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Abstract
Industries with batch size one manufacturing philosophies for highly customized products have been largely limited in
manufacturing automation. The control cabinet industry is particularly affected by this problem during the mounting and
wiring of components due to high variety, variance, and complexity of components as well as handling tasks. Rapid advances
in the field ofmachine learning are opening new possibilities for automating previouslymanual processes. This paper proposes
a concept for identifying geometric features of electrical components that starts from STEP files and transforms them into
modular metrics relevant to build a digital twin and (automatic)manufacturing. The architecture is tested on a self-aggregated
and processed dataset of control cabinet components and achieves an average dice score of 65.27% and an intersection over
union of 51.41% across all segmentation classes. In addition to semantic part segmentation of the components, the cluster,
volume and surface centroids, the normal vectors and the size of each feature are computed. The paper evaluates the suitability
of cutting-edge techniques such as diffusion aswell as established deep learning architectures. The result is a hybrid end-to-end
inference pipeline suitable for general spatial assembly processes.

Keywords Geometric deep learning · Control cabinet · Digital twin · Surface mesh processing · Semantic part segmentation

Introduction

Preparatory steps in control cabinet assembly, such as wire
cutting, stripping, attaching, and crimping the ferrules, can
be carried out by semi- or fully automaticmachines (Stoidner
et al., 2023). In contrast, themounting of the components and
their wiring is almost exclusively done manually by skilled
workers. The wiring of the individual components is also the
most time-consuming production step (Gausemeier et al.,
2016) and takes up to 49% of the total assembly time (Spies
et al., 2019). The high complexity of wiring can be broken
down into separate steps such as reading and interpreting
the circuit diagram, finding the source and destination, and
connecting the wires to the terminal points.
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The share of mechanical assembly consisting of mounting
andwiring is about 75%of the processing time (Tempel et al.,
2017). In contrast to other already semi- or fully-automated
manufacturing steps, mechanical assembly benefits much
more from the potential of digitization and automation using
modern machine learning (Tempel et al., 2017). Control
cabinet manufacturers see the future of control cabinet con-
struction in digitalmanufacturing,wherewiring is automated
or digitally assisted (Tempel et al., 2017). So far, there are
only very few approaches to this, which are also limited to
the automation of series products (Spies et al., 2019). Con-
trol cabinets are often engineer-to-order products and are
manufactured in small batch sizes with a large variety of
components (Bründl et al., 2023). Due to this high level
of complexity, there is neither a concept for the automatic
wiring of these nor a procedure for analyzing the compo-
nents to extract important information for generating a digital
twin of a control cabinet (Großmann et al., 2017; Linsinger
et al., 2018). Previous approaches only pursue the automated
recognition of switches in switch cabinets based on RGB
images (Zhang et al., 2020) as well as template matching
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algorithms (Hefner et al., 2021) for the identification and
orientation determination of components in the control cab-
inet using images and point clouds. However, the origin
of all approaches in Spies et al., 2019, Hefner et al., 2021
and Hefner et al., 2020 lies in data from actual manufactur-
ing, instead of raw CAD models, which themselves possess
more relevant information for automation tasks. However,
only one ECAD manufacturer, in a diverse market, allows
the input of assembly-relevant information in their data
standard. Furthermore, this lone standard provides limited
details, omitting crucial aspects like tool insertion, mounting
rail attachment, or device labeling. Most component man-
ufacturers fail to provide this data, leaving the universally
available Standard for the Exchange of Product Model Data
(STEP) file model as the primary source of information for
engineering and manufacturing planning. The vast array of
components and variants presents a challenge that traditional
image processing struggles to meet. Even though machine
learning could offer solutions, its adoption is is used very lit-
tle andmethods used are not state-of-the-art. Moreover, from
amachine learningviewpoint,manyexistingdatasets, such as
SHREC or ShapeNet, are constrained by their low-resolution
meshes, making them unsuitable for many real-world use
cases. Accordingly, the novelty lies in the combination of
various already evaluated and partly established procedures.
Since a CAD model is available for each component, this
also represents the logical starting point for the assembly
process. Since the assembly and wiring of components in
control cabinet manufacturing is challenging due to the high
variety, variance and complexity of the components as well
as the handling tasks and a lack of reliable data, a general con-
cept for the extraction of geometrically relevant information
is needed.

For automated wiring, information about the type of
source and target as well as their positions is required (Tem-
pel et al., 2017). Hence the main task to cover both cases
together is therefore the identification and positioning of the
relevant features of a component, as shown in Fig. 1. For the
installation of the components on mounting rails knowledge
of the position of the snap-on points is therefore required.
For the wiring of the attached terminal blocks, their size
and orientation are required in addition to the position. For
a fully automated assembly and wiring, knowledge about
the position, size and normal vectors of the snap-on points
(red vectors), tool and cable entries (green vectors), and ide-
ally labeling areas (orange vectors) is required. This paper
presents a methodology for capturing these features, which
is also generally suitable for any spatial assembly and can
therefore be used in further industries.

Fig. 1 Exemplary identification of the position, size, and normal vectors
of the features of the control cabinet components

Related work

State-of-the-art research for 2D-based detection systems is
only suitable for triangle meshes under very specific condi-
tions (Bronstein et al., 2016). More successful methods fall
into the area of geometric deep learning (GDL) which make
use of intrinsic data operations on the meshes and segment
the data intrinsically (Bronstein et al., 2016, 2021).

Intrinsic operations

The increasing interest in applyingmachine learning (ML) to
geometric data has led to trying out principles on 3D geomet-
ric data that have been successful on 2Ddata (Bronstein et al.,
2016) such as multi-view CNNs (Su et al., 2015). The main
drawback of this approach is the treatment of non-Euclidean
as Euclidean structures (Bronstein et al., 2016). This must be
avoided for two reasons. First, the Euclidean representation
of complex 3D objects, such as depth images or voxels, can
cause essential parts of the object or fine details to be lost
or even destroy the topological structure. Second, Euclidean
representations are not intrinsic and change depending on the
pose or deformation of the object (Bronstein et al., 2016).
Symmetry is a profound concept in GDL since it includes
all properties related to transformations, such as translation,
reflection, rotation, scaling, andpermutation. In the literature,
invariance and equivariance are usually used in this context
to express the behavior of amathematical function in terms of
the transformation (Atz et al., 2021). Achieving invariance to
shape changes is a common requirement in data processing
and requires very complex models as well as large training
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sets due to a large number of degrees of freedom involved in
describing non-rigid deformations (Bronstein et al., 2021).

3D Part segmentation

Current deep learning approaches achieve significantly better
performance in 3D sub-segmentation of surfaces in compar-
ison to traditional computer vision approaches (Rodrigues
et al., 2018). The literature has proposed very different
methods over the years starting with Shape projective Fully
Convolutional Networks, which segment the surface based
on multiple 2D projections (Kalogerakis et al., 2016). The
Voxel Segmentation Network was the first method operating
directly on 3Ddata (Wang&Lu, 2018). Thiswas followed by
PointNet (Qi et al., 2016), PointNet + + (Qi et al., 2017), and
PointCNN (Y. Li et al., 2018), which implemented stepwise
permutation invariance over the input order of points, recur-
sive application of the network to local clustered points, and
generalized convolutional layers (Schneider et al., 2020). The
implementation 3D data segmentation utilizing such models
in conjunction with synthetic data in the industrial environ-
ment for complex wiring system assemblies has shown high
potential under the premise of a large and high-quality train-
ing data set (Nguyen et al., 2022). While these approaches
work to some degree, they are not deformation invariant,
which is why geometric neural networks have gained pop-
ularity, especially for part segmentation of triangle meshes
(Schneider et al., 2020). Unlike these approaches,MeshCNN
(Hanocka et al., 2018) and DiffusionNet (Sharp et al., 2020)
operate directly on the data and fall into the scope of geo-
metric neural networks.

Graph representation learning

The domain of GDL is divided into the 5Gs: Grids, Groups,
Graphs, Geodesics and Gauges (Bronstein et al., 2021).
While the first two Gs play no role in triangle meshes, graphs
are a useful data structure for representing triangle meshes
(Bronstein et al., 2016, 2021). Networks operating on this
structure fall in the domain of Graph Representation Learn-
ing (Bronstein et al., 2016). A well-known network in this
scope is the MeshCNN presented by Hanocka et al., 2018
which introduced an intrinsic convolution and pooling as
well as unpooling operation on meshes. In combination with
common architectures such as the U-Net by Ronneberger
et al., 2015, triangular meshes can be classified or semanti-
cally segmented (Bronstein et al., 2021) on an edge (Hanocka
et al., 2018), face or vertex basis (Sharp et al., 2020). Graphs,
denoted by G � (V , E) are usually represented for this
purpose using vertices, V � {v1, v2, . . . , vn} and edges
E � {ei , j } whereby ei , j connects vertex vi to v j (Chen
et al., 2020). Here, the representation of all connections of

a graph is realized using an adjacency matrix. For compu-
tational reasons, a representation using a sparse matrix may
also be appropriate (Schneider et al., 2020).

Learning onmanifolds

As an alternative to learning features of triangle meshes
using graphs, this is also possible with geodesics and gauges.
In the context of classification by the 5Gs, meshes fall
between graphs, geodesics, and gauges. While meshes are
in a sense very similar to graphs, they can also be considered
as continuous objects. For this purpose, the representation
of graphs is extended over triangles consisting of three ver-
tices each. The additional representation of amesh consisting
of vertices, edges, and faces T � (V , E , F) can there-
fore be seen as an approximation of a surface depending
on the triangle resolution. The approximation of a contin-
uous surface is particularly useful because meshes can be
described by topological invariants such as the Euler char-
acteristic. Independently of the curvature in space, these do
not change. For meshes, the Euler characteristic is described
by χ � V − E + F. For the convex manifolds used in this
work, the Euler characteristic is V −E +F � 2 (Flegg, 2001;
Lee, 2011). Very good results can be obtained on manifolds
through the calculation of geodesics, parallel transport, and
local gradient spatial features (Sharp et al., 2020).

Dataset

The dataset used in this work was independently aggregated,
preprocessed, labeled, and augmented due to lacking open
source and domain-specific dataset. The generated dataset is
based on real control cabinet components. The dataset gener-
ating process steps are described in the following sections and
the data used is made openly available (Scheffler & Bründl,
2023).

Data aggregation

Since most manufacturers of electrical components make
their models freely available online, web scraping offers the
best solution for aggregating the data. Therefore, use was
made of the web browser automation library Selenium (Sele-
niumHQ) to scrape the CAD data. Proprietary file formats
from ECAD software companies, which are often used in the
modeling of control cabinets, are not suitable due to the lack
of possibility to read the files without a license. The models
aggregated for this work are therefore exclusively STEP files
and include 46,068 STEP models from 75 different manu-
facturers. Since most STEP files cannot be matched to the
metadata contained on the website after downloading due
to a lack of information, the data aggregation was designed
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sequentially so that one model was always aggregated fol-
lowed by the associated metadata. Models were named after
a unique manufacturer product number and stored in folders
for each manufacturer separately. This prevented overwrit-
ing models during the data aggregation in case of identical
product numbers of different manufacturers. The accumu-
latedmetadatawas stored in a dictionarywithmapping tables
indexed by product number in a parent dictionary, allow-
ing information retrieval of a component in constant time.
Aggregatedmetadata include the following information: part
number, manufacturer, part type, technology, category, sub-
category, series, width, height, length, current, description,
and the official documentation URL. Since many compo-
nents differ only in their electrical characteristics but have
identical geometry, all files were hashed using a Secure Hash
Algorithm 256 to identify geometric duplicates. Filtering of
the entire dataset took place based on the category, subcate-
gory, and technology.

Data preprocessing

During data pre-processing, a STEP file is converted to a
triangle mesh, as these are much easier to represent in ten-
sors (Zhou et al., 2018). Successful approaches of semantic
segmentation of triangle meshes as described in Schneider
et al. (2020), Hanocka et al. (2018) or Sharp et al. (2020)
are currently based on OBJ or OFF files, which is why the
STEP files are converted into these formats. Since the num-
ber of vertices per mesh varies greatly after the conversion
all files are scaled uniformly to 6000 vertices and possible
errors are corrected so that final 2-manifolds are available.
Scaling and error correction were performed using the Man-
ifoldPlus algorithm proposed by (J. Huang et al., 2020) and
based on (J. Huang et al., 2018), in which the meshes are
represented as octrees and the surface is constructed by iso-
surface extraction (Visual Computing for Medicine, 2014).
In addition, the STEP models are rendered from six views,
specifically the top, bottom, front, back, left, and right to cre-
ate grayscale images of 512× 512 pixels, as shown in Fig. 2.
The images are also labeled in the same four classes using
LabelStudio, omitting the housing as the background class.
The finished labels were then exported in COCO-JSON for-
mat (Tkachenko et al., 2020–2022).

Data preparation

To train a neural network for the semantic segmentation of
triangle meshes, three different labeling possibilities can be
considered. These are labeling of the edges (Hanocka et al.,
2018), the vertices or the faces (Sharp et al., 2020). For
this paper, the nodes of the meshes were labeled and con-
verted to edge labels for alternative network architectures.
The labeling was implemented using Blender v3.3.0, while

the extraction of the labeled data from Blender was auto-
mated using a script. For this purpose, the library bpy was
used to export the labels as vertex groups fromBlender and to
convert them into a tensor representation.This is scalable for
large datasets, contrary to previous approaches as described
in (Schneider et al., 2020). The triangle meshes were divided
into 5 classes, some of which are shown in Fig. 1 and all of
them in 3:

• Housing (dark blue)
• Contacting (green)
• Snap-on point (red)
• Cable entry (yellow)
• Labeling area (orange)

After preprocessing, eliminating duplicates, and filtering for
relevant files, a total of 234 files were labeled. The labels
were stored as row tensors in text files.

Data augmentation

To increase the size of the dataset and to achieve the goal
of neural networks with high generalization capability, the
data was augmented (S.-G. Huang et al., 2021). Random
rotations, noise, and deformations were added. Noise was
implemented by multiplying the vertices by a value close to
1. The multipliers were sampled from a log-normal distribu-
tion with a mean μ of 0 and a standard deviation σ of 0.005.
Generating a tensor of identical size to the vertex tensor and
then element-wise multiplying both tensors result in a trian-
gle mesh with noise based on this log-normal distribution.
After adding the noise, it is smoothed element-wise using
a Laplace filter (Visual Computing for Medicine, 2014) (1)
as implemented in the Open3D library (Qian-Yi Zhou et al.,
2018).

vi ′ � vi · λ
∑

n∈N
wnvn − vi (1)

Another possibility for the augmentation of the triangle
meshes is the deliberate deformation based on the As-Rigid-
As-Possible algorithm (Sorkine&Alexa, 2007). In thiswork,
between one and ten vertices were randomly selected in the
four geometric feature groups of contacting, snap-on point,
cable entry, and labeling area. From the selected vertices, the
Frobenius- or squared L2-Norm to all vertices of the mesh
and the 50% percentile of the norm are calculated according
to (Iserles, 1990). All vectors whose distance is above the
50% percentile are assigned to the static vertices and are not
deformed. Thus, deformations only affect the local structure
of themesh near the randomly selected vertices. Deformation
of the dynamic vertices is performed for all selected vectors
until the desired number of deformations is reached. Figure 3
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Fig. 2 Labeled grayscale images from top (a), front (b), and left (c) with green marking for contactings, red denoting snap-on points, and yellow
corresponding to cable entries

Fig. 3 Comparison between normal series clamp (a), with log-normal noise (b), and smoothed via Laplace filter as well as deformed by As-Rigid-
As-Possible algorithm (c)

depicts portions of the data augmentation, where (a) repre-
sents the normal terminal block, in (b) noise has been added,
and in (c) the spikes created by the noise were smoothed via
a Laplace filter and multiple As-Rigid-As-Possible defor-
mations were carried out. In each case, the deformations
are only considered as valid if the topological invariants of
the 2-manifold did not change. Deformations resulting in
self-intersecting surfaces are therefore avoided. Overall, the
training and validation dataset was doubled in size by the
augmentation. The test data set remains unchanged.

End-to-end inference of component features

Different network architectureswere implemented and inves-
tigated, which partly complement each other or represent
alternatives to each other. Two geometric neural networks
and a current version of the established YOLO series were

implemented in PyTorch (Paszke et al., 2019). The Diffu-
sionNet was additionally evaluated as an alternative to the
MeshCNN, since the latter has a tendency to overfit on the
triangle mesh structure instead of learning the relevant fea-
tures (Sharp et al., 2020). Since the number of labels is highly
variable and uneven, a classical 2-dimensional approach was
additionaly considered to counteract this imbalance. More-
over, it turns out that for a class like snap-on points, the
2-dimensional determination of the position of visible fea-
tures and thus, the bounding box is not only sufficient but also
computationally less expensive. The predictions are subdi-
vided into individual instances, which are used to calculate
variousmetrics relevant to the assembly andwiring of control
cabinets.

Inference pipeline

The entire inference pipeline is built from the described steps
in “Dataset” section, the modeled neural networks and the
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Fig. 4 End-to-end inference of the presented procedure

calculation of the final metrics of “End-to-end inference of
component features” section. Figure 4 illustrates the dataflow
as well as the interrelationships of the individual steps. First,
the STEP file is converted to an STL file using the Python
OpenCascade Core CAD interface (tpaviot, 2023). Simulta-
neously, six gray-level images of the STEP file are generated.
While the images are inferred directly via theYOLOv6CNN,
the STL file is first converted into an OBJ file to correct pos-
sible errors during conversion using ManifoldPlus and then
scaled to 6,000 vertices. This file can be used as input for
the MeshCNN and is converted into an OFF file to alter-
natively be inferred via the DiffusionNet. For performance
reasons, the conversions to OFF files were implemented via
the Python C API itself. Since the results of the YOLO net-
work are only two-dimensional, they are projected onto the
triangle meshes and the bounding box is extended by the
missing dimension. The added side of the bounding box has
the entire width of the component in that dimension. Sub-
sequently, the vertices within the bounding box are cropped
out, resulting in an identical situation to the output of the two
geometric meshes. Based on these segmentation masks, the
centroids, size and normal vectors are calculated.

MeshCNN

The MeshCNN implemented in this work is based on the
mesh convolution, mesh pooling, and mesh unpooling oper-
ation proposed by Hanocka et al., 2018. Convolution is
performed on each of the four adjacent edges as a dot-product
of a kernel k and the adjacent edges. Accordingly, the con-
volution of an edge feature e and the neighboring edges is

e · k0 +
4∑

j�1

k j · e j (2)

where e j is the feature of the jth convolution neighbor of
e (Hanocka et al., 2018). Due to the irregular structure of
graphs and meshes as opposed to images, the pooling opera-
tion is performed as a series of edge collapses. Five edges are
combined to form two edges. The edge collapse is performed
until a target number of edges is reached, which results in
temporary simplified representations of the graph. The pri-
oritization of the edges to be collapsed is done by the norm
i.e., the length of the edges under the assumption that shorter
edges encode less information. While convolution and pool-
ing are used in theU-Net’s encoder, they are partially reversed
using cached information from the original mesh through a
mesh unpooling operation. (Hanocka et al., 2018).
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DiffusionNet

The diffusion net was used with a weighted Negative
Logarithmic Likelihood Loss. The weights counteract the
distribution of the labels of the training data. The diffusion
was calculated using spectral acceleration instead of a direct
implicit Euler time step. The eigenbasis was precomputed
and cached allowing the diffusion to be evaluated directly
at each time t by element-wise exponentiation. As Sharp
et al. (2020) suggests, the approximation error has a negligi-
ble effect on the result. The Laplacian Land the mass matrix
M are the eigenvectors φi ∈ RV solutions for (Sharp et al.,
2020):

Lφi � λi Mφi (3)

These correspond to the first k smallest-magnitude eigen-
values λ1, . . . , λk . The diffusion of u at timestamp t is then
evaluated by projecting onto the spectral basis, evaluating
pointwise diffusion, and projecting back

ht (u) :� �

⎡

⎢⎣
e−λ0t

e−λ1t

· · ·

⎤

⎥⎦ � (�T Mu) (4)

where � marks the Hadamard product. Since no non-rigid
invariance is required, only the 3D coordinates are used as
input features instead of the heat kernel signature (Sharp
et al., 2020).

YOLOmodel

A YOLO network was implemented to identify the num-
ber of instances per feature. The YOLO series is the most
established detection system in industrial applications due to
the balance between speed and accuracy. While the YOLO
framework describes a novel approach for single-level detec-
tors in the first three versions, the framework was broken
down into separate components in version four to integrate
different network backbones (Redmon et al., 2015). The
most successful version of the YOLO series at the time of
this work is YOLOv6, which was implemented as part of
this work according to C. Li et al., 2022. A single-stage
object detector consists of three parts, backbone, neck, and
head. The backbone mainly determines the feature repre-
sentation capability. Having a high proportion of the total
computational load, the backbone has a significant impact
on the inference time (Bochkovskiy et al., 2020). The sec-
ond part is used to combine low-level physical features with
higher-level semantic features. The third part includes sev-
eral convolutional layers and is used to predict the results
based on features of the previously traversed levels. YOLOv6
is built on the Reparametrization Visual Geometry Group

(RepVGG) architecture (Ding et al., 2021) which itself is
based on aPathAggregationNetwork (Liu et al., 2018). Since
object detection involves both classification and localization,
two loss functions are needed. The efficiently decoupled head
at the end of the network from YOLOv5 separates the net-
work into classification and regression loss functions. (Liu
et al., 2018) The VariFocal loss function is used for classi-
fication and a variant of the Intersection over Union (IoU)
loss function is used for regression (C. Li et al., 2022). The
choice of this network architecture is based in particular on
the underlying RepVGG architecture, which is kept simple,
fast and memory efficient (Ding et al., 2021).

Instantiation based on graph connectivity

Since the output of the neural networks only corresponds
to semantic segmentation but not to instance segmentation,
a subsequent subdivision of the predictions into individual
instances is necessary. By filtering the predictions by each
category, each resulting subgraph forms an instance. To fil-
ter individual incorrectly segmented clusters, a minimum
number per class is set as a threshold to be recognized as
correctly classified. Otherwise, these vertices are assigned to
the background class. Since additional problems can arise in
the separation of features that are very close to each other,
the outermost layers of the graphs of the individual features
were removed. The elimination of the labels is based on the
neighboring labels. All vertices which are not exclusively
surrounded by identical labels were assigned to the housing.

Featuremetrics

The information content of the pure predictions of the neural
networks is very high, but without post-processing, it is of
little importance for the assembly and wiring of the control
cabinet components. Thus, the calculation of fitting metrics
is required andwas implemented via Open3D (Qian-Yi Zhou
et al., 2018) and the scientific array library NumPy (Harris
et al., 2020). The metrics include the position consisting of
x, y and z coordinates, the normal vectors, and the size of
the feature instance as shown in Fig. 5. The position is repre-
sented in triplicate using different centroids. First, the cluster
centroid was calculated, which represents the center of the
vertices of the segmented triangle mesh of a feature. The
position is calculated in triples as the cluster centroid, volume
centroid, and surface centroid of the vertices. Unlike the triv-
ial cluster centroid, the volume centroid cannot be calculated
directly since surface triangle meshes do not have a volume.
However, for highly curved surfacemeshes, thismetric is still
feasible. Thus, the convex hull is computed before its volume
centroid. The surface centroid is most interesting since it lies
directly in the vector space of the 2-manifold. Lastly, the cen-
troid of area is of particular interest for contacting and cable
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Fig. 5 Cluster (yellow), volume (red), surface (green) centroid, as well as normal vector (dark blue) of a cable entry segmented by the DiffusionNet

entry applications as it can be used to determine the depth of
the cavity.

The centroid of the surface is determined by iteratively
eliminating the outermost edge vertices. This is repeated until
either only edge vertices are left or the triangle mesh con-
sists of only one point, which represents the centroid of the
area. On closer inspection, it becomes obvious that this is not
the centroid of the manifold but from the underlying mesh
structure. Therefore, before applying this method, the trian-
gle mesh is uniformly subdivided via smooth subdivision,
which minimizes this effect (Loop, 1987). Nevertheless, it is
evident from Fig. 5a–c that this point may still deviate from
the actual surface centroid even after smooth subdivision.

In addition to the surface centroid, the center of all edge
vertices is calculated last as shown in Fig. 6, which is close to
the center of the cavity (dark blue) of a cable entry or contact.
Optimally, this is opposite the center of gravity of the sur-
face and in the center of the geometry’s opening. For a more
exact calculation, however, this newvector is subtracted from
the surface centroid as in Fig. 5b. The result then provides
information about the orientation of the geometry.

From the difference of the vector vo to the center of the
edge vertices and the vector of the surface centroid vs , the
normal vector of the feature can be determined. Due to the
approximate determination of the centroid of the surface, this
normal vector may also be inaccurate. To align the normal
vector in the correct direction perpendicular to the mean sur-
face, the vector is alignedparallel to two sides of the bounding
box of the feature. This automatically results in an orthog-
onal vector −→n at the center of the feature. The correction
and alignment of the normal vector takes place in the two
directions whose angles to the vector are minimal. After the
alignment adjustment, the vector is placed in the center of the
bounding box, ultimately pointing from the bottom to the top

Fig. 6 Approximation of the vector of a geometric feature using the
example of a cable entry point

orange point. Finally, the size of each feature is determined
by calculating the sum of the surfaces of all triangles.

Results

All results were achieved under identical conditions. The
graphics card used was an NVIDIA GeForce RTX 2080
Ti with 11 GB GPU memory and the hardware accelera-
tor was CUDA Toolkit 11.4 with driver version 470.57.02.
The PC had 32 GB RAM and an Intel Core i7-6700 K with
4 physical CPU cores. The entire inference runs on Ubuntu
20.04.03 LTS, since libraries, which currently have Linux-
only support, were tested during development. However, the
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Table 1 Weighting of the individual segmentation classes according to
their distribution in the training dataset

Class Weight Percentage of labels

Housing 46.4605 70.7

Contacting 221.5453 14.32

Snap-on point 1156.4556 2.83

Cable entry 546.8523 5.74

Labeling area 514.3766 6.41

presented pipeline can also be used on other operating sys-
tems. To avoid errors in the calculation of the neural network
metrics, they were calculated using the torchmetrics library
(Nicki Skafte Detlefsen et al., 2022). In contrast to Hanocka
et al., 2018 and Sharp et al., 2020 the predictions were not
evaluated based on accuracy but on the Jaccard index like
proposed in Schneider et al., 2020 and Dice score. These are
more informative, especially for highly imbalanced datasets
in segmentation tasks (Schneider et al., 2020). The dataset
was split for all models in the same 70/20/10 train/val/test-
split. Random data splitting was used to avoid introducing
human bias.

Hyperparameter optimization

The hyperparameters of DiffusionNet were optimized with
Ray Tune using an Asynchronous Successive Halving Algo-
rithm (ASHA) (Liaw et al., 2018). Using this scheduling
algorithm under high parallelism, which performs aggres-
sive early stopping, a sufficiently large parameter space could
be excluded to determine the final parameters manually via
random search (Feurer & Hutter, 2019; L. Li et al., 2018).
A weighted loss function is recommended based on the very
high imbalanceof the individual classes of the labels. The loss
function of MeshCNN and the DiffusionNet were weighted
according to Table 1. These approximate the inverse fraction
of the percentage of classes of all labels.

The batch size of the two geometric networks were set
to only one sample owing to the limitation of the graphics
memory of 11 GB. The hyperparameters for training the dif-
fusion net amount to the values in Table 2, with the studied
intervals on the left and the optimized values on the right.

Since MeshCNN requires almost 20 times longer training
time compared to the DiffusionNet, the hyperparameters for
the former were only optimized manually based on already
existing results fromprevious studies (Schneider et al., 2020).
The non-default options being used during training result in
Table 3. A lambda learning rate policy means an individu-
ally implemented policy for learning rate decay. In this case
the learning rate started decaying beginning with epoch 400

Table 2 Observed parameter space during hyperparameter optimization
via Ray Tune using the ASHA scheduler as well as the optimized results
per parameter

Hyperparameter Sampling type Sampled
range

Optimized
value

Input feature Categorical xyz, hks xyz

Learning rate Logarithmical [1e−5, 1e−1] 1e−3

Decay frequency Categorical 25, 50, 100,
250, 500

100

Decay rate Categorical (0, 1) 0.75

Loss function Categorical NLL, CE NLL

# diffusion
blocks

Categorical 1, 2, 3, 4, 5 3

block dimension Categorical 32, 64, 128,
256, 512,
1024

64

# eigenvectors Categorical 32, 64, 128,
256, 512,
1024

64

Dropout Uniform (0, 1) 0.3

Output Categorical Vertices,
faces

Vertices

Batch size Categorical 1, 2 1

“#” the number of the affected parameter

Table 3 Hyperparameters for the MeshCNN deviating from (Hanocka
et al., 2018) al following (Schneider et al., 2020)

Hyperparameter Used value

Convolution filters [32, 64, 128, 256]

Pooling resolutions [9000, 4000, 2500]

Inputs edges 18,000

Residual blocks 3

Momentum term 0.9

Learning rate 0.002

Learning rate policy Lambda

Mesh augmentations 1

slowly approaching zero. For the implemented YOLOv6-
CNN, the hyperparameters recommended and validated from
C. Li et al. (2022) were used.

DiffusionNet

Dice score and Jaccard index are more suitable in contrast
to accuracy, which is rather uninformative in segmentation
tasks. The DiffusionNet was trained over 800 epochs and
achieved the best Jaccard index on the validation dataset in
epoch 736. The associated model was used for the final met-
rics on the test dataset. The individualDice scores and Jaccard
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Table 4 Dice scores and Jaccard indices for the five segmentation
classes housing, contacting, snap-on point, cable entry and labeling
area predicted by DiffusionNet

Class Dice-score Jaccard-index

Housing 0.8576 0.7438

Contacting 0.6939 0.5925

Snap-on point 0.5261 0.3684

Cable entry 0.6686 0.4716

Labeling area 0.6055 0.3943

Table 5 Dice scores and Jaccard indices for the five segmentation
classes housing, contacting, snap-on point, cable entry and labeling
area predicted by MeshCNN

Class Dice-score Jaccard-index

Housing 0.8598 0.7597

Contacting 0.7561 0.6436

Snap-on point 0.4289 0.3062

Cable entry 0.4652 0.3739

Labeling area 0.4247 0.3461

indices for the classes correspond to the values in Table 4,
resulting in an averageDice score of 0.6527 aswell as an aver-
age Jaccard index of 0.5141 and a weighted Jaccard index of
0.7052.

The housing is by far the best segmented which can be
explained by the frequency of the labels. This is partially
compensated by the weighted NLL loss but cannot com-
pletely compensate this effect because of the ignorance of
the distribution of the validation and test dataset. The con-
tacts are segmented second best followed by the cable entries,
labeling areas, and lastly the snap-on points. This order accu-
rately reflects the distributions of the dataset with respect its
data imbalance.

MeshCNN

The MeshCNN was trained to only 400 epochs as the com-
putation takes ten times as long. The reason for this is the
sequential execution of the mesh pooling and unpooling
operation. Despite many measures such as L2 regulariza-
tion, dropout, and smaller model sizes to reduce the trainable
parameters, MeshCNN did not generalize well. This is
reflected in diverging Jaccard indices and Dice scores, as
more dominant labels such as housing are segmented signif-
icantly better than underrepresented labels such as snap-on
points. The overall average Jaccard index is 0.4859 with a
weighted Jaccard index of 0.7028. The individual metrics
per class are listed in Table 5.

Fig. 7 Predictions byYOLOv6on two control cabinet components from
two different views each for the detection of contactings (green), snap-
on points (red), cable entries (yellow), and labeling areas (orange)

YOLOv6

The YOLOv6-CNNwas trained for a total of 400 epochs and
evaluated using the mean average precision. For the evalu-
ation against the test dataset, the cached model from epoch
365 was used and achieves a minimum loss of 1.3697, which
is composed of the four individual validation losses IoU loss
(0.5731), L1 loss (0.1824), object loss (0.2802) and cross
entropy loss (0.3392). The mAP@0.5 on the test dataset is
0.9311 while the mAP@[0.5:0.95] is 0.7279. The example
inferences of the YOLOv6-CNN from Fig. 7 illustrate some
results of the network.

Comparison

Figure 8 compares the predictions of two components of
ground truth labels and the predictions inferred byMeshCNN
and DiffusionNet. While both networks segment the compo-
nent well, the DiffusionNet predicts with higher confidence.
This is reflected in the many small false predictions of the
MeshCNN, which are not present in the predictions of Diffu-
sionNet. Latter tends to segment more rather than too little as
evident in the segmentation of the snap-on points and label-
ing areas. Although this decreases the error metrics, it has a
negligible effect on the final centroids and normal vectors.
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Fig. 8 Comparison of ground truth labels (a), the edge predictions of MeshCNN (b), and vertex predictions by diffusionNet converted to edges (c)

However, overconfidence can lead to erroneously connected
clusters. Thus it can have a negative impact on nearby clusters
of the same class.

Discussion and conclusion

The implemented YOLO network achieves very good results
in all labeled classes. However, not all classes can always be
detected from the six positions considered. This uncertainty
about non-visible features from any of the six views therefore
inevitably requires the additional use of another approach.
Thus a hybrid inference is reasonable and YOLOv6 is there-
fore only used to infer the snap-on points in the final pipeline.
Contact points that need to be contacted from an angle and

are partially hidden from the top or the side are an exem-
plary problem. Thus, failure to detect the contacting becomes
much more likely. There is also the possibility that the
same contacts are detected in different views and subsequent
assignment is required or a connection is concealed from all
six perspectives. The inference pipeline therefore ultimately
uses the YOLO network to detect the snap-on points, since
the visibility from at least two views is always guaranteed.
Otherwise, clamping the component on a rail would not be
possible. The use of both methods for different classes is
therefore complementary, especially in the context that the
DiffusionNet segments snap-on points worst due to the small
number of vertices. The problem of poor results due to fewer
labels can thus be effectively counteracted.
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Fig. 9 Detection of the snap-on points by two-dimensional YOLOv6 predictions mapped to the triangle meshes

Figure 9 shows that the detection of the snap-on points by
the YOLO network helps with another problem. In (a) it can
be seen where the two rails run and where the component is
mounted. In (b) the snap-on points of the right rail in (a) are
divided into two parts. By segmenting via the DiffusionNet,
the assignment of all segmented vertices of the class snap-on
point to the correct rail in each case is very difficult in such
cases, which is why the approach using the YOLO-CNN is
helpful here.

The modeledMeshCNN can successfully segment the tri-
angular meshes of the components. However it requiresmore
than 20 times the duration during training compared toDiffu-
sionNet. Thus, the hyperparameters can be optimized much
worse since the many individual training runs are also more
time-consuming. The output is a tensor with 18,000 entries
representing the edge features. The posterior calculation of
the metrics, which rely in part on the vertices to compute
cluster, volume, and surface centroids, requires a mapping of
edge to vertex features. Additionally, despite similar segmen-
tation values, there is a much higher variance within the five
classes. The weighted loss function did not have a sufficient
effect to compensate for the widely varying frequencies of
the labels. In addition, there is a stronger tendency to over-
fitting. This also confirms the claim made by Sharp et al.,
2020 of a high tendency to overfit the MeshCNN to the mesh
structure without learning the important geometric features
of the manifold. This poses a crucial role, especially when
using different mesh algorithms and mesh subdivisions. In
contrast, the DiffusionNet could be trained in much shorter
time and lower variance within the segmentation classes. A
complete elimination of the dominance of the housing labels
could not be counteracted here either.

However, the effect is smaller and all metrics per class are
closer together. Unlike MeshCNN, DiffusionNet infers ver-
tices directly. Thus, a subsequent conversion of predictions

is needed. Training and inference over faces are also possi-
ble. Likewise, with DiffusionNet, adaptation is possible to
process point clouds (Sharp et al., 2020). Even though both
options were not used in the context of this work, Diffusion-
Net offers amore flexiblemodel architecture. A disadvantage
of the DiffusionNet is the calculation of the Laplace, mass,
gradient matrix, as well as several eigenvectors. In the train-
ing run, this is negligible because the matrices are only
calculated once and then cached. However, during inference
on real data, these matrices must be recalculated for each
component. This results in an approximate inference time of
the modeled DiffusionNet of about one second per compo-
nent. TheMeshCNNdoes not exhibit this problem but is very
memory inefficient and leads to larger fluctuations in GPU
utilization caused by very large adjacency matrices. As both
networks have a high inference time, there is a potential for
optimization in further research. Since both models segment
the snap-on points of the components worst, it is obvious
to include another inference alternative. The YOLO-CNN is
therefore used exclusively for the snap-on points, since only
with this class the visibility of the features of two of the six
views is guaranteed. Complementarily, for all snap-on points
the feature is always present across the entire width of the
component, which is why it is not only easy to detect from
a two-dimensional perspective, but the predicted bounding
box can also be directly transferred into three dimensions,
knowing the perspective.

The conclusive evidence presented in this study under-
scores the robustness and efficacy of an integrated approach
combining geometric and conventional CNN for semantic
part segmentation of spatial features. This method proves to
be themethod of choice, especially in light of the strengths of
DiffusionNet, solidifying it as the recommended model. Yet,
as illustrated in Fig. 8, partitioning the segmentation into
individual instances remains a formidable challenge. Even
though direct instance segmentation is well-established in
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image processing, its extension to triangle meshes is cur-
rently under exploration. Therefore, future research should
consider an end-to-end approach in line with architectures
such as Fast R-CNN (Girshick, 2015), Faster R-CNN (Ren
et al., 2015), or Mask R-CNN (He et al., 2017) for direct
instance inference.

This study underscores the robustness and broad appli-
cability of a novel approach that adeptly generates relevant
position data for automated wiring and assembly. By freeing
the process from reliance on proprietary component formats
and ECAD manufacturers, it offers the potential to revolu-
tionize practices in industries often grappling with poor data
quality and a prevalent lot size of one, such as control cabinet
manufacturing. The approach proves particularly beneficial
by significantly reducing manual data maintenance effort.
With only a fraction of electrical and electronic components
being fully maintained according to current data standards
and the quality and completeness of the data often being
inconsistent, this reduction represents a substantialmilestone
and a catalyst for industry-wide digitization and automation
solutions.

Despite its evident benefits, the subdivision of segmenta-
tion into individual instances, especially for adjacent wiring
points, presents a need for further research. It is thus crucial
that future studies focus on enhancing the efficacy of this
process and evaluating the absolute accuracy of the result-
ing positions. Such endeavors will confirm the approach’s
suitability for worker assistance systems or automation solu-
tions, consequently opening avenues for more streamlined
practices.

The approach’s adaptability to other processes is sig-
nificant, making it particularly relevant for other assembly
procedures that depend on force-fit andmaterial-locking con-
nection technologies. These findings, alongwith the potential
for further optimization and the clarity of future research
directions, solidify the broad academic and industrial rele-
vance of this study.
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