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Abstract

The ability to track assets in real-time is critical to manufacturing and is an essential component for
smart factories. Such a Real-Time Location System (RTLS) for asset tracking provides useful data
inputs for various purposes such as monitoring of personnel on the factory floor, equipment
utilization, inventory levels and flow of work-in-progress (WIP). This in turn leads to better
identification of bottlenecks, optimization of factory layouts, more informed planning and scheduling,
and hence an overall improvement in productivity. This chapter details the benefits of asset tracking
in a smart manufacturing environment. It covers the various techniques and technologies currently
available for real-time asset tracking. The issues faced in deploying a practical real-time asset
tracking system and the hardware and software solutions available to mitigate the different challenges
are discussed. The state-of-the-art research being done in the area of RTLS for manufacturing is also
presented to provide the reader with an idea of the type of advanced solutions that can be expected in
the future.
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2.1.  Introduction
Manufacturing requires meticulous management of assets in order to achieve sufficient productivity. A
single facility alone can have various moving parts, tools, and Work-in-Progress (WIP) that need to be
accounted for in the inventory as knowledge of the quantity and distribution of these assets is critical.
Making decisions on operation budget and maintenance schedules require in-depth insight on
manufacturing inventory, production speed and breakdown frequency. On a smaller scale, there should
be sufficient relevant equipment in the inventory for personnel to carry out their duties safely and
efficiently in the factory. If done well, asset management can help bring down operating cost, ultimately
maximizing profits.

Asset management in recent years has grown increasingly reliant on new technologies as they become
more readily available. Software can help keep track of detailed information regarding all assets in a
single facility while minimizing overhead. Through the internet, it is possible to implement a
centralized asset management hub across multiple locations along the manufacturing supply chain,
providing a more holistic view of production. Information obtained from the system can be further
analyzed to gain accurate insights on asset lifecycles, consumption and breakdown frequency.
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The proliferation of smart technologies in recent years has helped automate and optimize various
workflows both inside and outside the assembly line of smart factories. Industry 4.0 has introduced
automated robots and machines that are driven by data, rendering them highly efficient and flexible.
Hence, access to real-time location data would be a great boon in further improving a smart factory’s
production capability. Common problems such as misplaced tools, latent performance issues,
bottlenecks and assembly line delays can be solved via the use of asset tracking via a Real-Time
Location System (RTLS).

RTLS typically consist of three components, a tag that is attached to the asset being tracked, a set of
anchors or reference nodes whose positions are known and a positioning engine for estimating the asset
location. Signals are exchanged between the tags and the reference nodes through the chosen wireless
technologies. Based on one or more of the characteristics of the signals exchanged such as the signal
strength, time of flight or angle of arrival and the location of the anchors, the positioning engine then
computes the locations of the tags via a positioning algorithm. The estimated real-time position data is
then made available to other systems for the purposes of inventory management, data analytics, and
enterprise resource planning (ERP).

There are currently several types of asset tracking systems available in the market, making use of
various wireless technologies and positioning algorithms. However, these solutions are generally suited
for relatively benign environments such as offices and homes. In contrast, real timereal-time asset
tracking in industrial environments like factories face additional challenges. The industrial environment
typically has more metallic parts, large machinery, and wireless equipment. All these lead to a
deterioration in the quality of the wireless signals used in RTLS, resulting in more inaccuracies in the
estimated asset position. Therefore, an RTLS for a smart factory would need to take these factors into
account in order to provide a robust and accurate solution that can fully exploit the potential benefits.

This chapter examines the inner workings of an RTLS, the challenges encountered in both operation and
adoption, and the current innovations both in use and under development. It discusses the different
wireless technologies used for the communication between the tag and the reference nodes, as well as
the algorithms utilized to transform extracted signal characteristics into position estimates.

2.2.  RTLS in Smart Manufacturing
An essential characteristic of smart manufacturing is the use of digital technology to improve the
management of parts, tools, employees, and overall workflow (Fig. 2.1). RTLS coupled with IIOT is the
enabling digital technology for these improvements to take place. Using RTLS, bottlenecks and
underlying issues can be identified by observing areas with significantly more processing time. With
these findings, the factory layout can be further streamlined by placing relevant areas in closer
proximity to minimize employee movement. Tracking parts and WIP makes it possible to determine
their order processing speed and subsequently calculate income projections and order fulfilment
capacity.

Fig. 2.1

Benefits of RTLS to Smart Manufacturing
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2.2.1.  Parts Tracking

In conventional manufacturing, parts and components to be used in the factory are typically ordered in
bulk. Upon arrival, they are received by personnel who are responsible for entering the new parts into
the inventory. This is usually a manual process done through data entry or barcode scanning.
Afterwards, the parts are placed into storage, where they will be taken out and used as needed on the
assembly line. Parts consumption is then loosely estimated based on the count of completed orders, and
subsequent part orders are adjusted to meet demand.

The typical parts tracking process employs technologies that require deliberate scanning of the tag or
label. This is understandable as parts may be too small and numerous to feasibly merit individual
tracking. However, manual input can become labor intensive due to the need for individual scanning.
The scanning of parts does not guarantee their prompt usage, as they may end up unused and eventually
forgotten, becoming an unnecessary expense that hinders earnings. It is therefore imperative to keep
track of parts at various locations within the factory.

An RTLS can help track current and incoming parts and monitor their consumption within the premises.
As parts may be too small to be tracked individually, they can be grouped into smart containers as they
are put into storage. These containers can be equipped with tags and sensors to detect when parts are
taken out. With this, the RTLS is then able to provide real-time location, distribution and usage of parts
across the factory floor. This provides a realistic estimate of a specific part’s usage, which can prevent
excesses or shortages. The system can help ensure the rotation of inventory in cases where the assembly
line works with perishable assets. The data collected can be further analyzed to determine ideal storage
locations closer to stations with higher part demand, and aid in auditing and fraud detection.

2.2.2.  Work in ProgressWork-in-Progress (WIP) Tracking

WIP within factory premises are often tracked on a stage-by-stage basis. At the start of the assembly
line, a unique tag or barcode is associated with the WIP that makes it identifiable through scanning. As
work is done on the WIP and it passes through different stations, this code is scanned either by fixed
scanners or by factory employees. This allows the status and relative location of the WIP to be updated
in the system and provides an estimate of its progress when it enters or leaves the workstations.

Similar to parts, the RTLS can either group or assign individual WIP to reusable trays already equipped
with tags. Unlike tags or barcodes currently in use, RTLS tags do not require manual scanning and can
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automatically provide real-time location and WIP progress. The data gathered can provide more
accurate average processing times and production rate at each station. For companies that manufacture
their own parts or operate larger supply chains, it may be more desirable to embed the tag within the
WIP to track its location within the current and subsequent factories. This solution can also be kept on
the finished product and serve as proof of authenticity, aiding in counterfeit detection and parts recall.

2.2.3.  Tools Tracking

The tracking of tools in factories makes use of software solutions that aid in creating and updating
entries in the inventory by allowing users to enter tool information, manage personnel assignments, and
monitor locations via technologies such as Bluetooth, RFID, and barcodes. The unavailability of tools
quite inevitably results in delays in production. During production, it is possible for tools to be
misplaced, causing inconsistencies between actual location and digital records due to human errors in
data entry. High demand tools tend to be booked in advance and not released despite not being needed,
leading to inefficient usage and higher waiting times.

Monitoring the location of tools can help cut down idle time spent searching or waiting for them to
become available. Tool tracking through RTLS can keep track of tool performance, health, and location
history to facilitate accurate inventory management and predictive maintenance. Through analytics, the
average life expectancy of tools and machinery can be more accurately estimated, enabling pre-emptive
replacement or maintenance to decrease non-productive time. It becomes possible to identify tools that
are most more often used in certain stations and identify those that are redundant or poorly used ones,
streamlining helping to streamline the workbench so that it does not become overly cluttered and
hamper productivity.

Depending on the type of tool or equipment, tags may be attached to them not be needed or different
monitoringother approaches can be employed to track these assets using RTLS. Similar to parts, small
tools can be grouped into trackable toolboxes or tool carts.permanently assigned to a station. Equipment
that are large or valuable enough can be assigned their own tags so that their real-time locations can be
displayed. Some tools now come with built-in RF tracking modules.capabilities, and Bluetooth-based
attachments can be equipped to existing tools and machinery. With these trackable toolstags, it is then
possible to associate the toolsthem with the userspersonnel so that their locations are linked. This
association becomes crucial for certain specialized tools that require training and should therefore be
restricted to authorized personnel. Through the association of the tool’s and the personnel’s locations, it
is possible to check and keep a log on who is using the tool and raise alarms if necessary.

For larger machinery such as forklifts, RTLS tags can be used for additional safety and security
measures to prevent unauthorized operation in out-of-bound areas. Also, by tracking the position of the
forklift and the staff located nearest to it, an association can be made of the machine and its operator.
This information can be used for various purposes such as calculating manhours and studying operator
working habits. Similar associations can be made of the assets being transported by the forklift and the
position of the forklift. For example, by scanning the barcode/RFID on the asset being transported and a
barcode/RFID on the forklift, the association between the machine and the goods (parts, WIP or
finished products) can be made. Thereafter the location of the forklift estimated using the RTLS system
can be taken to be the real-time location of the goods being transported. When the goods have been
brought to their destination by the forklift, the system can be signaled by the operator to indicate that
the particular items have been unloaded and they are then disassociated from the machine used to
transport them. The location of the forklift at the point of disassociation will be updated as the last
known position of the particular items in the inventory management system.

RTLS also helps to improve the flexibility in navigation for Automated Guided Vehicles (AGVs). AGVs
are now a common sight in factories, being used to transport raw material, parts, WIP and finished
goods. Though AGVs typically make use of other guidance mechanisms such as guide tapes pasted on
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the floor, the use of RTLS can free them from being restricted to pre-determined routes. With the
additional flexibility of not having predetermined routes, AGVs are able to respond more dynamically
and optimally to the changes in factory space. For example, when a shorter path becomes available due
to the freeing of some factory floor, a new route can be created almost immediately for an RTLS-guided
AGV. On the contrary, AGVs guided by tape will require time for the tapes to be pasted, and there is no
guarantee that the newly created floor space will still be available after the tapes have been pasted.

2.2.4.  Personnel Tracking

In many facilities, tracking personnel tracking exists mostly in the form of worker access control, where
employees scan their card when entering or leaving certain rooms in the facility. With this, it is easy to
identify employee location history and personnel who have visited certain areas of the building at a
certain date and time. This approach may be enough for environments that have multiple rooms, as it is
easy to implement door locks that are connected to card scanners.

On the other hand, manufacturing facilities typically employ open space peppered with workstations to
allow the easy movement of goods and personnel. Hence, worker access control may not be enough to
monitor personnel activity on the factory floor. While the information gained from such a system can
collect information on when employees enter and exit the factory, it is incapable of telling where they
are inside the factory. Aside from this, access control provides little information on worker distribution
across the entire area. For factories, imbalance of manpower across different stations could be a cause
for sign of inefficiency and should therefore be detected and studied.

The integrated use of RTLS tags with employee badges can help automate the check-in and check-out
process when entering the factory, which can help reduce waiting times during rush hour periods. As the
tags provide real-time location of all equipped personnel, the system can more closely monitor
workload and manpower distribution across all areas of the factory through the use of zoning and
geofencing. The system can also be used to enhance workplace safety in conjunction with tool tracking
through the real-time checking of associations, ensuring that the worker currently operating certain
tools or machinery has had the requisite training or certification, where necessary. In facilities with
forklifts or vehicles, it is possible to monitor traffic and alert personnel in order to avoid collisions. The
system can also extend the use of location-equipped RTLS tags to visitors, which can help detect
trespassers or unauthorized personnel in restricted zones.

2.3.  RTLS Components
As depicted in Fig. 2.2, a Real-Time Location System (RTLS) an RTLS generally consists of three
major components: the mobile tags, the stationary reference nodes, and a software component called the
positioning engine. Information is exchanged between the tags and the reference nodes, and from the
data gathered, the positioning engine estimates the location of the tags.

Fig. 2.2

RTLS System Diagram
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Tags are small battery-powered devices that are attached to the asset or personnel being tracked. They
typically carry identification information and are meant to communicate with the reference nodes.
Depending on the system, tags can either transmit signals to the reference nodes, receive signals from
the reference nodes, or have a transceiver that allows two-way communication. Reference nodes are
fixed at designated spots in the facility and usually situated at a sufficient height above the factory floor
to minimize blockageocclusion of the line-of-sight between them and the tags. They are also referred to
as anchors, locators, or readers. The reference nodes typically form a network among themselves and
the host computer running the localization software.

In most cases, transmitter tags send signals to the reference nodes and the positioning engine estimates
the location of the tag based on the information derived from the signals received. This setup allows the
reference nodes and the host PC to carry the computing burden and allow for easier scheduling and
synchronization. More recently, receiver tags in the form of mobile phones have become more common
as mobile phones gain due to their ever increasing computing power. By receiving signals from
transmitting nodes, a phone can use installed positioning applications to calculate its own position. A
hybrid Lastly, transceiver tags capable of both receiving and transmitting,  offers some offer even
more flexibility to an RTLS system, as reference nodes can send commands to itthem for power
management and easy configuration.

2.3.1.  RTLS Technologies

This section covers the mode in which the tags and the reference nodes communicate. As the tags are
meant to be attached to mobile assets, communication between the tags and the reference nodes has to
be wireless, with the tag acting either as a transmitter, receiver or transceiver (Fig. 2.3). Though optical
and ultrasound are potential technologies that have been exploited for RTLS, their usage is rather
limited. The majority of RTLS systems make use of Radio Frequency (RF) communication between the
tags and the reference nodes. The RF communication can be through various wireless standards such as
Bluetooth, Wi-Fi and Ultra-Wideband (UWB)UWB. The criteria involved in selecting the most suitable
standard for an RTLS application will be discussed in a later section. will include factors such as
positioning accuracy, power consumption, cost and ability to use existing wireless infrastructure.

Fig. 2.3

Modes of Communication between Tags and Reference Nodes
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It is a common misconception that indoor positioning is easier to carry out than outdoor positioning due
to the more controlled environment. Firstly, the Global Navigation Satellite System (GNSS) is doing an
excellent job in outdoor positioning. The GNSS technology essentially consists of a set of transmitters
carried by satellites whose locations are known and hence are the reference nodes and the mobile
devices with the GNSS receivers are the tags. In fact, many RTLS that involve localization in outdoor
environments do make use of GNSS either partially or solely as the positioning technology. GNSS,
however, cannot be used for most practical indoor positioning applications. This is because the satellite
signals are too weak to penetrate the roofs and ceilings of buildings before reaching the GNSS receivers
inside them. Furthermore, even if the receivers did manage to receive the signals, the additional time lag
caused in traversing through the building materials, along with the issues caused by the reflection of the
signals from multiple objects before reaching the receivers, will make the GNSS system unusable for
most indoor scenarios. There are GNSS re-transmitters which can receive the signals outside the
building and beam it within the building. However, using them will only give the position of the re-
transmitters and not the position of the mobile receivers within the building. This is because the time
difference in the arrival of the signals from the various GNSS satellites to the mobile receivers is lost
when the signals are received and transmitted indoor from the single position of the re-transmitter.
Hence, GNSS, despite doing an excellent job in outdoor positioning, is not an ideal solution for indoor
RTLS. Instead of using the GNSS satellites, new infrastructure in the form of stationary reference nodes
have to be setup within the indoor space. The wireless technologies that are commonly being used for
these RTLS infrastructure are discussed in the following sections. A table summarizing these
technologies (Table 2.1) is given at the end of the section. A summary of the technologies is given in
Table 2.1.

Table 2.1

Comparison of Technologies used for RTLS Technologies

 RFID Wi-Fi Bluetooth UWB Vision

Typical accuracy (m) ~5 to
10 ~1 to 5 ~1 to 5 ~0.1 to

1 ~0.001 to 0.01

Sensitivity to NLOS
conditions Low Moderate Moderate High N.A. (Cannot operate in

NLOS)

2.3.1.1.  Radio Frequency Identification (RFID)

Mainly utilized to automatically identify objects, Radio Frequency Identification (RFID) technology
employs wireless signals to exchange identity information [2]. An RFID-based RTLS employs RFID
tags attached to assets and readers mounted at designated locations. An RFID tag generally has a chip
containing unique identification information and an antenna for communication [42]. The tags can be
active, periodically transmitting its their information to nearby scanners/readers to receive, or passive,
capable of only sending out information when prompted by an RFID reader [59]. Passive tags are more
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commonly used as active tags are more expensive and power-hungry [12]. For asset tracking, tags are
attached to assets which move through different zones. RFID readers are stationed at certain
checkpoints to take note of the assets entering and leaving a zone.

Depending on the RF frequency used, RFID tracking systems can read tags without the need for direct
contact or Line-of-Sight (LOS) transmission [34]. On the other hand, RFID is meant more for
identification and has no built-in tracking capability. The location of an asset is derived from the
location of the readers and the context in which the tag is scanned, as the communication process does
not indicate the proximity of the tag to the reader [52]. Therefore, RFID-based RTLS have no
knowledge of the movement of the assets when it is in between the scanning stations, and it is possible
for it them to be lost. This can be amended by using smaller zones and installing more readers to obtain
a more precise location. However, increasing the number of readers incurs a higher infrastructure cost.
Also, it is rather difficult to constrain the reading range of the readers to exactly within specific areas.
When readers are spaced close to one another, there is a high chance of overlap between their reading
zones leading to ambiguities in the location of the tag being read. Hence RFID is more suitable for
application scenarios where room- or station-level accuracy is sufficient but may not be enough for
those that require higher levels of granularity.

2.3.1.2.  Wi-Fi

Wi-Fi is commonly used to form local area networks and provide internet access to a host of devices
and is widely deployed in both industrial and non-industrial environments. It is because of this
widespread availability that there is a big push for the implementation of Wi-Fi based RTLS. Adoption
is relatively easy, since the infrastructure will mostly likely be already present, and personnel would
most likely have mobile devices already connected to the system that can be associated with them. Wi-
Fi is also more resilient to occlusion and is able to operate even in cluttered conditionsenvironments
with mostly Non-Line-of-Sight (NLOS) conditions [39].

RTLS systems based on Wi-Fi use available routers or access points as reference nodes and employ
specialized tags or Wi-Fi capable devices such as mobile phones for tracking. Most often, Wi-Fi
positioning uses fingerprinting as its positioning algorithm, as measuring Received Signal Strength can
be done using off-the-shelf hardware [39]. Wi-Fi positioning accuracy with fingerprinting has been
reported to yield accuracies better than 3 meters in a benign environment with existing access points
[21]. In industrial environments, the accuracy is expected to deteriorate due to the presence of more
clutter and metallic objects. Better performance can be obtained using other localization algorithms
besides fingerprinting but they may require modification or replacement of the existing Wi-Fi
infrastructure and hence are not as readily adopted [31].

2.3.1.3.  Bluetooth

A standard for wireless personal networks, Bluetooth operates in the 2.4 GHz ISM band and is designed
to perform peer-to-peer communications using low power [2]. Capable of exchanging information at
short ranges, it is a popular low-cost connectivity option for smart consumer electronics, such as smart
watches, wireless headphones and speakers.

Much like Wi-Fi, Bluetooth-based RTLS presents the ability to incorporate already existing Bluetooth-
capable devices such as mobile phones. For devices without Bluetooth, procuring additional
Bluetooth tags is not a problem, as Bluetooth chips are also cheap, energy efficient, and easy to
integrate [34]. With the development of Bluetooth 5.1, chips can now estimate Angle-of-Arrival (AOA)
and Angle-of-Departure (AOD), which can be used to determine the location and direction of the
associated asset [53]. The current implementations of Bluetooth-based RTLS generally have the
positioning engine either on the mobile device or in a cloud server. Bluetooth is generally able to handle
NLOS conditions but the beacons will have to be deployed with sufficient density in the factory area to
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ensure good accuracy. With careful design, typical accuracies in the order of a few meters can be
expected.

2.3.1.4.  Ultra-Wideband (UWB)

As its name suggests, Ultra-Wideband (UWB) is a wireless communication technology that is capable
of transmitting information at high data rates over short distances. By definition, UWB signals have a
bandwidth higher than 0.5 GHz or 20% of its center frequency [46]. UWB has been traditionally used in
radar imaging [28], but current research has explored the possibility of using it for both outdoor [65]
and indoor [40] tracking applications.

Compared to other wireless narrowband media, UWB has the potential to provide higher resolution and
higher penetration through lossy materials [66]. As they are transmitted with low-power spectral
density, UWB signals consume less power and can coexist with other narrowband radio signals [51].
UWB used for RTLS has been designated by the various telecommunication regulatory bodies to be
beyond UHF frequencies (greater than 3 GHz). At these frequencies, while retaining its higher timing
and spatial resolution capability, UWB loses its material penetration capability. Hence, UWB for RTLS
is able to provide centimeter-level positioning accuracy so long as it is under Line-of-Sight (LOS)
conditions, which requires little to no obstruction between the tags and the reference nodes [2].

The signal from a transmitter can reach a receiver both from the direct straight line LOS path as well as
through the Non-Line-of-Sight (NLOS) NLOS paths from reflections off other objects in the
surrounding area. If the receiver is not able to differentiate between LOS and NLOS signals, the longer
time of flight taken by the NLOS for the signals to arrive at the receiver can be erroneously interpreted
as coming from a transmitter farther away. This error in the estimation of the range between the
transmitter and receiver results in an inaccurate positioning estimate. As the NLOS signals can take any
number of paths before reaching the receiver, they are also referred to as multipath signals. The more
highly reflective objects such as metals there are in the environment, the more multipath signals can be
expected. Fortunately, in contrast to narrowband RF technology, UWB, due to its pulsed nature, has the
inherent capability of allowing the first arriving LOS signals to be differentiated from the later arriving
multipath signals. ByHence, by being able to selectively use the LOS signals, UWB has been shown to
give centimeter level centimeter-level positioning accuracy.

While the higher level of clutter in the industrial environment will lead to more multipath signals,
suggesting that UWB be the chosen technology for better positioning accuracy, there is the problem of
the clutter completely occluding the LOS between the tags and the reference nodes. So, in order to reap
the full benefit of the higher level of positioning accuracy achievable by using UWB, there is a need to
ensure, as far as possible, LOS conditions between the tags and the reference nodes. This can be
somewhat ensured by having more reference nodes strategically placed around the factory space.
Obviously, such an increase in the number of reference nodes will be at the expense of greater
installation and maintenance costs. Thus, a trade-off has to be made between the level of accuracy
desired and the infrastructure and maintenance cost incurred from the deployment of the UWB RTLS
system.

2.3.1.5.  Vision

Computer Vision relies on images and videos from installed cameras to perform various tasks such as
object and facial recognition. It is commonly used in the navigation of autonomous vehicles [19]: being
able to identify potential obstacles, track the movement of pedestrians and other vehicles, and predict
the proper action the vehicle should take. Most automation projects involving Computer Vision aim to
minimize human error and increase accuracy and performance, and the same can be said for Vision-
based RTLS. Vision-based systems are capable of very high accuracies in the order of millimeters.
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These systems are quite different from radioRF-based systems as the assets and personnel to be tracked
do not require tags. Indeed, the system would only require cameras as hardware, which the site may
already have installed as a security measure. Furthermore, since there is no exchange of wireless
signals, Vision-based RTLS do not need to worry about interference and multipath effects that arise
from NLOS conditions that hamper all RF-based RTLS.

While this system appears attractive at first glance, an optical approach has other disadvantages when it
comes to tracking objects in a particularly large space. Visually tracking an object can be divided into
two subtasks: determining which object is in frame and determining where it is in the indoor area.
Although Vision has strong potential in both subtasks, it has trouble doing so simultaneously. The
identification of assets requires a detailed view that can only be obtained by placing the camera closer,
while tracking objects requires a more holistic view of the area with the camera placed farther away.
This leads to trade-off between the two tasks in the overall solution. The placement of the cameras on
the site is also crucial, as the performance of camera-based approaches will be hampered by occlusions
and blind spots. This is especially true for industrial environments where it is common to find large
equipment and mobile objects such as transport machinery.

2.3.2.  Localization Schemes

Depending on the communication technology between the tag and the reference points, the positioning
engine receives and collates the signals. It then analyses analyzes the signals and uses the pertinent
information to determine the location of the tag. The specific data needed to determine the location
varies depending on the positioning scheme in use. In general, the schemes make use of either the
received signal strength (RSS), the Time of Arrival (TOA) or Angle of Arrival (AOA) information of
the signals communicated between the mobile tag and one or more reference nodes to carry out position
estimation using geometry-based techniques such and as trilateration or triangulation [5]. The
commonly used RTLS localization schemes are discussed in this section.

2.3.2.1.  Two-Way Ranging (TWR)

In Two-Way Ranging (TWR), the reference node and tag undergo a ranging procedure whereby they
exchange ranging packets to determine the transmission delay and from that, the distance between
them[5]. The reference node sends a message to the tag and receives a response after some time. The tag
is configured to send a reply after a set delay and with this, the node can determine the overall round
trip time of the exchange as well as and from that the distance between the node and the tag. The
position engine can then calculate where the tag is on the site given the calculated distances from
multiple reference nodes.

This method, which mainly utilizes communication delays to determine distance, can be used by stand-
alone devices for measuring relative distances without additional infrastructure [8]. TWR does not need
synchronization between nodes, which minimizes hardware requirements and eases implementation
[41].

While the described distance calculation formula works well in theory, time measurement errors can
occur in practice due to clock and frequency drift [15], causing a decrease in ranging accuracy.
Furthermore, TWR’s algorithm takes up a large portion of the airtime to exchange messages between
the tags and the reference nodes. This limits the number of tags that can be fielded since they share the
same radio spectrum when communicating with the different reference nodes.

2.3.2.2.  Time of Arrival (TOA)

Similar to TWR, the Time of Arrival (TOA) scheme estimates the distance between a tag and a
reference node using one-way propagation time [47]. TOA differs in that the reference nodes are time
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synchronized, and that the transmitted packets contain timestamps which are used to determine the
duration of the exchange [51]. Using the information from the synchronized nodes, the positioning
engine can then determine the location of the tag through trilateration.

2.3.2.3.  Angle of Arrival (AOA)

The Angle of Arrival (AOA) scheme has the reference nodes compare the signal reception angles to the
carrier phase or signal amplitude across multiple antennas [2]. Typically, AOA systems consider two
angles with respect to the reference node: anthe inclination angle and the azimuthal angle. Based on
these angles, the engine can infer a zone where the tag may be and narrow it down by carrying out
triangulation using angles from additional reference nodes.

Unlike the other time-based schemes, AOA does not require synchronization between nodes, making it
easier and more cost-effective to implement [51]. The AOA positioning scheme, however, requires a
more complex RF hardware due to the use of antenna arrays and their associated circuitry [1]. A high
level of AOA estimation accuracy is required of the hardware and signal processing algorithm as even
small errors in angle estimation may translate to unacceptably large errors in position estimation,
especially when the tag is farther away from the reference nodes [47].

2.3.2.4.  Time Difference of Arrival (TDOA)

Time Difference of Arrival (TDOA) derives tag position by measuring the difference of signal arrival
times from one message across different reference nodes. Under this scheme, tags communicate with
fewer messages than TWR for position estimation. Since there are fewer exchanges, the tags can
operate longer, and the system is able to accommodate more tags. Another advantage is that, in contrast
with TOA, a common high precision clock between the reference nodes and the tag is not necessary to
timestamp the messages. Instead, the reference nodes just only need to be synchronized to with each
other. Typically, the tags will be the transmitters and the time difference in the arrival of the message at
the receivers of the reference nodes is sufficient to estimate the position of the tag. Due to the need to
obtain the difference in the time of arrivals of the signals, an extra reference node is required for TDOA
as compared to TOA- or AOA-based systems. For example, a system using TDOA would require
readings from a minimum of four reference nodes to achieve three-dimensional positioning [44].

2.3.2.5.  Fingerprinting

Commonly used by RFID, Wi-Fi, and Bluetooth-based RTLS, fingerprinting involves determining a
given tag’s location based on the profile of the signal received and matches matching it with collected
profiles in certain parts ofat various locations within the site. It consists of two phases: an offline phase
that involves constructing a database of fingerprints collected at different reference pointsvarious
locations and an online phase that matches tag data with the database [9]. Fingerprinting normally uses
Received Signal Strength (RSS), with reference pointsnodes acting as transmitters and mobile tags
acting as receivers. With this configuration, there is less communication traffic and allows for
, consequently, there is no limitation on thean unlimited number of tags [2].

However, this method relies heavily on the radio map drawn from the collected fingerprints. The offline
collection of fingerprint data is widely deemed to be tenuous and manpower-heavy [24]., and And with
RSS known to be prone to changes in the environment [20], there may be a need to periodically
reconduct fingerprinting to provide an up-to-date distributions within maintain an up-to-date database
for a site. These disadvantages further compound the collection costthe cost involved in fingerprint data
collection and is the reason why research has focused on further refining thethis technique.

2.4.  Challenges
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Despite the various well-known benefits of RTLS in smart manufacturing (discussed in earlier sections),
there are still challenges to their industry-wide adoption. This section elaborates on these three of
these issues and how they affect the adoption of RTLS.

2.4.1.  Challenges in Accuracy

Positioning schemes make use of basic relationships between the signal characteristics and the distance
between a tag and a reference node. Time-based schemes consider an inversely proportional relationship
between the estimated distance and the time-of-flight, while those based on signal strength interpret
stronger signals as shorter distance between the tag and reference nodes.

Under ideal conditions where the tag is in Line-of-Sight (LOS)LOS, the first arriving and strongest
signal at the receiver will be the one that propagates in a straight line from the transmitter. When this
signal is used for position estimation, the best results are obtained. In all realistic environments even in
LOS conditions, there will be signals arriving at the transmitter after reflecting off nearby objects such
the ceiling, floor, walls and other equipment. This is called the multipath propagation (Fig. 2.4), due to
the multiple paths that the transmitted signal can take before reaching the receiver [32]. The reflected
signals can add destructively to the main LOS signal, resulting in the received signal getting attenuated.
In addition, for schemes based on signal time of arrival, the receiver may not be able to differentiate
between the LOS signal and the NLOS signals. When presented with a delayed and/or attenuated signal,
the positioning engine is misled to think that the tag is farther away from the reference nodes than it
actually is, resulting in an inaccurate position estimate. This problem is further compounded when there
is an object blocking the straight-line path between the transmitter and receiver, resulting in no LOS
signal and only multipath NLOS signals. Any position estimation under such an NLOS condition will
be based on the delayed and attenuated, reflected signals, resulting in greater deterioration in accuracy.

Fig. 2.4

Multipath Propagation

Therefore, the positioning accuracy of RF-based RTLS is most adversely affected under Non-Line-of-
Sight (NLOS)NLOS conditions. Vision-based systems are also affected by obstacles, as they can block
the view of the camera at certain angles and cause blind spots. Installing multiple reference nodes high
above the factory floor can increase the number of distance estimates with LOS signals. This minimizes
the effect of NLOS signals but may not remove them altogether.

Out of all the signal parameters used in position estimation, the Received Signal Strength can be said to
be most sensitive to multipath propagation. This is because even subtle changes in an NLOS path can
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cause the signal strength at the receiver to fluctuate, since the signal strength is based on the aggregate
of all the multipath signals (both LOS and NLOS) arriving at the receiver [23]. When used in
fingerprinting, this can cause the radio map of the location to change frequently and require constant
updating, which would further increase the amount of resources spent on data collection.

2.4.2.  Challenges in the Industrial Environment

Despite the clear need for asset positioning in smart manufacturing, the factory environment specifically
poses several issues hindering robust and accurate tracking, as shown in Fig. 2.5. Unlike benign
environments such as offices and classrooms, industrial environments have metallic equipment, moving
parts and personnel, generated electromagnetic (EM) noise and possible interference from other
wireless devices. These exacerbate the already existing issue of RF multipath propagation that the tags
experience, and consequently degrade positioning accuracy further.

Fig. 2.5

Industrial Elements that Hamper RTLS Performance

The accuracies stated in current RTLS systems in the market are normally under best case scenarios
such as in home or office environments. The actual accuracy that can be achieved in challenging
industrial environments are rather difficult to predict. Each factory will have different levels of clutter
and sources of interference. The type of accuracy achievable can normally only be ascertained after
deploying the system. A skilled installer with good experience in a particular system would however be
able to make a reasonable estimate on the kind of accuracy that can expected. In order to do that,
besides surveying the factory environment, he may have to carry out some tests or measurements.

2.4.3.  Challenges to System Adoption

Various RTLS systems are currently available in the market, yet adoption has been not as wide as it
would be expected of a technology with the obvious benefits of manpower optimization, asset
management, and productivity enhancement.
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Besides the expectations on the system performance, the capital and operational expenditures are
important factors that will weigh heavily in the mind of anyone planning to acquire an RTLS solution
for a factory [2]. Depending on their requirements, interested companies would have to pay for
specialized hardware and manpower for its installation. Utilizing already existing infrastructure such as
Wi-Fi access points and security cameras may help reduce costs, but they would still have to acquire the
specialized software and pay for its configuration. Likewise, the subsequent training of personnel to use
and maintain the system would require additional investment.

Another factor to be considered is the time and manpower resources required for incorporating the use
of the RTLS into the existing workflow. Operating procedures may have to be modified to accommodate
the assigning and reuse of tags when tracking assets along the factory floor. Personnel must also get
accustomed to carrying the tags as they work inside the premises and make sure that all assets have the
appropriate tag attached. There could also be concerns on data collection and privacy when it comes to
tracking the position of personnel. Hence, every stakeholder, regardless if whether they are a factory
owner, management staff, or worker, must be convinced of the advantages in having the RTLS with
respect to their own jobs and interests versus the cost and other possible inconveniences, in order for the
system to be widely adopted across the industry.

2.5.  Innovations and Future Trends
The challenges encountered by RTLS in the previous section provide valid reasons as to why they have
yet to become mainstays in factories. By themselves, the current technologies are prone to interference
and signal attenuation, especially in industrial settings where metalsmetallic objects and clutter are
prevalent. This hinders the accuracy and robustness of the system, which in turn may does not justify
the cost of installing an RTLS in the a facility.

Given this, much research has been dedicated to improving positioning accuracy, shown in Fig. 2.6.
These efforts are divided into three approaches, where the system is modified on the component-level
via hybridization, the estimate-levelsignal-level by filtering, or the engine-levelalgorithm-level with the
addition of machine learning.

Fig. 2.6

Current Innovations in RTLS
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2.5.1.  Hybridization

An RTLS can estimate the position of an object by collecting the readings from the assigned tag and
triangulating its approximate location using a positioning scheme. On its own, the location estimates are
not accurate enough as they are hampered by a number of factors. One approach to improve accuracy is
to incorporate additional hardware or software to existing RTLS components to help narrow down the
asset’s location. Strides have been made using this approach in three different areas : by modifying tags
with additional sensors, by using a multiple of localization schemes and by using a multiple of
technologies.towards methods at three different levels: the use of additional sensors on the tags, the
compounding of positioning schemes, and the hybridization of communication technologies. Figure 2.7
illustrates these three approaches.the main modifications made at each hybridization level.

Fig. 2.7

Possible RTLS Hybridization Options

With the increasing availability of smaller low-cost sensors, it is now possible to gather additional data
while maintaining an asset tag’s small form factor. This is particularly helpful when tracking mobile
assets, as positioning estimates of moving objects can become inconsistent and jump from one point to
another. Sensors such as Inertial Measurement Units (IMUs) making use of accelerometers,
gyroscopes and magnetometers which , and Inertial Measurement Units (IMU’s) can provide orientation
and acceleration data to the positioning engine and further refine the tag’s location, smoothing its
trajectory. Other sensors can be added to help monitor asset health and usage alongside its location data.
The tags would also have built-in identity information, and by having the system associate tags with
personnel, it is possible to enable automated worker access control and incorporate additional safety
measures such as an emergency button for safety features such an emergency SOS button.

This hardware-based approach takes advantage of the fact that the tags are in regular communication
with the central system in order to provide real-time location data. By using this opportunity to send
over additional sensor readings, the system can obtain not only a more accurate positioning estimate,
but also more information on the assets that can help other IIOT systems, promoting further integration.
This, however, comes at the cost of higher complexity on both the tags and the RTLS engine. The
additional hardware would cause the tag to consume more power and increase its cost. This also makes
communication more tenuous: Since there is more information that needs to be communicated to the



2/5/2021 e.Proofing | Springer

https://eproofing.springer.com/books_v3/printpage.php?token=fpJcneRTJXje8qNFW8oUDXHs8BB5pVAHhxiSUntOJEqoNVkBH1h8lcoeZXb7t9… 16/25

central system, the packet payload would be bigger and has a higher chance of being corrupted or
concatenated.

Under subpar conditions, additional hardware sensors may not be sufficient in bolstering accuracy. The
issue may lie with the weaknesses of the positioning scheme or communication technology in use. It is
for this reason that usage of a compound RTLS with more than one positioning scheme or
communication technology is being explored. The strengths of a second system can compensate for the
weaknesses in the first and allows for the implementation of heterogeneous cells that employ suitable
positioning techniques depending on the conditions in a certain area.

Inaccurate position estimates often result from inefficient LOS readings or an abundance of NLOS
readings during node-tag communication. The compounding of positioning schemes can enable the
RTLS to compensate for erroneous readings from one scheme by using readings from the other scheme.
It is therefore imperative that the RTLS be able to employ effective data fusion techniques to produce a
more precise position estimate [3]. Studies have been conducted to gauge the effectiveness of fused
positioning schemes discussed in the previous sections, such as RSSI-TOA [26], TDOA-TOA [13], and
TDOA-AOA [22, 58]. Some studies have also explored the combined use of three schemes, TDOA,
AOA and RSSI, as seen in [27], where the combination of TDOA, AOA, and RSSI measurements is
determined by Cramer-Rao lower bounds.

Using compound positioning schemes may not be enough in particularly cluttered areas, so some have
proposed RTLS that comprise of subsystems utilizing different communication technologies. Much
attention has been given to incorporating Wi-Fi and Vision into hybrid RTLS, as it is highly likely that
their infrastructure is already installed on-site.

Vision in particular has shown strong potential to complement and improve the performance of RF-
based RTLS. As mentioned in the previous section, Vision-based RTLS is resistant to noise and
interference while RF-based solutions ignore can overcome visual blind spots. Used alone, Vision faces
a trade-off between identification and localization, as cameras placed farther would be able to estimate
the location of an object but unable to identify it. RF technologies, on the other hand, contain
programmed identity information and face no such issue. Therefore, using both solutions in tandem
could potentially improve accuracy given proper associations between the objects identified in Vision
and the tags from RF.

Indeed, some studies have applied this combination to gauge its feasibility for asset tracking. The
system described in [55] made use of RFID and vision subsystems, where identity and relative positions
were derived via RSSI while an absolute position was obtained from Vision via foreground extraction.
The two are then associated by matching the relative and absolute positions from the subsystems.
Another study proposed a disjoint system, where the process was delegated into identification and
localization subtasks and were assigned exclusively to RFID and Vision respectively [7]. Wi-Fi-Vision
hybrids have also been investigated. Marchesotti et al. [38] described a basic sensor fusion scheme for
combining pre-processed video and Wi-Fi positioning results. A more modern, two-stage approach was
proposed byin [37], which uses anonymous detections and identity and trajectory linking.

Hybridization holds much promise and the use of two data streams can provide additional benefits, such
as intruder detection [6] and improved object identification [36]. However, current results current
developments are in general not yet sufficientready for commercial deployment. The use of more than
one system not only compounds the cost but also complexity in terms of both hardware and software.
Specialized knowledge and additional effort are needed to integrate the two systems and derive their
combined benefits., as the association between the estimates plays a crucial part.

2.5.2.  Filtering
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Communication between reference nodes and assets in motion is less stable and is known to cause
jumping in the positioning estimates. Filtering can extract essential information from a signal and cast
aside most noise, minimizing error and potentially increasing accuracy [54]. It is often implemented
after the positioning engine calculates the estimated location of the tag, smoothing the overall trajectory.

The Kalman Filter is most often used due to its simplicity and easy implementation. It uses observed
readings over time to estimate state variables and their uncertainties in a continuous two-stage process
of prediction and correction [60]. Much success has been obtained in increasing accuracy in different
for various RF-based systems. The method proposed in [69] found that Kalman Filter can help suppress
RSSI signal drift and increase positioning accuracy in Bluetooth-based systems. The Kalman filter can
also be combined with other algorithms to better adapt to RSSI fluctuations and interference in the
indoor environment [70]. In UWB-based systems, the use of Kalman Filters can decrease the volatility
of distance data under NLOS conditions and stabilize position estimation [67].

However, the Kalman Filter may still produce errors sincewhen the observed readings have high
noiseare very noisy [68]. As the standard Kalman Filter operates on linear constraints, some have
proposed alternative filters to account for non-linear movement. In lieu of fingerprinting, [30] proposed
an RSSI-based positioning system augmented by an Extended Kalman Filter that recursively processes
incoming non-linear data from Bluetooth beacons. The Extended Kalman Filter has also been employed
in hybrid positioning schemes as a central facilitator, processing readings from both schemes for
tracking [58].

Particle filtering is another technique that is filters are also being explored as an alternative in Wi-Fi-
based systems. They are ideal for solving non-linear and non-Gaussian estimation problems via Monte-
Carlo sampling [48], and havehas the capacity to incorporate data from other sources. The proposed
fusion framework in [56] utilizes particle filters in integrating supplementary data with RSSI readings
from WLAN access points. Its performance was found to be comparable to a Kalman Filter when only
using RSSI, but with the addition of accelerometer data and map information, the integrated framework
outperformed Kalman Filter in simulations. The system described in [11] combines RSSI with an
inertial navigation system and garnered a significant improvement in accuracy.

Filtering can be a significant aid in smoothing the trajectories of assets in motion. This, however, is at
most a mitigation of noise encountered as the targetasset moves and can occasionally fail under
particularly bad conditions. Therefore, while it may not be a complete solution to address the subpar
positioning accuracy, it can be used in conjunction with other innovations to improve performance.

2.5.3.  Machine Learning

The success of software augmentation in RTLS is highly dependent on the conditions of the location
and often requires much tenuous manual fine-tuning in order to achieve adequate positioning accuracy.
Traditional solutions that use approximations schemes may not be robust enough and have to be
manually programmed. Machine Learning solutions have garnered much attention as they can automate
this fine-tuning process by training models to perform highly specific tasks using data collected on-site
and training specialized models (Fig. 2.8). Much of the research that has been conducted centers on
using Machine Learning towards improving positioning accuracy across the different communication
technologies.

Fig. 2.8

Machine Learning Model Development Process
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Using machine learning for the mitigation of NLOS signals in RF systems has gained significant
attention. In UWB-based RTLS, machine learning models can be trained to identify LOS and NLOS
signals prior to the estimation stage so that the positioning engine can prioritize choosing better quality
signals [43]. The classification method has also been shown to improve accuracy when deployed in an
industrial environment [25], and can be extended to further identify multipath signals [35]. A Bluetooth
equivalent in [49] employed clustering to identify direct and attenuated signals before using Boosted
Decision Trees to predict the tag’s current position in lieu of fingerprinting. Regression methods are
also being explored such as the gaussian process-based algorithm proposed in [62].

There have also been studies that use machine learning to replace, improve or extend the positioning
engine. The K-Nearest Neighbor model proposed in [17] takes in pre-processed RSSI signals to classify
the target’s location into different blocks. [16] conducts fingerprinting and makes use of a Gaussian
Process Regressor to determine the exact obtain a more accurate position of the target. Multiple
machine learning models can also be chained to extend or combine different locations or buildings, as
shown in [50] where the proposed system is able to identify the target’s building and floor the target is
in through multiple machine earninglearning classifiers.

The variety of models presented in this section have been tested across different technologies and
environmental conditions. It can be said that there is currently no single fully effective machine learning
solution or algorithm, and some discretion and insight is necessary when selecting an algorithm for each
location. For these solutions to be deployed in RTLS, there are additional challenges that need to be
considered. Machine learning models perform well on the condition that they are trained using
sufficient good quality data, so there is an increased significance in collecting a potentially massive
amount of data for model training. While crowdsourcing may be possible for public locations, the
factory floor provides various levels of access to personnel and would require a dedicated and qualified
team to collect, gather, and analyze data. Depending on the location and the application requirements,
the process can become tenuous and costly in terms of time and manpower.

2.5.4.  Deep Learning

As a specific subset of machine learning algorithms focusing on neural networks, Deep Learning aims
to solve tasks by mimicking the human thought process. These models are currently popular in fields
such as computer vision, natural language processing, and bioinformatics. However, in order to achieve
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such performance, deep learning models require vast amounts of data to generalize and learn from and it
is a major challenge to obtain properly labelled datasets [63].

It is perhaps for this reason that recent research has proposed to combine these algorithms with
fingerprinting approaches. Like Deep Learning, fingerprinting also requires a large amount of data to be
gathered during the offline phase to build the database to be used during the localization step where the
database for the localization step is built [29]. Unlike other fields where labelled data may be scarce, the
collected fingerprints are inherently labelled since they are typically taken from pre-determined
reference points. With an ideal dataset to use for training, it is possible orfor Deep Learning models to
address the complexity and diversity of the positioning environment [34].

Most of the research on Deep Learning models for positioning focus on Wi-Fi and Bluetooth, as they
commonly utilize fingerprinting approaches. DeepFi trained a probabilistic generative model to learn
the weights of the reference locations based on Channel State Information (CSI) [57]. A greedy learning
algorithm was used to train the network layer-by-layer during the offline phase, and the location of the
tag was determined via probabilistic methods based on the learned weights stored in the fingerprinting
database. The resulting architecture yielded average errors of 0.94m and 1.80 m1.80m in a living room
and laboratory environment respectively, outperforming traditional fingerprinting schemes, namely the
CSI-based FIFS [61] and the RSSI-based Horus [64].

Deep Learning also presents the possibility of using temporal neural networks, which can learn patterns
by taking in inputs over a period of time. Such models like the Recurrent Neural Networks (RNNs) are
able to analyze temporal dynamic behaviors and trends [10]. Often used in video summarization and
sentiment classification, this architecture has gained some attention in tracking personnel and mobile
assets. The Bluetooth-based implementation in [18] makes use of an ANN-CNN model to track patients
and staff in a hospital. Data comprising of RSSI values from the installed nodes was collected during
the training phase and turned into grayscale image maps with pixels of varying intensities signifying the
RSSI levels of the different nodes. With these images serving as the fingerprinting database, the model
was able to predict which room or zone the wearer is in with 99.99% accuracy, outperforming the
traditional method of RSSI thresholding and triangulation. RecTrack-GAN [4] presents an RSSI-based
implementation using RNN to learn human movement and predict the position based on RSSI and
additional sensors.

As previously mentioned, there is a sense of compatibility between Deep Learning, which requires vast
amounts of labelled data to achieve high accuracy, and Fingerprinting-based approaches, which collects
data during the offline training phase. Both methods need a vast amount of data to yield accurate
results, and one possible disadvantage to using them in tandem is the compounded burden on data
collection. Some studies have therefore tried to employ Generative Adversarial Networks (GANs) to
reduce the data collection cost. In the context of computer vision, the GAN framework involves training
two models in tandem: a Generator tasked to create images that look like a provided image dataset and a
Discriminator that discerns whether a given image is from the dataset or a fake from the Generator [14].
The training algorithm alternates between the Discriminator and the Generator until the former is unable
to differentiate between the real and generated samples, which results in a Generator capable of
producing realistic samples.

The Wi-Fi-based AF-DCGAN [33] is a modified version of Deep Convolutional GAN [45] capable of
generating amplitude feature maps of fingerprinting data. CSI is collected from reference points and the
dataset is then converted into amplitude feature maps. As the feature maps are saved as images, the
problem then becomes vision-based, and an AF-DCGAN is then trained to generate additional
amplitude feature maps to augment the partial database formed from the collected data. During the
localization step, another Deep Learning model is then trained to classify location based on the given
feature map image. The model outputs the best four predictions, and the location of the tag is inferred to
be in the center. WTFGAN is an improved version of AF-DCGAN that generates more diverse samples
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by modifying the CSI feature map input via complex wavelet transform [32]. A similar approach is done
for RSSI readings with RecTrack-GAN, where a trained GAN is used to generate data when there are no
new measurements received [4].

2.6.  Conclusion
The addition of RTLS into the IIOT environment of Smart Manufacturing can provide not only accurate
asset tracking, but also additional benefits for parts inventory, tool management, and personnel
supervision. Tracking parts can help optimize purchases and avoid wastage, reducing costs and
increasing earnings. Monitoring of tools and machinery can enable predictive maintenance and save
time locating missing tools or waiting for broken down machinery to come back online. For personnel,
the RTLS can act as access control and an extra safety feature by restricting access to tools and
locations to qualified employees. In a larger scale, the RTLS can help in optimizing workflow, identify
production bottlenecks and connect to other IoT systems in the factory for additional features.

However, RTLS face certain challenges prior to widespread adoption in industrial areas. Factories and
manufacturing areas have an abundance of metallic equipment, moving parts and personnel,
electromagnetic noise and possible interference from other wireless devices. This exacerbates the
inherent problem of signal attenuationdue to the multipath signal phenomenon experienced in all
locations, which hampers accuracy. ThisThese issues, combined with the potentially high
instalmentinstallation and maintenance cost of RTLS, can dissuade potential companies from adopting
them employing RTLS into their locations.

Progress continues to be made to address the current shortcomings of RTLS and is mostly geared
towards improving accuracy and increasing return on investment. There is a general trend of increasing
the intelligence of both the tags and the central system through additional hardware sensors and
hybridization. The further exploration of machine learning and deep learning solutions holds promise as
devices gain more computing power and more data becomes available through the digitalization process
in Industry 4.0.
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