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Abstract: The field of application of data-driven product development is diverse and ranges from
requirements through the early phases to the detailed design of the product. The goal is to consistently
analyze data to support and improve individual steps in the development process. In the context
of this work, the focus is on the design and detailing phase, represented by the virtual testing of
products through Finite Element (FE) simulations. However, due to the heterogeneous data of a
simulation model, automatic use is a big challenge. A method is therefore presented that utilizes the
entire stock of calculated simulations to predict the plausibility of new simulations. Correspondingly,
a large amount of data is utilized to support less experienced users of FE software in the application.
Thus, obvious errors in the simulation should be detected immediately with this procedure and
unnecessary iterations are therefore avoided. Previous solutions were only able to perform a general
plausibility classification, whereas the approach presented in this paper is intended to predict specific
error sources in FE simulations.

Keywords: deep learning; machine learning; finite element simulation; plausibility checks; convolutional
neural networks

1. Introduction

The systematic analysis of data is increasingly established in the product development
process and referred to as data-driven product development [1–3]. The range of application
is broad, starting at the requirements and continuing through the early phases to the
detailed specification of the product. The fundamental principle is the consistent analysis
of data to support and improve dedicated (sub-)steps. According to [1], the procedure can
be divided into dataset, knowledge base, data-driven method, and the design process step.
For each stage, the possibilities are highly dependent on the associated constraints.

In the context of this paper, the focus is on the design and detailing phase, especially
on the virtual testing of the products with Finite Element simulations. Due to the hetero-
geneous data in a simulation model, consisting of input (3D geometry, load cases, surface
meshes, etc.), model (mesh, solving methods), and output data (results, reports, etc.), the
automatic use of this data is a major challenge [4,5]. An approach for reusing FE simulations
was developed by [6], which allows for the retrieval of specific simulations via a database
system. As a result, only certain simulations are reused, not the entire pool of calculated
simulations. The large amount of data is normally only kept for legal purposes but should
be utilized to enable a system to predict the plausibility of new simulations. The aim is to
support less experienced users of FE software in their application by directly identifying
obvious errors in the simulation and thus avoiding unnecessary iterations. While previous
solutions were only able to make general plausibility classifications, the approach presented
here targets the prediction of specific error sources. The challenge is to define a suitable
transformation method for the simulation data and train a model that is able to predict
error sources with high accuracy.
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1.1. State of the Art

The intention to support users in the application of FE software has been present in the
academic landscape for a long time. A very early knowledge-based system was presented
by [7] in the late 1980s. With the help of the SACON (Structural Analysis CONsultant)
system, the FE calculation of Boeing 747 wings could be improved and access for less
experienced engineers was facilitated. Another analysis tool that enhances FE simulation
with knowledge-based engineering (KBE) was introduced by [8], with the aim of supporting
set up of the FE simulation through knowledge databases. The system was demonstrated
with aluminum draw bending components as an example.

In addition to knowledge-based approaches, the use of Machine Learning (ML) tech-
niques in combination with FE simulations has also become popular for facilitating FE
simulation tasks. To improve material generation, an approach was presented by [9] that as-
sists the modeling of materials through evolutionary polynomial regression. The approach
was integrated into the existing FE simulation process and tested for linear elastic and
elastic–plastic material models. The preparation of geometry, a sub-step of preprocessing,
can also be optimized by Machine Learning methods. For example, [10] developed a
method that detects different ribbon features in components, which enables high-quality
meshing of these geometric features. In addition to the recognition, a decomposition into
individual areas is also essential for generating a suitable mesh. Another preprocessing
upgrade was created from [11], which describes hole detection for mold injection parts. The
identified holes are removed from the parts in a subsequent step to facilitate and accelerate
the meshing of the different mold components. Furthermore, a contribution dealing with
the automatic geometric simplification of components was created by [12]. This approach
relies on geometric primitives for segmentation and following morphological investigations
of the component. The methods generate a simplified surface model for the simulation from
the 3D volume model through dimensional reduction and fitting of the contact surfaces.
The authors of [13] provided another contribution to the automation of the preprocessing
process by building ontologies via text and data mining, which builds the foundation of
the simulation model. In this context, standards or simulation reports serve as the source
of the knowledge base and help to automatically set up the simulation. Depending on
the analysis requirement, the simulation can be set up accordingly, such as by simplifying
bolted connections as beam elements or by modeling them with their threat. Examples
of further applications of Machine Learning in the environment of FE simulations are
given in [14]. In addition to the listed application fields, other areas such as the efficient
optimization of the simulation results and the evaluation of the geometry are also listed.

The presented methods combine assistance to the user with the generation or evalua-
tion of FE simulations. However, these methods [7,8,10,11] only offer solutions for specific
problems or use cases. Other approaches [9,12,13] rely on pre-existing knowledge but do
not utilize existing simulations from older projects. This gap is filled by the projection
method for simulation data developed by [15] and improved in [16].

The objective of this method is to utilize existing simulation data to train a Deep
Learning (DL) model that is subsequently capable of classifying new simulations into
the classes “plausible” and “non-plausible”. The term “plausibility” was defined in the
context of FE simulations by [15] as a simulation that does not contain obvious mistakes
an experienced simulation engineer would recognize. These errors include incorrect loads
such as unit errors for forces (e.g., kN instead of N), meshing of the work piece that is too
coarse, or faulty geometry parameters for components. The meaning of plausibility in the
simulation context is very well described by the English term “likely valid”.

The entire process is shown in Figure 1, starting with the FE simulation and resulting
in a classification result. Before a Machine Learning model is trained, a dataset must be
created, which consists of the prepared simulations and a corresponding label. Labeling of
the simulations should be performed by experienced simulation experts [17]. A parameter
study of FE simulations is an effective method for obtaining an adequate number of
simulations. After training and examination of the model, it can be employed for the
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classification of new simulations. For this purpose, new simulations must undergo the
same preparation process to be classified as “plausible” and “non-plausible”.
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Figure 1. Overview of the Convolutional Neural Network (CNN)-based plausibility check method
with example matrices according to [15,16].

In the first step (data preparation), the method uses the projection of points onto
a detector sphere to convert the simulation input and results into matrices. In contrast
to the unordered simulation data, the matrices are uniformly sized and hence suitable
as input for a Neural Network (NN). For conversion of the whole FE simulation into
matrices, different point clouds (bearing, loads, mesh, and results) are necessary. The
transformation is performed with a projection of nodes onto a detector sphere, which is
subdivided into different areas similar to the longitudes and latitudes of a globe. The fields
are called pixels and correspond to the respective matrix input. The number of pixels can
be chosen independently (for example, 10,000 pixels results in a 100 × 100 matrix). Detailed
calculation of the detector sphere and node projection is explained in more depth in [16]
and illustrated in Figure 2 with its main steps.
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Figure 2. Process steps of the projection method for generating the node matrix according to [15,16].

After projection of the points, the detector sphere is turned into a matrix, similar to
transforming a globe into a map. Since the inputs and results of the FE simulation are
node-bound, they can be transferred into matrices, allowing the entire simulation to be
uniformly transferable. Consequently, different matrices can be created for one simulation,
which are arranged channel-wise (comparable to RGB images). The choice of matrices is
dependent on the simulation and the objective pursued.

These matrices allow for the training of a Machine Learning model that predicts
the two classes “plausible” and “non-plausible”. Within this contribution, the aim is to
investigate whether a differentiated detection of the cause of the simulation errors is also
achievable. For this purpose, it is necessary to examine which classification approach can
fulfill the stated goal. Therefore, the methodical background for classification and Deep
Learning is presented in the next section.
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1.2. Methodical Background

The categorization of Machine Learning algorithms strongly depends on the learning
category. According to [18–20], a distinction is typically made between supervised, unsu-
pervised, and reinforcement learning. The classification of objects falls under supervised
learning since a labeled dataset must be available. In contrast to regression, where discrete
numerical values are determined, classification predicts previously defined categories, as
described in [21,22]. In [23,24], the classification task is further divided into the number of
labels per input value. If there are only two possible classes, it is called a binary classifier.
A multiclass application occurs when there are several possible classes per input, but only
one result label. When multiple classes are possible for one input value, this is termed a
multilabel classifier. Figure 3 shows the mentioned distinction graphically.
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The plausibility detection presented earlier falls under the category of binary classifiers.
To classify multiple new error classes, different approaches are feasible. A multilabel
classification is performed by converting the classification into a regression task. Each
class is converted into numerical values between 0 and 1, resulting in a vector instead
of a label for each sample. Subsequently, the vector is determined via the regression
algorithm. Afterwards, a threshold value (e.g., 0.5) is used to determine whether the
input can be assigned to a class or not. The adaptation of multiclass classification is
also an option; however, in this case, the dataset must be supplemented with additional
labels. This is necessary to ensure that all label combinations are included in the dataset.
With this adjustment of the dataset, multilabel classification is a viable option afterwards.
Binary classifiers can also be modified for the task of multilabel classification. In this case,
each binary classifier holds one label; thus, multiple models must be trained, which are
evaluated afterwards.

A special category in the field of Machine Learning is Deep Learning, which is often
linked to the application of Neural Networks [20,25–27]. It differs from classical Machine
Learning in the number of layers and feature generation. In a classic ML model, the
developer specifies the model features. In contrast, a Deep Learning model creates them
in the learning phase. In [20], this process is described as automatically breaking down
complicated concepts into more simple ones.

An application of the Deep Learning principle to images is Convolutional Neural
Networks (CNNs), which take human vision as a template. The term “convolutional”
was first introduced by [28] in 1989 and has been associated with this type of network
since then. The structure of a CNN aims to emulate the visual cortex. For this purpose,
different neuron, convolutional, and pooling layers are used to filter information from the
image data.

One of the most famous CNNs is the LeNet of [29], which was published in 1998 to rec-
ognize handwritten letters. As computational power increased and larger datasets became
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publicly available (e.g., MNIST [29], CIFAR [30], PASCAL VOC [31], or ImageNet [32]), it
was possible to put CNNs to practical and beneficial use. As a result of an image detection
competition in 2012, AlexNet from [33] attracted particular attention due to its results.
In comparison to LeNet-5, AlexNet has more layers and is suitable for higher resolution
images. An even deeper network with 16 layers, accordingly named Vgg16, was presented
by [34] two years later. All previously mentioned CNN models are serial, which allows the
network to pass through all layers in sequence.

According to [35], deeper networks should adapt better to a given task as the parameter
space for adjustment increases, though the achieved accuracy tends to saturate and then
decrease. Multiple paths through the CNN can solve the described problem, which was
implemented through residual blocks in the CNN by [36] and called ResNets. An example
of this new component in a network is displayed on the left in Figure 4.
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Since objects in images can occur in different sizes and matching larger kernel sizes
increases the complexity of the model and computational requirements, the Inception
networks of [37] were developed. The solution is multiple and parallel convolutional
operations with fixed sizes, as depicted on the right side in Figure 4. Furthermore, a
pooling function is performed, and the results of the concurrent operations are then merged
afterwards. This procedure was improved constantly and provided with new updates,
hence it is available in the fourth generation [38].

The authors of [39] published another iteration of this idea under the name Densenet.
In ResNet models, the merging is always performed after one ResNet module, whereas
in Densenet each layer receives the results of all previous layers. An alternative idea to
the ever deeper and linked architectures is demonstrated in the creation of MobileNet
by [40]. The goal was to design a network that computes fast enough to run on mobile
devices. The implementation was achieved through depth-wise separable convolutions,
which drastically reduced the number of free parameters. The procedure of depth-wise
separable convolution consists of depth-wise and point-wise convolution. After the first
version, two more iterations of the idea were published (V2: [41]; V3: [42]).

1.3. Research Gap

After presentation of the current state of the art and the methodological background,
two research questions (RQ) for the plausibility check of FE simulations arise.

RQ1: Is there a multilabel classification framework capable of predicting the specific sources
of errors for different FE simulations?
RQ2: In combination with the classification model, which CNN architecture is particularly
suitable for detecting the causes of errors?
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These questions are intended to show whether the detection of specific faults in FE
simulations is possible without creating a purely application-specific solution.

2. Methodical Approach

In order to provide conclusive answers to the questions raised, an overview of the
planned examinations is presented. Overall, three different influencing factors are relevant
to the general investigation: the classification realization, the dataset, and the CNN architec-
ture. All three of these divisions have different influencing parameters that affect the overall
result. The objective of the experiment is always the prediction of the plausibility cause,
whether it is due to a faulty mesh, wrong load values, or unrealistic geometry parameters.
Figure 5 provides an overview, and the following subsections present the different parts in
more detail.
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2.1. Classification Structure

First, the realization of the multilabel classification is explained in greater depth. Two
implementation ideas were developed based on the theoretical knowledge from Section 1.2
and are shown schematically in Figure 6. The first concept applies several binary classifiers,
each of which predicts one specific class. These consist of a CNN for classification and a
dataset extracted from the entire simulation pool. In contrast, the second model uses a
conversion of the problem into a regression model. For this purpose, the CNN structure is
adapted correspondingly by replacing the softmax and classification layers with sigmoid
and cross-entropy loss layers. For this application, the dataset does not require any further
processing. The choice of CNN architecture is independent of the selected execution,
although the binary classification theoretically offers the advantage of using different CNN
models for each classifier.

The third possibility, adaptation of the multiclass classification, was not pursued
further since all combinations must be defined as classes, which would correspond to eight
(23) labels. As a result, very few simulations can be assigned to some classes, such as in a
the category in which all three plausibility causes are true. Furthermore, this procedure
would become more and more complex to handle when adding further classes, since the
number of new necessary classes scales with input classes to the power of two.
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2.2. Database

In order to test and analyze the new approach, a large dataset with a sufficient number
of simulations is necessary. Currently, only structural mechanics simulations with compo-
nents are considered. The dataset includes already calculated simulations from previous
publications [16,43]. The general structure of the entire dataset is organized with the help of
the Opitz coding system [44]. The first digit of the code was selected as the distinguishing
feature and the aim was to cover the existing categories as broadly as possible. The result
with the corresponding simulation parts is listed in Table 1. The variables representing ro-
tatory components stand for the length (L) and the diameter (D), while for the non-rotatory
ones the maximum dimensions are sorted in all three directions in space and defined with
A as the highest value and C as the lowest value.

Table 1. Categorization of the simulation parts in accordance with the Opitz coding system [44].

Rotatory Non-Rotatory

L/D < 0.5 0.5 < L/D < 3 L/D ≥ 3 A/C > 4 A/B ≤ 3 & A/C ≥ 4 A/B ≤ 3 A/B ≤ 3 & A/C < 4

Vehicle rim Crankshaft Inliner frame Brake lever Mountain bike
rocker

In total, five components from different applications and domains are integrated into
the entire dataset, all displayed in Figure 7. All simulations were calculated with parametric
CAD models using Ansys Workbench (version 19.2 and 2021 R2). For generation of the
results, parameter studies were performed with d-optimal experimental designs (DOE) for
the different simulations [45]. After successful calculation of the FE simulation, an APDL
script saves the results as a text file, including stresses, deformations, boundary conditions,
and the general mesh.
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The simulations were built using real loading conditions (inliner frame or mountain
bike rocker) or information from the literature (crankshaft [46,47], brake lever [48], or car
rim [49,50]). An overview of the various components and simulation setups is shown in
Figure 7, with more detailed information on the simulations listed in [16,43].

For all simulations, the element size of the mesh, the load values, and the geometric
variables of the component were used as parameters. These all affect the non-plausibility of
FE simulations, and the goal is to detect these certain error sources. Since the focus of pre-
vious datasets was not differentiated by plausibility cause, the geometric non-plausibility
cases were not taken into account in all parts. To close this gap and to test how the models
behave with smaller datasets, supplementary studies focusing on geometric plausibility
reasons were created for the vehicle rim and brake lever.

An overview of the calculated simulations and the labeled results is given in Table 2.
In total, over 63,000 simulations are in the dataset, corresponding to a storage requirement
of almost 13 TB. Most simulations were calculated with the bike rocker and the smallest
amount with the crankshaft. In the case of the vehicle rim and brake lever, the second study
for the geometrical error cause is added below in brackets as it was calculated with a second
DOE plan. The sum of the plausible and different non-plausible classes always exceeds the
total number of simulations. This is due to the fact that several reasons for non-plausibility
can exist per simulation. The table also shows that the geometrically non-plausible reason
is the least represented in the data and accordingly forms an imbalanced dataset, which
can thus lead to favoritism toward the majority class from the trained model. Labeling of
each parameter study was performed by a combination of automatic (e.g., rule-based for
high load values) and manual labeling.
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Table 2. General information about the demonstrative study simulation datasets, with the numbers
of the additional dataset in brackets.

Dataset Simulation
Numbers Plausible

Non-
Plausible

Mesh

Non-
Plausible
Geometry

Non-
Plausible

Loads

Storage
Space

Vehicle
rim

9968 3736 2488 0 4992 676 GB

(1816) (80) (792) (1520) (888) 217 GB

Brake
lever

9862 5896 2493 0 1987 574 GB

(1225) (554) (315) (290) (251) 64 GB

Bike
rocker 22,624 12,257 3780 1620 6776 2890 GB

Crankshaft 8640 4800 1440 0 2880 6920 GB

Inliner
frame 8952 4344 2172 0 3252 1650 GB

Whole
dataset 63,087 31,667 13,480 3430 21,026 12,991 GB

Dataset Preparation

After description and explanation of the available simulation pool, the next step is
to demonstrate conversion of the simulation setup and results into matrices. The idea
behind the transformation and arrangement of the matrices is to generate the “DNA of the
simulation” and represent the simulation setup and results. An example transformation
of a simulation is shown in Figure 8 including the input and result variables. With this
investigation, the goal was to test a universal approach, which is the reason for including
as many loads as possible in the matrix collection. The most common types of loads should
be implemented, even if some of them are not part of the simulation pool. Consequently,
26 different matrices are created for one simulation: nodes, fixed translation and rotation in
the X-, Y-, and Z-direction, force, external force and pressure in the X-, Y-, and Z-direction,
moment around the X-, Y-, and Z-axis, the positive and negative displacements in the
X-, Y- and Z-direction, and the equivalent von Mises stress. A resolution of 100 × 100
was chosen to generate the datasets for both classification approaches. The matrices are
prepared through a special method of normalization, which is explained in detail in [16].
Through this process, the boundary conditions and result values are normalized differently
in order to better represent FE simulations.
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One additional advantage of projection conversion is the reduced storage space. After
execution of the method, the matrices for the entire dataset only need about 10.5 GB com-
pared to the original 13 TB. Of course, size depends on the resolution of the transformation,
as the data requirements for higher resolution also increase. For this study, the dataset for
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each simulation parameter study was split 80/20 into training and testing data. As a result,
10% of the training dataset was selected for validation during training.

2.3. CNN Architecture

After explaining the classification procedure and the dataset, this chapter will focus on
applied CNNs. A total of four architectures were investigated: Vgg19, ResNet, Inception-
V3, and MobileNet-V2. Figure 9 shows a simplified comparison of the architectures. Due
to the size of some architectures, the representation was simplified.
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The Vgg19-derivate uses four groups of sequential convolution layers, each followed
by a ReLU (Rectified Linear Unit) layer. Compared to the original Vgg19 architecture, a
block of convolutional layers was removed due to the lower resolution of the matrix input.
Furthermore, the number of filters per convolutional layer was reduced so a comparable
batch size could be applied for all architectures. The variant derived from ResNet is
shown in a simplified manner in Figure 9 using convUnits, each consisting of a convolution,
batch normalization, ReLU activation, convolution, and batch normalization layer. The
filter size is 3 × 3 for both convolution layers, and the values in the square brackets
describe the number of filters and the stride for the layer. The two skipConv blocks contain
extra convolution layers and are necessary for the results to have the same format when
merging. The third architecture is based on MobileNet-V2 and is illustrated schematically
via convBlock units in Figure 9. A convBlock contains a channel-wise convolution with
6 filters, batch normalization, an ReLU layer, channel-wise convolution with one filter,
batch normalization, an ReLU layer, a channel-wise convolution layer with a fixed number
of filters (matching the input to the convBlock), and a batch normalization layer. A total of
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17 blocks are arranged one after the other with partial skip paths, modeled after the original
MobileNet-V2. For the adapted Inception-V3 network, the first layers were replaced by
convUnit2 blocks, each composed of a convolution, batch normalization, and ReLU layer,
with the convolution parameters listed in the square brackets. The following inceptBlock
modules are carried over from the original Inception-V3 architecture and contain four
threads each with different convolution, batch normalization, ReLU, and pooling layers, as
shown in Figure 4. Due to the lower resolution of the input, the last two larger inception
blocks were removed from the network.

For all models, the last three layers depend on the classification model. In the case of
binary classification, they are a fully connected layer with two neurons and a softmax and
classification layer. In contrast, in the multilabel instance, a fully connected layer with three
neurons and a sigmoid and cross-entropy loss layer is applied.

The evaluation metric for comparison of the different approaches and models is usually
classification accuracy. This metric is derived from the confusion matrix and is calculated
for the three datasets: the training dataset, validation dataset, and test dataset. A confusion
matrix with the associated variable names is shown in Figure 10, with the variables True
Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN).
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For a balanced dataset, classifications accuracy is often applied, which can be calcu-
lated according to [52,53]:

accuracy =
TP + TN

TP + TN + FP + FN

However, this metric is not appropriate for the evaluation of imbalanced datasets
since it does not consider the uneven distribution of classes. An alternative is the balanced
accuracy from [51]:

balanced accuracy =
1
2

(
TP

TP + FN
+

TN
TN + FP

)
Another metric for imbalanced datasets is the G-Mean (geometric mean) value defined

by [54]:

G − Mean =

√
TP

TP + FN
· TN
TN + FP

Besides the presented metrics, many others have been developed, such as the F-
Measure, the Receiver Operator Curve (ROC), the area under the curve (AUC), the Precision
Recall (PR) Diagram, and the Index of Balanced Accuracy (IBA), which are explained in
detail in [51,54–56].

3. Result Comparison

After explanation of the different classification adaptations and CNN architectures, the
following chapter examines them in further depth using the described evaluation metrics.
All models were trained on the same computational server, which had two AMD EPYC
7643 processors, 256 GB RAM, and two Nvidia A40 (46 GB) graphics cards installed. The
basic set of training parameters is identical for all models, as shown in Table 3. Only the
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learning rate was adjusted for different models because a uniform rate did not work. Data
was divided into training, validation, and test datasets automatically according to the
72%–8%–20% principle and was performed in the same manner for all datasets and models.

Table 3. Training parameters for the CNN models.

Options Value
Solver Type adam

Mini Batchsize 128

Max. Epochs 40

Validation Frequency 125

Validation Patience 8

Shuffle Once

Learning Rate
Binary

MobileNet: 0.0001
ResNet: 0.000001
Vgg19: 0.00001
Inception: 0.001

Learning Rate
Multilabel

MobileNet: 0.0001
ResNet: 0.000001
Vgg19: 0.00001

Inception: 0.0001

Class distribution for the two variants of training data is shown in Figure 11. The
number of non-plausible classes is identical for both cases, with only the plausible instances
varying. Since only one cause of error is detected in the binary classifiers, the other
two non-plausible cases are still included as plausible. All training datasets consist of
45,444 observations for training. The uneven distribution of classes is particularly evident
in the geometry class. Therefore, the metrics balanced accuracy and G-Mean are applied
for evaluation to account for the non-uniformity of the distribution.
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Figure 11. Label distribution for binary and multilabel models.

3.1. Classification Approach

For initial comparison of the classification models, the results of all CNN models
were analyzed for all three classes. The derivatives of Vgg19, ResNet, Inception-V3, and
MobileNet-V2 serve as the CNN models.

The results are shown in the diagram in Figure 12. The training duration of the CNN
models varied between 4 h and 12 h. The plot shows the test results for the error classes
in the binary (Bin) and multilabel (MuL) approaches. The boxplot is composed of all four
CNN architectures, with all detailed results listed in the Appendix A in Tables A1 and A2.
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The scores for all methods are generally very high, with all results above 0.9. Comparison
of the G-Mean and balanced accuracy values indicates that scatter is lower for the binary
methods over all plausibility causes.
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Analysis of the highest classification results also reveals that the binary and multilabel
variants achieve nearly identical results for the loads and mesh classes. The absolute
differences are very small, in some cases in the third decimal digit. Only in the geometry
class is the higher accuracy of the binary classification visible. In evaluation of the geometry
cause, it is evident that this class was the most challenging in the classification, recognizable
by the high dispersion of both classification variants.

Because of low dispersion and higher accuracy for the geometry class of the binary
classifiers, they will be examined in more detail. The aim is to compare the different CNN
architectures against each other in order to obtain the best results.

3.2. CNN Architecture

The bar chart in Figure 13 compares the calculated results. In general, the G-Mean
values achieved by the respective architectures are very high, and the distribution per class
is low in most cases. It is also evident that the geometry class had the most deviations,
which is due to the imbalance of the dataset. Furthermore, it is visible that the Inception-V3
derivative best classified the loads and geometry. For the plausibility cause mesh size,
ResNet achieved the highest accuracy. The Vgg19 architecture also obtained very high
results in the first two classes, though not for the geometric error reason. Here, MobileNet
could score very high values, whereas it performed worse in comparison to the other
two classes.

Since the Inception network performed the best overall, another study with individual
class weights was carried out. For each binary classifier, individual weights were deter-
mined depending on the class distribution. Afterwards, the networks were trained again
with an adapted learning rate of 0.0005 and the results were compared, which are shown
in the confusion matrix in Figure 14. The G-Mean values achieved are as follows: 0.9930
(Loads), 0.9866 (Mesh), and 0.9978 (geometry).
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Figure 13. Comparison of different CNN architectures in terms of G-Mean metric for plausibility
detection.
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Figure 14. Results of the adapted class weights with the Inception-V3 derivate and binary classification.

The results show that accuracy could again be improved by weighted classes but
on a smaller scale, which is inevitable due to the already very high values. Above
all, the mesh class was further enhanced, whereas the other two plausibility causes
marginally worsened.

4. Discussion

After presentation of the obtained results, it can be concluded that both classification
approaches are suitable for the application of specific plausibility cause detection in FE
simulations. This answers the first research question as both presented classification
approaches provide very good results, and principal detection of the cause of the error is
possible with both of them. However, a detailed comparison of the two approaches reveals
the different advantages and disadvantages of the procedures.

The advantage of multilabel classification via an adapted regression model is the
reduced training time since only one model needs to be trained instead of three in the case
of binary classification. Therefore, the model can theoretically be adapted to a new dataset
faster. Furthermore, integration of all three labels into the dataset reduces class imbalance
compared to a plain binary classifier, as can be seen in Figure 11. Nevertheless, training
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also showed that there was high sensitivity to the appropriate choice of hyper parameters,
which made the training time-consuming in some cases.

In contrast, the advantage of binary classifiers lies in the learning of a specific problem,
which thus allows it to predict that problem with higher accuracy at the expense of training
time. Additionally, they are much more flexible since the CNN architecture can be chosen
specifically for the class. In the case of application as an assistance system for plausibility
checking in industry, new data could be brought into the system more easily because only
the recognition of an error would cause temporarily interruption.

In addition to the multilabel concept comparison, it is noticeable when comparing the
CNN architectures that all networks achieve very good results. However, to answer the sec-
ond research question, the Inception-V3 adaptation achieves especially high classification
results. The other three network types mostly have their strengths in a certain class and
are less capable of detecting the other two. The use of specific class weights resulted in a
further general improvement, which leads to the conclusion that the combination of binary
classifiers with the Inception-V3 network is best suited for the dataset and the application
task at hand.

5. Conclusions and Outlook

In summary, this paper tested multilabel classification approaches with different
networks to predict the specific plausibility cause. For this purpose, a dataset with over
60,000 simulations was prepared and given as input to different CNNs. The achieved
accuracies were reasonably high, which thus allows for the conclusion that a prediction of
more accurate error causes in FE simulations is possible.

The next steps could address the analysis of the input vector in more depth. In this
paper, the matrices were chosen to ensure that the procedure was generally applicable,
although exploring the exact influence of the different matrices on recognition accuracy
would be very interesting. In addition, other network architectures and newer Neural
Network types (such as Visual Transformer [57]) could be adapted and used for classifi-
cation. Furthermore, methods from the field of data augmentation could be applied in
different ways to reduce the imbalance of the classes. Finally, other causes for non-plausible
simulations could be taken into account and the database could be enhanced accordingly.
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Appendix A

Table A1. All classification results for the binary models and different CNN architectures.

Dataset Binary Evaluation
Metric

Loads Mesh Size Geometry

Vgg19

0.9875 0.9832 0.9484 G-Mean

0.9875 0.9833 0.9497 Balanced
Accuracy

0.9877 0.9906 0.9960 Accuracy

ResNet

0.9789 0.9859 0.9658 G-Mean

0.9791 0.9859 0.9664 Balanced
Accuracy

0.9848 0.9898 0.9971 Accuracy

MobileNet-V2

0.9789 0.9768 0.9950 G-Mean

0.9789 0.9770 0.9950 Balanced
Accuracy

0.9805 0.9857 0.9976 Accuracy

Inception-V3

0.9944 0.9804 0.9993 G-Mean

0.9944 0.9804 0.9993 Balanced
Accuracy

0.9957 0.9840 0.9987 Accuracy

Table A2. All classification results for the multilabel models and different CNN architectures.

Dataset Multilabel Evaluation
Metric

Loads Mesh Size Geometry

Vgg19

0.9709 0.9733 0.9262 G-Mean

0.9711 0.9735 0.9290 Balanced
Accuracy

0.9778 0.9828 0.9942 Accuracy

ResNet

0.9795 0.9871 0.9662 G-Mean

0.9797 0.9871 0.9662 Balanced
Accuracy

0.9853 0.9919 0.9676 Accuracy

MobileNet-V2

0.9881 0.9840 0.9788 G-Mean

0.9881 0.9840 0.9790 Balanced
Accuracy

0.9883 0.9871 0.9979 Accuracy

Inception-V3

0.9940 0.9837 0.9916 G-Mean

0.9940 0.9837 0.9916 Balanced
Accuracy

0.9956 0.9948 0.9886 Accuracy
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