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Abstract. Digital Twin has been recognized as a strategic approach in the modern
manufacturing industry to improve both the flexibility and the efficiency. To
efficiently generate the Digital Twin of an existing real object in the factory,
powerful methods are necessary. Hereby, a fast data acquisition including object
recognition and model reconstruction methodology has been combined to resolve
these issues. Such a data set often has to replace the missing original digital model.
Subsequently, a model reconstruction plan has to be derived so that an editable CAD
model, which fulfils process requirements, can be generated using standard
geometry creation tools. Such a reverse-engineered CAD model preferably contains
form-feature based design intent and can be easily modified due to new design and
manufacturing constraints. The presented paper describes an industrial approach for
a commercial service being in the implementation to generate the Digital Twin based
on fast scanning on a factory.
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Introduction

The digital factory has already been recognized as a strategic advantage by the industry
more than ten years ago. The results of a study conducted by the Fraunhofer IPA show
the successful application of tools and methods of the digital factory by over twenty
percent of the more than a hundred interviewed German midsized companies and major
industries since the year 2005. Barely ninety percent of the interviewed companies stated
that they planned to deal with the issue digital factory during the next years. An essential
component of the digital factory are digital models of products, processes and resources,
which aim the standardization of processes, the increasing of flexibility and shortening
of the lead time [1]. Especially for digital models in production, there are already existing
many fields today (e. g. planning of factories, optimization of layout of the shop floor,
approval processes in reconstruction and fire protection or optimization of production
processes). According to Wenzel et al., especially simulation is a core element of the
digital factory and it is increasingly gaining importance in digitization [2]. Scientifically,
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simulation in the fields of production and logistics has been researched and established
for a long time [2][3][4]. According to Nyhuis et al. [5], their application supports
factories with the optimization of logistic target figures, e. g., concerning adherence to
schedules, lead time, performance, stock and costs. Thus, the benefit in the field of
material flow planning is assessed as being high or very high [6]. Assuming the gap
between the real and the virtual factory, concrete solutions are needed for the continuous
synchronization of the planning data and simulation models from the product
development, the production planning and the production by using measured values from
the real factory [7]. High quality CAD data of all geometrical objects in all stages of
planning process are the pre-requisite for seamless downstream processes [8].

With fast scans of the production and subsequent object recognition, the production
layout (e. g. size and location of the objects) and the production logic (e. g. machine
types, transport routes) can be recorded as automated as possible and visualized true to
scale in digital models [9][10][11]. The identification of CAD models from a reference
library and the transfer of geometry and other object data (e. g. machine types) as
modular objects directly from the library significantly reduce the scan times for a first
rough "prescan" of the production [12][13]. At the same time, database reconciliation
enables the use of simpler and cheaper scanning methods [14][15]. The definition of
suitable interfaces enables the transfer of information into a program for simulation of
production systems and a precisely fitting Digital Twin of the manufacturing can be
generated - almost without manual interventions [16][17].

The remainder of this paper is structured as follows: in Section 1 the background is
given, followed by the description of the general concept in Section 2. In Section 3 the
use case is demonstrated with the related discussion in Section 4. Finally, Section 5
summarizes the conclusions and outlook.

1. Background

Digital Twin has few pre-requisites. The latest studies prove that using simulation

models in manufacturing [18] (hereafter also named ,,Digital Twin in manufacturing”) is

not yet standard in small and medium-sized companies (SME). Causal for this are mainly

the following obstacles [18][19][20]:

1. Ambiguous purchasing costs (e. g., owing to manual or inefficient creation of the
Digital Twin).

2. Missing knowlegde in the IT-field (e. g., owing to inefficient or too expensive
services).

3. Non predictable operating costs (e. g., owing to manual or inefficient adaptation of
the Digital Twin).

4. Missing information concerning available simulation tools and application areas as
well as the achievable advantage.

Next to the Digital Twin addressed in this article, in literature as well exists the term
of the Digital Shadow. The Digital Twin is characterized by the most accurate physical
display of the creation in a model. In contrast, according to Schuh et al. [21], the Digital
Shadow just presents ,,a sufficiently exact image of the relevant data in production,
development and associated areas”. Thus, the Digital Shadow merely requires process
relevant data. To correct the obstacles mentioned above, approaches for automated
generation of digital manufacturing twins in the form of simulation models have been
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discussed in literature for more than twenty years. Thereby, numerous references based
on the combination of existing technology components can be found. However, other
references pursue data driven model generation [22]. Significant research papers that can
be found in literature are recapped in the following Table 1:

Table 1. Review of previous research.

Source Summary of Key Developments

[23] - Creation of simulation layouts based on CAD Data

- Direct user requests or integration of special data pools to involve information that
are not derivable from the layout

[24] - Integration of CAD- and system load data (e. g. from product planning and control
systems, shop floor control systems or machine data)

- Transfer into STEP-based data format and creation of a simulation model

[25] - Model generation based on a proprietary information model
- Nouse of IT data pools

- Maintenance of the information model’s data base via assistance programs using
input validation

[26] - Filling of a simulation data base via filtering and collection, export and manual
addition of manufacturing data

- Model creation by means of defined strategies for an automated interpretation of
manufacturing data

- Development of a prototype is not suitable for productive application

[27] - Supplementation of existing approaches for the automated model generation with
generic variants and logistics components adapted to variant production

- Use of the XML format as neutral data exchange format
- No integration of layout information

- Arrangement of the elements based on a heuristic for non-overlapping structure
within simulation components

[19] - Development of a methodology for partially automated generation of simulation
models

- Collection of the necessary data from different operational information systems
via the design of a data framework to illustrate basic simulation entities in XML
and development of interface modules for selected data sources

[22] - Production of a comprehensive framework for the automation of simulation

- Integration of different data sources via the Core Manufacturing Simulation Data
(CSMD) Information Model

The process of digitizing a part and creating a CAD model from a scanned point
cloud data is feasible if it consumes less time and provides higher accuracy than the
manual process by measuring the singular objects in the factory and designing those
objects from scratch in CAD. The provision of an adaequate data quality is an important
constraint [8]. The typical procedure from process industry is depicted in Figure 1.

In the first step (left), the data acquisition of a object is conducted at customer site,
which could be everywhere, by fixed or portable scanner and data are sent to a data
management center which provides the data clean-up, the translation of point cloud to
CAD objects (surface, solid and feature) and object upgrade by feature recognition.
Finally, the design and project departments need such data set to make new design or
design change in a retrofit of the existing object.
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Figure 1. Process chain reverse engineering in the process industry.

2. Use cases

Prior to each process and method development, an detailed analysis of the relevant use
cases is necessary. Here, various planning activies in a built environment lie in the
foreground (Table 2). Each factory and each building have their own history and life
cycle. Most commonly, the status as-built is poorly documented and must be thorougly
captured in case of change, reorganization and retrofit [10].

Six basic use cases have been identified at all (Table 2). All cases include a capture
of the entire factory hall. Due to the high complexity of the subsequent steps, an exact
3D model enriched with the object specific information is a pre-requisite for planning
activities in all cases. Process automation is desired both for saving of costs and speed-
up of the process.

Table 2. Considered use cases.

Use case Short Description

Factory planning Reorganization of structures based on new concepts (e. g. push vs. pull),
layout planning or material flow analyzes.

Investment planning Integration of robotics, purchase of new machines, integration of new
technologies (e. g. 3D print).

Bottleneck analysis Identification of workplaces, machines or stations with critical load.

Capacity planning Comparison of capacity requirements with actually available capacity to
optimize capacity planning.

Inventory management Planning and optimizing the stocking of products and materials.

In-house material transport ~ Planning and optimization of the material supply.

Provision of adequate 3D models and additional specific information of the factory
equipment by their manufacturer is a standard at this time. Usually, models are delivered
in neutral and native formats. For the intended purpose, cooperation with the
manufacturers of the machine tools has been established to get appropriate and accurate
3D models. For older objects which does not have 3D documentation, an alternative
approach need to be developed to derive a feature-based model, e. g. by recognition of
singular features.
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3. Solution concept

To solve the presented obstacles and unlike the works displayed in literature, this paper
introduces a method allowing a preferably automated generation of a simulation model.
The development of the method occurs in the project ,,DigiTwin®. Thereby, the practical
relevance of the project becomes apparent through the consortium with the companies
isb - innovative software business GmbH, PROSTEP AG and Bornemann
Gewindetechnik GmbH & Co. KG, accompanied by Institute for Production Technology
and Machine Tools (IFW) of the Leibniz University of Hannover. The method rests upon
the use of expeditious scans of the production and downstream object detection. Thus,
the production layout (e. g., size and location of the objects) and the production logistics
such as machine type and itinerary, at best are automatically recorded and displayed in
models true to scale. Figure 2 shows this context. Thus, three different input parameter
groups for the creation of the Digital Twin are introduced.

> [ Digital Twin
A: via production scan
Reference database
Scan
ﬁ B: via object recognition
i & & Survey
-.
Expert L;.\ -
knowledge C: company-specific Sto/88746 © IFW

Figure 2. Mapping of relevant information for the Digital Twin.

Parameters of group A (pictured blue in Figure 2) can be determined directly from
the scan (e. g., machine geometries). The parameters of group B require additional object
detection (e. g., machine types, marked red in Figure 2). To register these parameters,
next to the construction scan, a reference data base is required. A comparison of the
scanned object with the CAD models of the reference data base accordingly delivers the
required input parameters for the Digital Twin. Thus, the parameters of the groups A and
B can be recorded automatically. Finally, the parameters of group C (green in Figure 2)
are localized company-specific, as they are individual expressions of the company that
cannot be recorded generically or automated (e. g., machine ID). To record these
parameter groups, according forms are created, so that typical parameters can be
surveyed and, at least, this process can be executed with low effort.

The general procedure for an automatic preparation of a Digital Twin as the solution
process from a built environment in the factory to the Digital Twin is roughly depicted
in the Figure 3. It consists of three fundamental steps: scan, modeling and simulation
modeling. Modeling need to be heavily supported by object recognition to save time
which would be spent in the step of manual remastering. The object parameter (e. g.
machine characteristics) are stored in the CAD library and an external database.
Scalability is an important requirement for this approach because theoretically each of
the infinite built objects need to be recognized. The expert knowledge of the built
environment need to be acquired by forms or expert interviews and also inserted in the
simulation process.
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Figure 3. Solution process for the build-up of the Digital Twin.

At this time, the most time-consuming step in this process is the 3D modeling of the
factory layout, which need to be substantially simplified and optimized. It is partially
determined by the scan procedure which should provide a dense point cloud of high
accuracy. The aims of a scan is to generate point cloud models or generate point clouds
with high quality for subsequent steps [28].

To fullfil the application requirements by point cloud, these steps are needed:

- point cloud preprocessing,

- mesh reconstruction,

- point cloud segmentation and

- point cloud modeling.

Generally, point cloud preprocessing contains four sub-steps, i. e. registration, noise
filtering, outlier removal and down-sampling. It deserves to explain that which of the
four substeps are needed depends on the application requirements and the quality of the
point clouds. For example, if the application requirement is a combined point cloud and
the existing point clouds are separate, then registration is required [29].

A point cloud model of a hole factory is a huge model of dozen of Gigabyte memory
space which is challenging and time-consuming from the basic data handling on.
Therefore, it looks beneficial to split it into multiple sections according to the structure
and layout of the factory. Afterwards, the singular pieces can be considerer as component
of an assembly. It makes the work easier and simplifies the distributed work and use of
the parallel algorithms. Despite of desire for high process automation, this work will be
done manually by using the standard CAD software.

For recognition of a dedicated object in a section of a factory, deep learning (DL)
based method are used. DL techniques have emerged as powerful methods for learning
features automatically from data [30]. In particular, these techniques have provided
significant improvement for object detection, a problem which has attracted enormous
attention in the last few years, even though it has been studied for decades before [31].

Object detection and recognition has a wide range of applications in many areas of
artificial intelligence and information technologies, including robot vision, consumer
electronics, security, autonomous driving, human computer interaction, content based
image retrieval, intelligent video surveillance and augmented reality [30]. However,
there are certain difficulties in using DL to process 3D point clouds [28] which must be
taken into account:
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- The point cloud is not in a regular format. Unlike an image, a point cloud is a set of
points distributed in space. Hence, it is non-grid data. However, typical convolutional
architectures can merely deal with highly regular data formats, and it is, therefore,
hard to use convolutional neural networks to process raw point clouds.

- The point cloud is unordered. There are various orderings of points, indicating that
there are many matrix representations of a particular point cloud. Therefore, how to
adapt the changes of the waypoints are arranged is a problem in point cloud
processing.

- Three-dimensional point clouds normally contain only the spatial coordinates of
points, lacking rich textures, colors, and other information.

Basically, two different methods are used for objects recognition in point cloud data
gathered with a scanner: point-based and voxel-based. PointNet, as a point based method,
is a DL architecture that is used in 3D object classification and segmentation. It takes
point clouds directly as inputs and outputs [31]. In contrast, a 3D detection framework
(VoxNet, VoxelNet, LightNet) transforms the point cloud into voxels that each contain
a small amount of points. It produces bounding boxes based on the features of the voxels.
Finally, a combined approach, called FusionNet, uses both volumetric and pixel
information to recognize 3D objects. These two approaches require different labelling
and point cloud pre-processing.

The PointNet and VoxNet architectures demonstrate two ways of detecting objects
in a scene. PointNet attempts to semantically segment each point in the data by learning
the local and global features of the points and classifying each of them. Clusters of points
with the same labels can be detected as objects. VoxNet similarly detects the features of
the points using voxels, 3D boxes of points, and learns their properties [32]. Combining
a convolutional network and region proposal network, VoxNet can predict 3D bounding
boxes of the detected objects.

For this approach, VoxNet has been selected as a basis approach for object
recognition for several reasons, altough it does not provide the highest accuracy:

(a) the stable, open-access framework proven by a large community at GitHub,

(b) availability of several implementations by different authors, and

(c) the lowest number of parameters for training which allows low computing time to
be expected.

At this time, the real-time processing and recognition is a desirable option, but not a

mandatory one. The use of a further architecture will be considered based on the first

results with VoxNet.

When it comes to using DL routines, it is necessary to first collect a large amount of
data in order to execute the learning phase. This phase can constitute a major bottleneck
to an practical engineering application and may have prohibitive costs. Especially in the
context of applications with which the amount of input-data needs to be quite large. To
provide statistical robustness for this approach, open-source databases such as ShapeNet,
ModelNet and DMUNet were used to augmenting thetest base [30].

VoxNet operates on probabilistic occupancy grids, in which each voxel contains the
probability that a certainvoxel is occupied in this space. Occupancy grids represent the
state of the environment as a 3D lattice of random variables (each corresponding to a
voxel) and maintain a probabilistic estimate of their occupancy as a function of incoming
sensor data and prior knowledge. A benefit of this approach is that it allows the network
to differentiate between voxels that are known to be free and voxels whose occupancy is
unknown (e. g., voxels behind where a scan ray hits).
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VoxNet's architecture itself is fairly straightforward, consisting of two convolutional
layers, a max pooling layer, and two fully-connected layers to compute an output class
score vector (Figure 4) [32]. This network has been selected by stochastic search over
hundreds of possible convolutional neural network (CNN) architectures. It is much
shallower and has far fewer parameters than most state-of-the-art image classification
networks. Conv (f, d, s) indicates f filters of size d and at stride s, Pool(m) indicates
pooling with area m, and Full(n) indicates fully connected layer with n outputs. The
changes aimed to reduce the number of parameters and increase computational efficiency,
making the network easier and faster to learn. The model has 921,736 parameters, most
of them from inputs to the first dense layer.
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/™ > 7 32x32x32 /;/ >

s / /
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Figure 4. The VoxNet architecture [32].

After an object has been recognized, a corresponding CAD model from the library
is inserted as a component in an assembly which represents the factory. This procedure
is repeated as long as necessary. The remaining object should be processed using the
CAD functions of SolidWorks preferrably embedded in macros.

4. Discussion

Deep learning with 3D data has not been researched nearly as much as with images.
Therefore, it is necessary to select several frameworks for 3D object recognition which
promises the best results for investigated objects in the factory based on above mentioned
use cases.

Like most other object recognition architectures, VoxNet is not inherently rotation-
invariant. For that reason, a data augmentation technique need to be implemented.
During training, each model is rotated 12 times and trained on all copies. At test time,
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the output of the final fully-connected layer is pooled across several rotations of the input.
In this way, VoxNet learns rotation invariance by sharing the same learned convolutional
kernel weights across different rotations of the input voxel grid [32][33].

VoxNet is a huge progress in true 3D learning, but voxel grids still have a number
of drawbacks. They lose resolution compared to point clouds, as several distinct points
representing intricate structures will be binned into one voxel if they're close together.
Voxel grids can yield unnecessarily high memory usage compared to point clouds in
sparse environments, since they actively use memory to represent free and unknown
space whereas point clouds contain only known points [33]. Finally, if an object is
recognized, it must be put in the right position and proper orientation in the space. An
automated procedure is necessary to support this matching of position and orientation.

5. Conclusions and outlook

The intention of this paper to close the gap between the real and virtual factory in the
modern manufacturing industry by generation a Digital Twin of a built environment is
presented. In particular, an industrial approach for a commercial service being in the
implementation within www.OpenDESC.com to generate the Digital Twin based on fast
scanning on a factory and subsequent object recognition is described. With the procedure
described, which covers all required use cases, it is possible that a Digital Twin is created
in few days and with little effort. Likewise, an update of existing models is feasible. The
companies do not necessarily need their own experts with programming skills, but are
supplied with a complete simulation model through the comprehensive service concept.
Correspondingly, planning can be carried out more efficiently and flexibly, and
productivity and quality increases are created.
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