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Abstract

The automotive manufacturing industry in recent years has seen a
paradigm shift in production. Increased customer individualization
demands and shorter product life cycles have become the norm in
the market. Traditionally, production planning methods in this sector
are based on high volumes; thus, production lines used to be rela-
tively rigid. With the current demand for individualized low-volume
production, the line must be altered frequently, leading to increased
downtime and additional cost. This shift in automotive manufacturing
requires production planning to cater to faster, cost-effective adoption
to changing low-volume individualized demands. This research dis-
cusses a novel Intelligent Planning Process (IPP) to address low-volume
individualized manufacturing. The IPP model harnesses transforma-
tive technologies such as extended reality (xR) to facilitate faster and
more adaptive planning. Further, artificial intelligence is embedded
through xR models using various response nodes (e.g., quick response)
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This provides a critical advantage in developing and evaluating multi-
ple production layouts with considerably reduced efforts. A case study
on positioning preloaded planning data to the real world with quick
response nodes resulted in one-fourth of the time required by man-
ual interactive positioning of physical assets. In addition, real-time
control and synchronous optimization were other intangible outcomes.

Keywords: Production Planning, Low Volume, Individualized Product,
Digital Twin, Extended Reality, QR Code Tracking.

1 Introduction

The automobile industry has been an integral part of both industrial and
economic development in the global market. However, it is currently facing the
need to cater to increased individualized customer demands. The automotive
manufacturers must react swiftly to this increasing trend to stay competitive
in the future market. This transformation in trends is pushing the automotive
industry to its next evolution. But the challenge is to transition from mass
manufacturing to low-volume customization without the high cost, time, or
quality implications. The solution to specific demands is adopting an intelligent
and adaptive production planning technique.

Customization is not an entirely new concept in the manufacturing indus-
try. However, its effective and efficient implementation remains a challenge [1].
Even though automation makes modern manufacturing advanced and effective,
human operators are still considered the epitome of flexibility and adapt-
ability. Hence, human resources are an essential component in customized
manufacturing to obtain high productivity, and quality [2]. The mass man-
ufacturing techniques depend on repetitive automated systems for increased
productivity. Therefore, it is vital to develop an intelligent system that is flex-
ible as humans and efficient as machines to expedite customization. Current
production environments are focused on mass manufacturing that deals with
deterministic demands [3]. It cannot accommodate low volume individualized
production without cost and time implications [4]. This indicates that produc-
tion planning and processes need to be adaptable and intelligent compared to
the rigid mass manufacturing techniques to implement customization without
additional expense and production downtime.

Approximately 70% of final production costs are established in the concep-
tual stage, which involves critical decision-making. Validating the production
plan for correctness in a simulated environment replicating the real world can
help in accurate judgement [5]. A validated production plan can confirm the
efficiency of the production line before its implementation. Traditionally, man-
ufacturers use physical assets, including cardboard structures and physical
prototypes, to create a mock-up of the workstations for validation. This process
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is time-consuming, inefficient, data-intensive, and thus costly to the manufac-
turer [6]. To develop an efficient and optimized factory layout, the functioning
of the factory must be tested based on the user experience, data analysis,
validations, and practical verifications. Without optimizing the factory plan,
customization implementation cannot be successful. Innovative technologies,
including Virtual Reality (VR), additive manufacturing, and Digital Twin
(DT), are crucial to obtaining an efficient, customized manufacturing system
[1]. The increased demands for individualized products and the various manu-
facturers’ offers make it difficult to forecast and manufacture product demands
without additional cost. Additionally, global issues involving disrupted supply
chains and worsening energy crises create uncertainties for the manufactur-
ing industry. Therefore, reconfiguring factory layouts and shuffling assembly
sequences is inevitable for the manufacturing industry for smooth production.

The factory layouts are influenced by machine layout, inventory settings,
machine capability, walkway design, warehouse material flow, etc. Any changes
to the factory layout may have cost overruns, quality problems, and low
equipment utilization [7]. One of the main issues in production planning is
equipment positioning [8]. The diversified need of customers can lead to a
prolonging development cycle and an increase in complexity. But the manufac-
turing industry is required to adapt to this new customer pattern. According
to Kuo et al. [9], a company must undertake a market needs evaluation and
create a model to fill the identified gap in incorporating customer needs. There
is hardly any involvement of customer demands with manufacturers’ Product
Data Management (PDM) to evaluate factory changes.

Based on the limitations of the existing literature, our contributions to this
manuscript are as follows:

• We propose an intelligent production planning framework that is capable
of fast-tracking low-volume customized production. The framework incor-
porates extended reality techniques to couple product data, factory layout,
and process data through an integrated data management system.

• We propose an enhanced data model that is dedicated to the visualization
of the factory layout with quick changeovers for merit studies.

• We further incorporate a QR code tracking technique to the virtual assets
for quick changeover between workstations.

• Finally, we implement a link between the virtual data and the real-world
environment using QR code markers to position the pre-planning model and
track layout changes in the real world.

The rest of the paper is organized as follows. Section 2 discusses rele-
vant automotive industry production planning practices. Section 3 proposes
the intelligent production planning framework incorporating transformative
technologies to visualize and couple different data models that optimize cus-
tomized, low-volume production plans. Section 4 discusses preloading and
tracking the position of virtual content to designated real-world environments
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using quick response nodes. Finally, Section 5 concludes with a summary and
discussion of potential future work.

2 Current Automotive Industry Practices

The societal paradigm shift has compelled the automotive industry to shift
from the traditional manufacturing model to meet individualized demands
[10]. The current market is transitioning from deterministic to probabilistic
forecasting due to the fluctuating customer demands. The industry must be
highly responsive with a critical focus on cost, quality, and flexibility to swiftly
react to individualized customer demands. The industry’s objective is to pro-
vide high-quality, individualized products to customers at a short lead time,
matching the low-cost mass manufacturing techniques [8]. Mass manufactur-
ing production line is rigid and can lead to large downtime and project delays
when manufacturing new product variants [11]. These lines are focused on
repetitive products and techniques, which isn’t the case with individualized
products. The automotive manufacturing line consists of multiple components
or subsystems, including workers, procedures, facilities, data, suppliers, and
technologies. All these factors influence the operations and efficiency of the
manufacturing line, making change a complex task. These systems are inter-
linked, which requires an efficient data management system to optimize factory
layouts [12].

2.1 Traditional Planning Process

Production planning is the system of putting together the settings to control
the resources required to meet the expectations. The fundamental objective
of production planning is to make decisions that help obtain maximum profit
at minimum cost to provide customer satisfaction. Multiple production plan-
ning tools such as Advanced Planning and Scheduling Systems (APS) and
Enterprise Resource Planning (ERP) are utilized to solve planning issues for
mass manufacturing industries. Various research discusses production planning
and proposes numerous strategies to support operations management. Garcia-
Sabater et al. [13] discussed Mixed Integer Linear Programming (MILP)
mathematical models to integrate production with logistics planning for pro-
duction leveling. This technique lack interfacing between PDM and factory
layout that can trigger an update mechanism and spot critical workstation
revamping.

A seamless production plan requires integration between factory data,
machines, operators, and material handling systems. Existing Autonomous
Guided Vehicles (AGV) fleet management system cannot function efficiently
in a flexible factory layout without real-time data tracking of the factory [14]
making customized product picking a complex task. The current fixed pro-
duction line with conveyor systems is unsuitable for customized production.
Existing manufacturing processes emphasize improving the efficiency of the
equipment. There is limited flexibility in terms of the arrangement and layout
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of the equipment. Rezig et al. [15] state that it is challenging to maintain a bal-
ance between productivity and flexibility. Changing factory layouts for certain
automotive manufacturers is difficult as their production lines define them.
Implementation of customized products into their production line requires
redesigning, which can lead to downtime and reduction of productivity.

2.1.1 Customization and Complexity

The automotive industry has been following mass manufacturing techniques
since its conceptualization by Henry Ford [16]. The traditional production
planning and mass manufacturing techniques are unsuitable for low-volume
individualized product manufacturing as they are focused on repetitive pro-
cesses and preclude customization [17]. The mass manufacturing automotive
companies are closely monitoring the increase in demand for individualized
products in the market. They are gradually transitioning towards customiza-
tion, and this shift poses several challenges to the industry. With the
introduction of numerous product variants, the production process becomes
complex leading to planning issues for several layout modules shown in Fig 1.

Fig. 1 Production planning modules

Volling et al. [18] point out that the automotive industry is moving from
built-to-stock to built-to-order models. In the automobile industry, complexity
is the variety and complexity involved within the product’s system, subsystem,
or structure. Complexity is driven by product variables and process variability,
increasing product or process cost. These driving forces result in not just phys-
ical modification of the product, but a revamp of the whole process, including
the logistic flow of the components. Furthermore, globalization plays a criti-
cal role in instigating complexity drivers due to the changing demand and the
number of variants offered to the customers [19]. The product variants pro-
vided to the customers add complexity to the existing production line. This
demonstrates that introducing a large variety of complex products without an
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intelligent and flexible manufacturing technique can escalate complexity in the
conceptual and planning stages [20].

2.2 Low Volume

Automotive manufacturers with an annual production volume of fewer than
500 units with make-to-order production plans are classified as low volume
manufacturers [20]. Systems that provide highly customized products, in low
volume, with long delivery times are generally termed, intermittent produc-
tion models. Individualized products are specific and are not produced in large
volumes [11]. Introducing low-volume individualized products to the market
implies a requirement for flexible production planning and variable character-
istics compared to mass manufacturing [20]. Currently, automotive products
are manufactured based on deterministic demand forecasting. With the intro-
duction of customization, the deterministic forecasting model has moved to
stochastic. Planning techniques must be collaborative to adapt to this vary-
ing demand by effectively utilizing the production layout, and manufacturing
capacity [21]. Customization leads to complexity in supply chains, production
lines, and data management influencing the planning process for low-volume
individualized production. As depicted in Fig 2, the conceptualization of prod-
uct variants depends on the process, the volume of units, process tracking,
and data transfer. The lack of an intelligent framework for managing a cou-
pled data field in conjunction with individualized customer demands makes
traditional production planning techniques incompatible.

Fig. 2 Flexibility variables

2.3 Decision Framework and Optimization

Manufacturers aiming to capitalize on the competitive market are willing to
introduce multiple variants of their products at less cost with fewer changes
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to their systems and techniques. Companies adopt mixed model assembly line
that has a manufacturing configuration to produce different variants of an
essential product. The mixed model assembly line is adaptive and can quickly
respond to customer demands to manufacture new variants from a base model
using the same facilities. However, developing a high variant mixed model
assembly line is challenging due to random material transfer between sta-
tions leading to a shortage of parts and thereby resulting in disruption to the
production line [22].

The decision support system assists in optimizing the fixed factory layout
and assembly sequence [23], and automotive manufacturers may depend on a
decision support system to optimize their line. Tracking customer demands and
pushing layout changes by coupling product data, process data, and factory is
a complex process. Mathematical modeling coupled with an xR data pipeline
can reduce the degree of complexity and shorten the development cycle.

The task of scheduling orders and sequencing them to ensure maximum
efficiency without creating assembly constraints is a vital factor in obtain-
ing maximum output. According to Fritzsche [24] heuristic approaches are
suitable to tackle planning and scheduling problems. Research demonstrates
that techniques such as colony optimization and greedy algorithms, simu-
lated annealing (SA), and genetic algorithms (GA) are preferred for large and
complex decision-making functions.

Production facilities are set up with high investments. Therefore, under-
utilization of any resource leads to loss and low productivity. Low volume
individualization, if not adequately planned and implemented, can lead to time
and cost burdens due to compromised quality and reworks. Different strategies
can be formulated to solve optimization issues. MirHassani et al. [25] consid-
ered a multi-period, mixed integer, two-stage stochastic program to optimize
capacity planning for supply chain issues. According to Chandra et al. [26] the
optimization issues are solved subjected to demand satisfaction, capacity plan-
ning, the readiness of standard and unique parts, and judicial requirements.
Researchers proposed different solution methods to overcome optimization
problems 1) Mathematical Programming (M.P.), 2) Dynamic Programming,
3) Meta-heuristics, and 4) Heuristics [27]. Multiple algorithmic and heuristic
methods exist for solving optimization issues. Both methods guarantee find-
ing a solution, but heuristics do not promise an optimal solution even though
it expedites the process. Conversely, algorithmic strategies provide an optimal
solution but require significant computational times [28].

2.3.1 Heuristic Planning

Heuristic methods provide fast, feasible solutions but do not guarantee an
optimal solution because it is a shortcut to decision-making based mostly on
past experiences [28]. Meta-heuristics is another approach with algorithms
used for complex optimization based on diversified strategies. This model is
famous for obtaining solutions very close to optimum. Brahimi et al. [27]
three meta-heuristics, namely GA, SA, and Tabu Search (TS), are applied to
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decision-making models. GA is utilized to optimize the manufacturing con-
figuration based on a few demand requirements and reduce capital costs.
Ye and Liang [27] recommended an optimization technique that uses GA to
reduce manufacturing costs by identifying a sequence and layout for modu-
lar products. Carlo et al. [27] put forward a GA for different product variant
manufacturing to reduce asset and operational costs.

Traditionally, production planning deals with takt time and material
required to manufacture products in large quantities. However, this approach is
unsuitable for large variety low quantity manufacturing considering individual-
ization is not repetitive [28]. To capture new niche markets, the manufacturers
reduce product life cycles and increase product variety. It leads to uncertain-
ties within the organization, and different accurate and heuristic methods must
be considered to solve decision-making problems [25, 28]. Using mathematical
models, existing factory layout planning techniques optimize distance traveled,
frequency, and other quantitative factors. This method is efficient for standard
layout planning where ergonomics and worker feedback are not considered.
Furthermore, it does not support customization and flexibility [29].

2.3.2 Modeling by Linear and Non-Linear Program

Researchers have proposed different mathematical modeling, including Mixed
Integer Nonlinear Programming (MINLP), Mixed Integer Linear Program-
ming (MILP), Integer Linear Programming (ILP), and Linear Programming
(L.P.), to overcome optimization issues in production planning. Abbasi and
Houshmand [27] proposed an MINLP model to optimize production tasks, con-
figurations, and batch size. This model aims to identify the best sequence of
functions to increase profit and improve cost-effectiveness. Rabbani et al. [27]
proposed a bi-objective MINLP model to reduce the configuration, modifica-
tion, and inter-cell movement costs. Carlo et al. [27] suggested an ILP model
for a multistage single product manufacturing that helps to estimate mini-
mum investment cost. In the MILP technique, the problem data and objective
functions are described for solving optimization issues where the objective
parameter aims at reducing resource costs [28]. The decision-making process
can be accelerated and effectively optimized by collating a mathematical model
with the proposed intelligent production planning framework.

3 Conceptual Framework Elements

The manufacturer’s objective is to meet individualized customer demands by
reducing development time [30] without compromising on product quality and
minimizing manufacturing cost. Workers will see different parts for multiple
variants requiring specific assembly steps. Quick changeover, upskilling and
fast decision-making will be critical to addressing specific customer orders.
Moreover, design and production planning must be digitized and interlinked
to adapt to customer demands and market changes quickly.
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3.1 Factory Layout and Planning

The factory layout should be flexible and adaptive for a seamless transition
between product variants. Configuring the ideal production line to manufac-
ture individualized products within deadlines is critical. Any delay in the
process can lead to customer dissatisfaction and brand value diminution.
Manufacturers can hastily launch new product variants or fast-track lowvol-
ume individualized product manufacturing to gain a competitive edge in the
market without proper validation. This may lead to poor facility planning
and increased costs and reworks. Therefore, data management with effective
visualization techniques is crucial to factory layout optimization.

Data is vital for planning virtual systems and digital layouts. Lee Lee [31]
describes factory layout issues as a configuration of facilities with unequal areas
possible fitting within the limits of the space of the factory to reduce mate-
rial handling cost and optimize space usage. Studies suggest there is a lack of
framework for low-volume individualization production planning. Implement-
ing xR technology can facilitate production planning with real-time factory
layout visualization as its design allows virtual verification and swift adjust-
ments. Possible saving potentials expected to be achieved reduced prototypes,
significant shortening of development cycles, or rework. Simultaneously xR can
unlock the potential for effective design optimization early in the development
process with attention to the ergonomic workplace design. As depicted in Fig
3, xR couples an industry’s engineering and manufacturing aspects.

Fig. 3 State of the art data management

3.2 Transformative Technologies

Manufacturers have embraced digital manufacturing as a promising technol-
ogy that can reduce cost and save time in implementing individualized product
manufacturing. Technologies including VR augmented reality (AR) and xR
assists in bridging the gaps between the physical and digital world [32]. Imple-
menting these systems to the production planning techniques will provide the
flexibility required to respond to low-volume individualized demands swiftly.

The development in digital technology has enabled production planning
engineers to test and validate assembly processes using digital factory layouts.
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The last decade has developed multiple virtual models and motion planning
algorithms. However, they rely on different motion generation algorithms.
Interactive digital layouts require user feedback, as motions are not artifi-
cially generated. With the help of head-mounted devices and motion capture
systems, we can develop manufacturing use case scenarios and validate the
designs. Through this process, invalid simulations can be detected early, and
the data can be used for further planning. Furthermore, the algorithms can
evaluate the critical parameters and generate different process variants that
can optimize production planning [33].

3.3 Virtual Reality

In the last few years, VR has been gaining wide attention in multiple indus-
tries due to its potential to adapt to changes swiftly. The automotive industry
is among the many industries exploring the applications of VR Studies show
that vast research is being conducted on the applications of VR in the auto-
motive industry. It has shown that VR assists in optimizing factory layout,
improving product design, and improving safety and training [29]. VR systems
provide the perception of space by immersing the user in a virtual environment
consisting of real size objects. Virtual environments allow one to experience
factory layouts by walking within the environment without needing physical
mock-ups [34].

3.3.1 Extended Reality

xR is a technique related to real and virtual environments with human-machine
interactions created by computers and smart devices. Bridging both virtual
and physical worlds can save time in design, development, supply chain, and
guidance in the manufacturing industry. xR technologies can establish this link
by engaging multiple stakeholders to plan and make fast and effective decisions
[32]. As shown in Fig 4, the xR comprises three core technologies. Combining
xR technologies with DT can enhance data management through interactive
visualization and accelerate decision-making.

3.4 Intelligent Production Planning Framework

Low volume individualized product manufacturing is a critical issue in the
manufacturing industry that requires immediate attention. The key gaps in
the planning, design, development, and quality phases should be addressed
by integrating ergonomics, engineering, and manufacturing data management
with production planning to manufacture low-volume individualized products
efficiently.

3.4.1 Input and Data Integration

The customer PDM act as an input to the organizational PDM to understand
the customer demands. Capturing the data will assist in analyzing the fac-
tory layout planning and optimizing the process for low-volume individualized
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Fig. 4 Extended reality technologies

product manufacturing. The integration of PDMs with the physical assets of
the factory data using the intelligent production planning framework help visu-
alize the Computer-Aided Design (CAD) model in a virtual environment and
perform merit studies. The production lines, workstations, and infrastructure
must be reviewed and optimized to develop or re-layout the factory towards
the low volume customized products. The math models of the factory layout
act as the data source for visualization enabling interaction with the layout.
An xR data pipeline integrated with factory data, process data, and PDM can
identify relevant changes to data sessions before and after incorporating the
customer demands.

A DT of the factory keeps track of the production plan, and the current
factory layouts are visualized in an immersive environment by triggering the
digital workstations created using the math models of the physical assets. The
xR data management system evaluates the customer PDM with the current
factory layout to establish if there is a need for changes in the layout to man-
ufacturing the individualized product. To identify the product data changes,
the factory assets are manipulated in the immersive environment to identify
the key parameters influencing the complexity of the product. These changes
are reviewed on a Head Mounted Display (HMD) or mobile apps for visualiza-
tion purposes. The assembly lines are configured to facilitate the production
of individualized products without developing physical prototypes. The key
parameters that drive the production line are identified and optimized using
mathematical models. Data tracking techniques embedded in the xR system
provide the flexibility to update and analyze the layout for collisions.
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The organizational manufacturing environment will be referenced to the
DT when reconfiguring the factory layout. The intelligent production plan-
ning framework communicates with the manufacturing environment and the
data management systems to analyze the updates. As depicted in Fig 5, the
framework can adapt to the fluctuating customer demands, including environ-
mental, socio, economic and political factors that can hinder a production line.
Further analysis of the updated factory layout by visualizing and interacting
with the assets determines the cycle time, thereby identifying bottlenecks and
improving the assembly line. The data provision pipeline established using xR
techniques assists in identifying the critical parameters.

Fig. 5 Intelligent production planning framework

3.5 Data Management and Analytics

Qualitative goals for low-volume individualized product manufacturing can
be achieved by transitioning the manufacturing processes towards an intelli-
gent framework. Implementing transformative technologies, including xR, DT,
and mobile apps will establish a real-time review of the product, factory, and
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process-related data. As depicted in Fig 6, a data management system com-
prises different factors, including data input, visualization, data management,
and optimization.

Fig. 6 Data management system

Analytical tools generally considered for data analytics include statistical
data, data visualization, data mining, and AI [35]. The coupling of various data
systems requires a complex data management system for effective administra-
tion. In the proposed framework, the customer product data is integrated into
the digital model of the factory to analyze the process and components involved
in the manufacturing process in the xR environment. The product data act
as the input to the framework for decision-making. It is crucial to interlink
different product and manufacturing data segments to establish an optimized
layout for individualized products. The xR data pipeline connects the cus-
tomer product data with the organizational data management systems. The
initial data supply evaluates the factory data and triggers the update mecha-
nism. The update mechanism identifies the changes from the initial and final
phases of the planning, and the updates are visualized. All relevant changes
to the data sessions are highlighted and considered for review.

Fig 7 illustrates a product and production environment-based data manage-
ment system that couples production planning-related information. Integrating
the product data into the production environment assists in data analysis for
product variants. The intelligent production planning framework assembles the
information required for the update mechanism and is further verified using
visualization methods.
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Fig. 7 Data augmentation and analytics

Virtual walkthroughs of the workstations further optimize the assembly
lines to understand the design intent and identify potential issues. Utilizing the
equipment and product data, the material flow and equipment locations are
visualized in the virtual layout allowing to quickly identify the changes to the
layout to meet the customer demands. Early detection of unwanted simulations
helps in faster layout planning and proper utilization of the factory space.

The operational environment is reviewed, and merit studies are conducted
to optimize the factory layout faster. The human-machine integration facil-
itated by the xR framework will generate a data pipeline that can track
real-time worker movement. Since the factory layouts are visualized in the vir-
tual layout, the data is stored, and workstations are reviewed based on the
customization requirements. The digital layouts and models are positioned in
the real world using QR code tracking to represent the physical factory accu-
rately. Furthermore, the integration of the human through motion capture
evaluates and validates the worker movement for productivity and ergonomic
studies. A biomechanical analysis is obtained to review worker movement and
ergonomics. The DT developed with xR technology bridges the digital and
real-world provides the opportunity to set up, assemble and guide workers.
The data-based framework can optimize the factory layout, assembly, walkway
planning and development process.

4 Preplanning and Positioning with Quick
Response Nodes

In the planning phase, it is vital to understand the layout and decide the opti-
mal position for the equipment. Any changes to the physical resources during
the production stage involve cost overruns, low productivity, low equipment
utilization, increased operational costs, and safety issues. Implementing a dig-
ital layout planning can prevent approximately 70% of the planning errors in
the planning phase and reduce almost 15% of the change costs [36].

The introduction of customized products and product variants increased
complexity and a shorter product life cycle requiring fast decision-making. The
dependency on various planning parameters makes the planning process cum-
bersome using physical prototypes. Therefore, it is ideal for visualizing the
digital factory layout, evaluating its feasibility, and fast track the process for
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customized product manufacturing. The proposed intelligent production plan-
ning framework evaluates the customer demand with a real-time factory layout
and fast-track workstation layout for low-volume customized manufacturing.

4.1 Data Loading

Companies with digital infrastructure use VR to visualize their product and
factory models. However, loading a pre-planning model takes considerable time
and lacks reference to the real-world position tracking [37]. Often reconfig-
uring issues are caused by minor changes made to the assembly line by the
workers, which are not notified to the planning department leading to inac-
curate planning [38]. Therefore, the layout must be continuously monitored
and reconfigured to accommodate low-volume customized production. Digital
factory layout assists in tracking the workstation design in real-time.

The virtual scene lack reference to the real world without registration with
the physical environment. However, it is vital to establish a tracking method
to gain an accurate representation of the digital layout. Multiple tracking
methods, including object-based tracking, optical tracking, simultaneous local-
ization, and mapping (SLAM), are considered in the industry [38]. The QR
code technique is used in the proposed concept to track the scene and its
content.

4.2 Preplanning and Quick Response Nodes

The virtual content has no reference to the real environment in its placement
and position, making it tedious to determine the virtual model’s posture and
path. Further, estimating the distance moved while reconfiguring the equip-
ment location becomes cumbersome and inaccurate. The proposed framework
captures real-time data of the digital factory layout and avoids manually posi-
tioning them to the intended world space using QR code tracking. Additionally,
it simplifies and fast-tracks loading the planning data compared to physical
prototypes and cardboard modeling of the workstations.

Most AR applications use the marker-based system to identify the rela-
tive position of virtual objects within the scene [39]. A user position tracking
system is also applied to track user position [40]. Development tools such as
ARToolkit, and AR Tag consist of various markers, including dot markers,
frame markers, data matrix markers, and ID markers. These markers are usu-
ally standard primitives, text, or patterns in greyscale, providing the advantage
of recognizing the patterns quickly in dim light or under reduced camera pixels
[39].

Most current HMDs can detect QR codes within their frame of sight. The
QR marker system provides a reference coordinate to the real world, estab-
lishing a scale for indication. Fig 8a represents a user interface for the digital
factory prompting to place the marker and Fig 8b demonstrates the virtual
asset positioned with respect to the QR code. The virtual assets appear on the
device after registering the QR code by scanning it. When triggering the QR
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code, the PLMXML activates the virtual models linked to it, which are visu-
alized. The QR marker represents a location in the virtual factory layout and
displays the content relative to its position in the real world. Furthermore, it
eliminates the need for pre-registration, unlike azure spatial anchors. Virtual
models are linked using PLMXML, which calls the function.

Fig. 8 (a) User interface for QR marker placement (b) QR code positioning virtual asset

4.3 Loading and Positioning Operations

To visualize the virtual layout, an HMD is required. HMDs accept a default
feature point to load a virtual scene in xR. It does not provide accurate refer-
encing of the virtual content with the real world when visualizing the layout.
To track positional changes to the equipment in the factory, it is critical to
precisely position the scene with the real world. The QR code positioning gen-
erates a reference point enabling the tracking of its position relative to other
components in the scene. Any updates to the workstation position are cap-
tured for merit studies. The worker movement captured in the scene provides
data for analysis and further validated for improvement.

The digital factory layout was visualized on an HMD by importing the
CAD models to the game engine. The project is set up based on the cur-
rent planning data. The CAD models are imported to the project and further
reviewed on the HMD. The digital factory is displayed on selecting the applica-
tion, and QR code can be triggered from the user interface (UI). The position
of the workstation is analyzed based on QR code tracking. Fig 9a depicts the
augmentation of digital factory for scene positioning and Fig 9b represents a
part of the factory layout prompted by the application.

Not all the workstation needs to require an update. Therefore, a quick
changeover between workstations provides the opportunity to review bottle-
necks between connected workstations and review for collisions in the material
flow. It assists in conducting merit studies of the workstation design. Real-time
feedback assists in fast-tracking the review process and re-initialize tracking
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Fig. 9 (a) Augmentation of virtual assets (b) Digital factory visualization

to see the changes. Fig 10a displays a virtual workstation and Fig 10b demon-
strates the UI used for quick changeover between workstations. The work

Fig. 10 (a) Virtual workstation (b) Quick workstation changeover User interface

points on each workstation were considered anchor points, which enabled secur-
ing each workstation to the real world. Each workstation can be analyzed and
reviewed for improvements once it is positioned in the real world.

4.4 Results

The pre-planned virtual models were loaded and positioned accurately to the
real world using quick response nodes proposed by the framework. The vir-
tual factory models were loaded and positioned faster without interference
with the real-world environment. The workstations were loaded and positioned
manually in the case study using QR code. A HoloLens2 was used to load
pre-planned virtual assets.

Table 1 shows that it took approximately 251s and 263s to load the four
workstations using manual tracking and QR code tracking, respectively. This
signifies there isn’t a big difference in loading preplanning data due to the
execution of QR code. However, in the case study, the positioning of models
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Table 1 Workstation pre-planning loading and positioning

Modeling Manual orientation QR code tracking

Factory
Loading Positioning Loading Positioning

stations

Workstation 1 60s 120s 70s 30s
Workstation 2 55s 90s 55s 25s
Workstation 3 48s 92s 50s 25s
Workstation 4 88s 135s 88s 32s

in the real world showed a significant difference. It took approximately 437s
to manually position the virtual models of the four workstations and reference
their position to the intended design for a real environment. But using the QR
code marker, the workstations were oriented within 112s. Overall, positioning
workstation assets using QR code takes 25.6% of the time required to position
assets using manual positioning by interacting with the virtual assets.

5 Conclusion

The focus of this paper is to underline the gaps in the current industry prac-
tice when planning low-volume individualized product manufacturing. The
proposed intelligent production planning framework couple’s different data sys-
tems and workstations are optimized by virtual analysis using xR techniques.
Additionally, it highlights the challenges the automotive industry is facing to
fast-track low-volume production planning and the solution to fast decision
making:

• Mass manufacturers are finding it challenging to fulfill low-volume personal-
ized demands due to their dependability on traditional mass manufacturing
production planning techniques.

• Poor integration between process planning, factory layout, and customer
and factory PDM leads to inefficiencies in production planning, increased
cost, and time delays.

• The quick response nodes implemented in the automotive preplanning lay-
out review resulted in positioning virtual assets within 25.6% of the time
required using manual interactive positioning using VR techniques.

• The lack of a framework for low volume individualized production plan-
ning has led to quality depreciation for manufacturers due to the lack of
appropriate data management strategies.

The intelligent production planning framework can fast-track the develop-
ment cycles for an individualized product by xR techniques embedded with
data tracking and analytics. The linking of data management with xR appli-
cations enables faster decision-making and reduction of downtime. Integrating
customer PDM, factory data, manufacturer PDM, product data, and process
data can quickly detect production planning issues and track information in
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real-time. Future research will be conducted by optimizing the walkway and
testing and validating the framework in a real-world scenario for shortening
layout development for individualized products.
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