variables are individually varied in
relation to the original values:

Material properties of the parts:
¢ Sheet thickness: -0.15; -0.1; -0.05; 0; +0.05; +0.1;

+0.15 mm
e Flow curve variation: -10; -5; 0; +5; +10 %
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Rivet properties (Fig. 5, right):
* Geometry: C-form; P-form
e Length (/y): -0.25; 0; +0.25 mm

Die geometry (Fig. 5, left):

¢ Contour diameter (d,): -0.5; 0; +0.5 mm

e Contour depth (%,,): -0.25; 0; +0.25 mm

e Thorn height (h4): 0; 0.5; 1.0; 1.5 mm

e Thorn width (z,): 0; 2.0; 3.0; 4.0 mm

* Contour edge radius (7;): 0.1; 0.25; 0.5 mm

Die geometry Rivet form
Flat die C-form
' dm . 7 N

v i
| R ) ]

1 N
e

I

I

Fig. 5. Definition of die and rivet geometry

Due to the high number of possible parameter variations,
a partial factorial design of simulations according to the
optimized latin hypercube sampling method was generated.
All the required material and geometry data were integrated
into the Simufact Joining Optimizer, which is a special tool
for the automization of mechanical joining simulations
inside the Simufact Joining software allowing the multitude
of simulations to be built up, carried out and evaluated
automatically. All the 10650 process simulations were
calculated in a total time of approx. 630 h on a workstation
with 14 cores.

5. Available databases for training of algorithms

Two databases are available in the origin for the
evaluation of the process data of the SPR of the considered
material combinations. The experimental database with 125
joining results (DB 1) and the numerically calculated
database with 10650 joining results (DB 2). Since the
numerical database is based on a statistical design it contains
a series of simulations, which are incorrect from a
technological point of view. Therefore, this database was
additionally adjusted in order to improve the later databased
prognosis. The following technological filters were included:

e Interlock u;> >0 mm

* Min. thickness die-sided part - > 0 mm

¢ Rivet foot diameter dr < 8.2 mm

¢ Rivet head position -0.5 mm < p; < 0.5 mm

e Max. joining force 30 kN < F; < 85 kN

A total number of 2376 joining results fulfill these criteria,
which are considered in the following as a separate database
(DB 3). Fig. 6 visualizes the material combinations of all
considered databases for the SPR process. From this, it
becomes clear, that the considered range of material
thicknesses and strength variants are well covered by all
databases.

5.0

- + DB 1 (125)

4.5
= L + DB 2 (10650)
= 40 . = == DB 3(2376 filtered)
8 35 S
| . _— .
g2 3.0 NIt
g 225 L
.1.;’ mﬂ 2.0 N
g 15 i ;
£ 10
~
E o5
=5 0.0

0 1 2 3 4
Sheet thickness ratio 7,

Fig. 6. Overview about the material combinations of all considered
databases for the SPR process

6. Prognosis algorithms
6.1. Quality criteria

Following six different prognosis algorithms (models) are
tested. Therefor the data set is split randomly in a trainings
set (80 % of all data) to train the models and a test set
(remaining 20 %). With these test data a comparison of
original (y;) and predicted (3,) values can be executed and
with the coefficient of determination R? (1) all models can be
compared and rated (y mean value).

2 _q _ S0mW?
R =1 Yois? M
The closer original and predicted values are, the higher
the percentage of R’ and the better the quality of prediction
model.

6.2. Considered prognosis algorithms

6.2.1. Linear regression

Linear models make the assumption that the target is a
linear combination, so the predicted value ¥ = (wy +
wyXx; + -+ + wyxy,). Linear Regression (LR) is the easiest
and fastest model, that is part of this paper. The coefficients
w are determined in the way, that the residual sum of squares
between original and predicted data by the linear
approximation is minimized (2).

min|§ —y|*  (2) @)
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6.2.2. Huber regression

Robust regression fits a regression model of corrupt data.
The values are either outliers or errors in the model. Huber
Regression (HR) is a robust algorithm, that applies a linear
loss function to samples that are classified as outliers.
Samples are classified as inliers if the error of it is less than
a defined critical value. The aim of the Huber Regressor is to
minimize (3), where the back part is the loss function [10]:

. Xiw—y; 2
%'1512(0+H‘g (—a )a)+a|w| , 3)
with
" _{ 72, iflz| <&,

€@ 7 2¢|2| — &2, otherwise.

In the present study the regularization parameters «, the
value of samples that are classified as outliers and the
maximum number of iterations were varied and the results of
the best parameter setting with regard to R? is shown in the
following.

6.2.3. Support Vector Regression

A Support Vector Machine (SVM) divides a set of objects
into classes in such a way that a large area around the class
boundaries remains free of objects. Advantages of this
supervising learning method are the effectiveness in high
dimensional spaces as well as the cases where the number of
samples is less than the number of dimensions and the
efficiency in memory. The main disadvantage of SVM is the
possibility of over-fitting that means the predicted values are
close to the tested ones, but may fail to fit additional data.
Usually used for classification, the method can be extended
to the in this paper used regression models, so called Support
Vector Regression (SVR). [11]

Here, for the SVR two different kernel types are compared
with various regularization values and distance epsilon
setting.

6.2.4. k-nearest-neighbor

A k-nearest-neighbor (k-NN) algorithm classifies a
sample by taking its k nearest neighbors into account. For
regression or continuous numbers/values, the average of the
values of the k nearest neighbors is determined [12]. There
are four different activation algorithms for k-NN
implemented:

e Brute Force: The most naive neighbor search
implementation involves the brute-force computation of
distances between all pairs of points in the dataset. It is
very efficient for small data sets, but with a growing
number of samples it becomes infeasible.

e K-D(imensional) Tree: To avoid the inefficiency of the
brute force algorithm, tree-based approaches were
invented. The main idea of this one is to reduce the

distance calculations by the use of transitivity. For
example if point 1 is far away from point 2 and point 2
is close to point 3, then the distance between point 1 and
point 3 has not to be calculated, because of the relation
to point 2 it is obvious, that point 1 is far away from
point 3.

*  Ball Tree: Because the K-D tree algorithm partitions the
data set along Cartesian axes, the ball tree method was
developed to partition in hyper-spheres. This is more
costly, but efficient with regard to high dimensions.

*  Auto: This setting attempts to find the best approach for
the actual data set.

In addition to the four described activation algorithms the
number of neighbors is varied as well as the weight function
used in the prediction.

6.2.5. Gradient Boosted Decision Tree

The goal of ensemble methods is to combine the
predictions of several base estimators built with a given
learning algorithm in order to improve generalizability /
robustness over a single estimator. In boosting methods, such
as Gradient Boosted Decision Trees (GBDT), base
estimators are built sequentially and one tries to reduce the
bias of the combined estimator. The motivation is to combine
several weak models to produce a powerful ensemble. GBDT
is a generalization of boosting to arbitrary differentiable loss
functions. [13]

The two main parameter settings that are investigated in
this paper are the number of boosting stages (a large number
should lead to better results) and maximum number of nodes
in the tree (best value depends on the interaction of the
training data).

6.2.6. Multilayer perceptron — artificial neural network

A multilayer perceptron (MLP) is a class of feedforward
artificial neural network (ANN). An MLP consists of at least
three layers of nodes: an input layer, a hidden layer and an
output layer. Except for the input nodes, each node is a
neuron that uses a nonlinear activation function. Each node
in one layer connects with a certain weight to every node in
the following layer. Learning occurs in the perceptron by
changing connection weights after each piece of data is
processed, based on the amount of error in the output
compared to the expected result. [14]

In this study the number of hidden layers as well as the
number of neurons in each layer are varied. Furthermore
three different functions to activate the hidden layers are
implemented:

 rectified linear unit function, f(x) = max(0,x)
e hyperbolic tangens function, f(x) = tanhx
* logistic sigmoid function, f(x) = 1/(1+e™¥)

Each of the presented algorithms is tested with different
parameter settings, such as number of neighbors (k-NN),
depth of the trees (GBDT) or activation function of neurons
(MLP). The number of tested parameters settings is shown in
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Table 2. The best-possible parameter setting was chosen by
the resulting R,

Table 2. Number of tested parameter sets for each of the considered
algorithms

Algorithm Number of parameter sets
LR 1
HR 36
SVM 40
k-NN 40
GBDT 9
MLP 27

6.3. Prognosis results

Following, the different databases (DB 1, DB 2, DB 3)
were used for training and evaluating or testing the
considered  regression  algorithms.  Thereby  the
implementation is based on the open source python library
scikit-learn [15]. The inputs are the following parameter:
Material properties of the parts to be joined:

» Ultimate tensile strength
* Sheet thickness
* Type of material (steel, aluminum)

SPR process parameter:

* Die contour (diameter, depth, thorn geometry)
* Rivet type and length
* Rivet head position

Output parameters are the joining results:

e Interlock u;

 Interlock height uy; 2

e Min. thickness die-sided part ¢,
* Rivet foot diameter dy

* Max. joining force F;

Fig. 7 shows the average R? for all forecasted output
parameters with the considered algorithms trained with the
different databases.

EDB 1 DB 2 DB 3
100%

90%
80%

70%
60%
50%
. 40%
30%
20% I
10%
0 i 1

LR HR SVM k-NN GBDT MLP

Coefficient of Determination
R?in %

Fig. 7. Comparison of the Coefficient of prognosis R? for all considered
regression algorithms trained with different databases

When using simpler regression models like LR and HR a
positive influence from the use of a larger amount of data is
more likely to be small. The best prognosis quality for these
two models is achieved by using the filtered numerical
database DB 3. With the more complex regression models
SVM, k-NN, GBDT and MLP the prognosis quality is quiet
low when using only a few datasets (DB 1) and increases
significantly using the complete numerical database (DB 2).
The most significant influence of the amount of data on the
prognosis quality can be observed by using the neuronal
network (MLP). Overall, the GBDT algorithm with
coefficients of determination R? above 90 % provides the
best predictive performance for the data sets under
consideration.

7. Conclusion

The biggest challenge in using machine learning
algorithms in an industrial environment is to provide
comprehensive, suitable data that describes the material and
process properties well. In this paper a methodology was
described how a relatively small experimental database could
be extended to a comprehensive database by means of
numerical sensitivity analyses. The validation and
automation of the simulation models plays a central role in
numerical data acquisition. The comparison of different
learning algorithms shows the influence of different large
data sets on the respective forecast quality, whereby it
emerges that the availability of larger valid data sets results
in a significant increase of the forecast quality when using
more complex models. For the described case of the self-
pierce riveting of steel and aluminum sheets, the Gradient
Boosted Decision Trees algorithm with the extensive
numerical data basis enabled a very good prediction quality.
This allows an accurate data-based prediction of joining
results for new material combinations that have not yet been
considered either experimentally or numerically, thus
significantly reducing the effort required for the design of
SPR joints.
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