586 SPS2020
K. Sdfsten and F. Elgh (Eds.)

© 2020 The authors and 10S Press.

This article is published online with Open Access by 10S Press and distributed under the terms

of the Creative Commons Attribution Non-Commercial License 4.0 (CC BY-NC 4.0).
doi:10.3233/ATDE200197

Data-Driven Manufacturing Simulation:
Towards a CPS-Based Approach

Yongkuk JEONG !, Amita SINGH ¢, Masoud ZAFARZADEH ?,
Magnus WIKTORSSON # and Jannicke BAALSRUD HAUGE*®

aKTH Royal Institute of Technology, Sodertdlje, Sweden

Abstract. Manufacturing simulation has been used as a decision support tool to
solve various problems in production systems. However, with the advent of Industry
4.0 and CPS, manufacturing simulation becomes not only a tool for supporting
decision-making but also essential for operation, monitoring, and forecasting the
production system. In this paper, a traditional approach and a CPS-based approach
in manufacturing simulation are compared. In the CPS-based approach, the key
processes are divided into 1) data gathering, 2) modeling and simulation, and 3)
simulation results analytics and feedback. In addition, a SWOT analysis is
conducted to discuss the future application of the manufacturing simulation.
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Introduction

Manufacturing simulation refers to the computer-based modeling and analysis of real
production systems. These are used to experimentally analyze, visualize and validate
different possible setups for optimizing processes and supporting decision-making
processes. With the fluctuating market demands and increasing product customization,
it is imperative to have both reactive and proactive production systems. Hence,
manufacturing simulation becomes an indispensable part of product development and
industrialization in manufacturing by facilitating cost-effective solutions. In addition,
with the advent of smart manufacturing and digital twin concepts, simulation is taking
an important role in connecting the physical system and virtual system, supporting
decision-making processes, predicting and controlling the production systems, and so on
[1-3].

Traditional approaches in manufacturing simulation have the objective to support
decision-making in strategic-planning, changes and investments of production systems.
They are used for production planning, production line configuration, factory layout, and
scenario comparison. In this approach, the simulation models are made for solving
problems pertaining to a particular case resulting in single-use models. These models are
typically based on the data from legacy systems, which are not completely synchronized
leading to simulation models based on a set of assumptions [4]. Therefore, simulation
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models with the traditional approaches help in the developing or designing phase of the
production system but are hardly used in the operational phase or all the life-cycle of the
system.

The objective of this paper is to compare and discuss traditional approaches of the
manufacturing simulation with the cyber-physical system-based (CPS-based) approach.
This study is based on some previous literature presenting development trends and the
future role of manufacturing simulation. Also, it discusses how the new technologies are
changing the manufacturing simulation trend and makes a comparison study between
traditional and CPS-based approach in manufacturing simulation.

1. Method and approach

The paradigm of manufacturing simulation was divided into four stages based on
literature, and the main concept, modeling method, applications, and keywords of each
stage were derived in this research. Also, smart manufacturing based on the digital twin
and CPS has different characteristics from the traditional production system [4]. In this
research, we compared the roles and features in terms of manufacturing simulation in
traditional production systems and smart manufacturing. We divided the CPS-based
approach into data gathering phase, modeling and simulation phase, simulation results
analytics and feedback phase to analyze the characteristics based on the literature.
Consequently, the basic process of data-driven manufacturing simulation is proposed and
the strength, weakness, opportunity, and threats of the traditional and CPS-based
approaches are analyzed through the SWOT analysis.

2. Paradigm shift of the manufacturing simulation

Simulation has been used in various fields such as product development, computational
analysis, as well as manufacturing simulation of production systems. The role of
simulation has been constantly changing with the paradigm shift. In the past, simulation
was developed as a tool to help complex calculations. But with the digital twin and CPS
paradigm, it has evolved into a decision support tool and system that covers the entire
life-cycle and the system. This paradigm shift can be summarized with 1) individual
application, 2) simulation tools, 3) simulation-based system design, and 4) digital twin
concept as below in Figure 1.

The modeling paradigm of manufacturing simulation can be summarized with 1)
computational simulation, 2) virtual factory, 3) digital factory, and 4) smart factory as
shown in Table 1. Since 1960, simulation has been used for analyzing the results of
different scenarios. The typical questions were often based on what-if analysis using
scenario generation and changing variables. The data accuracy was often based on
forecasts or experience and systematically used for planning purposes. By the mid-80s,
simulations using three-dimensional visualization models appeared. It was used for
collision detection simulation considering physical properties. Since 2000, the
importance of information models has been emphasized, and many simulation systems
have been developed to support decision-making processes. Also, simulation allows a
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Digital twin
concept

Simulation is limited to
very specific topics by
experts, e.g.
mechanics.

1960+

Simulation is a
standard tool to
answer specific design
and engineering
questions, e.g. fluid
dynamics.

1985+

Simulation allows a
systemic approach to
multi-level and multi-
disciplinary systems
with enhanced range
of applications, e.g.
model based systems
engineering.

2000+

Simulation is a core
functionality of
systems by means
seamless assistance
along entire life cycle,
e.g. supporting
operation and service
with directlinkage to
operation data.

2015+

Figure 1 Paradigm shift of modeling and simulation (adapted from Rosen et al., 2015)

Table 1 Manufacturing simulation modeling paradigm

Computational . ..
Concept simulation Virtual factory Digital factory Smart factory
Period 1960+ 1985+ 2000+ 2015+
Computational 3D virtualized
Model model for complex Information model Feedback model
- model
calculation
Application | What-if simulation Collision detection Decision support, CPS
scheduling
Keyword What-if, scenario 3D model Digital, information Smart, real-time

systematic approach to multi-level and multi-disciplinary systems with an enhanced
range of applications. Around 2015, concepts such as Industry 4.0 and digital twin have
emerged. Manufacturing simulation is used not only for operations but also for various
fields such as control, monitoring, and forecasting using real-time data. Simulation is a
core functionality of systems by means of seamless assistance along the entire life cycle.

In traditional production systems, it was difficult to collect data in real-time, and
simulation models could not be constructed quickly. Therefore, simulation models are
often used as a project to support decision-making in the long term. In this case, the
historical data from the legacy system was used to collect the data, or the simulation
engineer interviewed the operator or the site manager to define the input data.
Consequently, manufacturing simulation models were developed for a single-use
simulation project.

In contrast, in the CPS-based approach, a digital twin that simulates the physical
world and utilizes synchronized data in real-time acts as a simulation model. Since the
data is synchronized, real-time data can be used. Standard models and rapid simulation
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modeling techniques can also be used to support short-term decision-making as well as
long-term perspectives of situations in the physical world. The changes of the role of
manufacturing simulation can be described as Figure 2.

Single-use
simulation
project

verlly  Material parchouse

Shop-floor Service System
T —

- Interactive
cnuis simulation

|nu.nmu ather F

departments

Physical Shop-floor

Traditional production process of shop-floor* Conceptual model of Digital twin shop-floor*

Figure 2 Changes in production systems and the role of manufacturing simulation (adapted from [4])

3. Data-driven manufacturing simulation

In this chapter, data-driven manufacturing simulation is divided into three phases and the
characteristics of each phase are explained from the literature. The three phases are data-
gathering phase, modeling and simulation phase, simulation results analytics and
feedback phase.

3.1. Data-gathering

Technologies for real-time data-gathering, as well as industrial Internet-of-Things (IoT)
is rapidly expanding to be used within manufacturing, and enable seamless information
flow as well as link information to the moving goods, manufacturing resources, and
equipment. These technologies are not only a pre-requisite realizing concepts like
Industry 4.0 and CPS [5], but also made it possible for the simulation to be more available
as an operational tool to stakeholders.

Visibility is one of the main steps in the digitalization of the production field [6] and
high visibility is a pre-requisite for fulfilling the Industry 4.0 vision, which foresees that
sensors capture all data seamlessly and in real-time in each process, facilitating the
interconnectivity of different sections and units [6]. Real-time data and improved
visibility have revealed several challenges related to inefficient usage of resources, often
caused by low transparency of movements and low degree of digitalization.
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Figure 3 shows the life cycle of manufacturing data. Data can come from various types
of sources like humans, equipment, product, information systems, and network. Means
of data gathering can be IoT which collects data in real-time. Examples are Radio
Frequency Identification (RFID), Real-time Locating System (RTLS), smart sensors and
actuators. Sensors help to collect data regarding temperature, operational status,
vibration, and pressure. RFID technology facilitates the automatic identification of parts.
The location and position of items including human sources are possible through the
implementation of RTLS. Developing different sort of Application Programming
Interfaces (APIs) help to figure out the number and types of users, their location, etc. In
case, data needs to be collected from public networks, web crawling can help by
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In Figure 4, a three interconnected layers structure has presented where data are collected
within a physical layer, go through a middle layer to transfer the data for further analysis
and finally interpreted to create knowledge, support decision making, and knowledge
learning [8]. Within the physical layer, after implementing technologies mentioned
earlier, a group of machines is connected to each other through a filed bus or ethernet.

The middleware layer interconnects the connection layer, computational layer, and
all the applications. As there might be different types of devices for data gathering which
have their own protocol and standards, this layer supposed to facilitate smooth
communication among all the devices. In addition, this layer should support interface
definition by providing a channel for CPS node communication. On the other hand, a
large amount of collected data needs to have a uniform format and unified data exchange
standards.

The real-time data gathered from devices and historical data gathered from legacy
systems such as Enterprise Resource Planning (ERP), Manufacturing Execution System
(MES) provide input to the computational layer. Several algorithms, models and tools
are required to find meaningful patterns and create knowledge and supporting
information.

3.2. Modeling and simulation

In the CPS-based approach, the simulation model is no longer a static model. The
simulation model is a dynamic model that is updated with real-time data. Models in the
virtual world can be divided into physical models and manufacturing data collected from
the physical world. An experimental digital twin is used as dynamic models through
simulations using real-time data. It is described in Figure 5.
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Figure 5 Dynamic digital twin model [9]

A standard model is required to develop a simulation model quickly and define a
simulation model regardless of hardware or software. In order to solve this problem, Core
Manufacturing Simulation Data (CMSD) was proposed [10, 11]. CMSD defines the
features and relationships of core manufacturing entities. It helps to solve data
interoperability issues in manufacturing simulations. CMSD uses UML and XML as
modeling languages. It has a layout, part information, support, resource information,
production operations, and production planning as its basic packages (Figure 6).

1
CMSD
— | — | — | — | — | — |
Part Resource Production Production
Layout Information Support Information Operations Planning
1 1 1 |
' . Entity
Basic Basic Conceptual Docum_enl Reference Metadata
Types Structures Framework Definition Definition

Figure 6 Basic packages of the CMSD model [11]
3.3. Simulation results analytics and feedback
With the help of insights data analytics can facilitate a better understanding of the

production systems and their environments. There are advances being made in the field
of sensor and industrial communication technologies used to collect data making it
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possible to accumulate big data from factories. Simultaneously, higher computational
power is becoming available to process these data [12, 13]. This has introduced some
key differences in how analytics used to be done and how it is done now. In the remaining
section, big data analytics and feedback to the real-world system in the context of
production systems are discussed in detail.

Production systems are dynamic in nature with multiple criteria to be optimized in
order to achieve an optimal solution. The data corresponding to a system is fed into a
simulation model where analysis is done depending upon the criteria decided for a
simulation model. As the number of variables to be optimized together with the data
collected to go up in the model, the accuracy of the simulation results will be increased.
Depending upon the complexity of a model in terms of how it maps to the real production
system and the extent to which generalizations have been made, the accuracy of a model
can be high or low. These approximations are used in the model while developing it and
accordingly these systems are categorized in low and high fidelity models [14]. Low
fidelity models use more approximations in terms of data used in a model and hence
require less computational power. Thus, it can be seen as a tradeoff between
computational resources required to build a model and accuracy of the model.

Results from data analytics are used twofold: 1) visualization of output data and 2)
feedback to the physical real-world system.

Data visualization depends upon the requirement of a process at hand. The processed
data can be visualized with the help of graphs, charts, dashboards, etc. and the data to be
visualized can be customized to a particular need or purpose for engineers or shopfloor
workers. Different devices like projectors, screens, tablets, smart glasses, etc. can be used
to see the data. Smart factory-like setups uses such visualization techniques to help
operators during their work [15].

In the second phase, results from data analysis are fed into physical systems in the
real world. The results are used as input to machines and actuators in real-time resulting
in a self-improvement process for the complete cyber-physical simulation model. Such
a feedback model helps in short term prediction in dynamic environments leading to
shorter decision-making times and also allowing reuse of simulation models as opposed
to traditional ways of simulation where models were made with one objective and hence
were single-use.

4. Towards a CPS-based approach
4.1. CPS-based approach for manufacturing simluation

CPS-based production system relies on data from sensors and embedded devices and
based on the data provides feedback to the production systems. In this context, we have
identified three major shifts concerning manufacturing simulation: 1) Real-time data
gathering system, 2) big data availability and system interoperability enabling
continuous input data availability and 3) advanced analytic application enabling system
feedback and decentralized decision making.

Concerning the first shift, the sensors in the production system collect data resulting
in data-driven simulation scenarios. The simulation model building is based on rapid
building and parametric modeling. In contrast to the traditional approach of interviewing
concerned people and reading documents, the CPS-based approach collects data and
processes new simulation models. Regarding the second shift, the simulation models will
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increasingly be connected to other systems feeding real-time data and enabling iterations
in a short period of time which makes it possible for the CPS-based simulation to be used
also during the operational phase. For the last shift, the simulation model can provide
feedback to the physical system and result in the self-improvement of production systems
with better-fitted models. The production system autonomously adjusts itself with the
changes in manufacturing units.

A basic process of the data-driven manufacturing simulation can be expressed as
shown in Figure 7. First, manufacturing data is collected from various data sources in
real-time and processed. Processed data can be used for monitoring the production
system or visualizing to predict the state of the production system. In terms of simulation,
models are developed using processed data. The simulation model can be divided into
an information model, logic and algorithm, and object model. The model is defined using
a standard data model. Simulation results are visualized through data analysis, and the
simulation model can be reconfigured by itself. Simulation results can also be used to
update the variables or properties of physical world components.

Data gathering Modeling & Simulation Results analytics

Raw data collection —+ Data analytics
Information model
' '
Data processing Logic & algorithm
A 4
- Object model
Monitoring & Visualization

Prediction Feedback

‘ Data source

‘ Data source ‘ Visualization

Dashboard

Simulation

Data source

Decision support

Feedback

oo Physical world

Decision support

Figure 7 Basic process of data-driven manufacturing simulation
4.2. SWOT anaylsis

To compare the two different approaches discussed in this paper, a SWOT analysis was
performed. First, the traditional approaches of the manufacturing simulation still have
the advantage of high flexibility in a data collection process. It is one of the strengths
that this approach can be used regardless of the level of automation of the target system
or the infrastructure. However, as mentioned earlier, the weakness is that it is low in
reusability and requires a lot of resources for the simulation project. Nevertheless, it can
still be useful for SMEs or single-use projects with low levels of automation (Figure 8).

The strength of the CPS-based approach, which threatens traditional manufacturing
simulations, can be seen as high reusability, predictive and self-configurable models.
However, there is a weak point that this requires the construction of infrastructures such
as a real-time data collection platform and data analysis platform. However, in the age
of Industry 4.0, when many manufacturing systems have the infrastructure and
automated systems it can be widely used in various fields. Cybersecurity, reliability of
data and systems, and stability should be considered (Figure 9).
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Figure 8 SWOT anaylsis of manufacturing simulation in a traditional approach
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Figure 9 SWOT anaylsis of manufacturing simulation in a CPS-based approach

5. Conclusions

In this research, a manufacturing simulation was analyzed and compared from both
traditional approaches and CPS-based perspectives. The major components of data-
driven manufacturing simulation were suggested by dividing into data gathering,
modeling and simulation, and results analytics. The CPS-based approach to
manufacturing simulation uses the real-time data collected from the production system
to construct a simulation model and feedback the simulation results to the production
system. Therefore, it is highly reusable and can be used in various fields such as
monitoring, control, and prediction. However, this approach requires effective platforms
for data collection, simulation modeling, and analysis. With the Industry 4.0 concept,
manufacturing simulation will not not be a just single-use project to support decision-
making, but rather a key contributor to overall production system operations.
Nevertheless, traditional simulation approaches are flexible to apply. Therefore, it can
be useful in production environments without infrastructure such as SMEs.
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